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Abstract

This thesis investigates approaches for determining the 3D orientation of vehicles from 2D

images, a key challenge in computer vision with applications across robotics, autonomous

driving, and maintenance support. Two main methodologies were explored: a Siamese

neural network and a Deep Convolutional Neural Network (DCNN) approach, each tested

across varied dataset configurations. The Siamese network was implemented with VGG

and ResNet architectures, achieving a peak accuracy of 95.8% using VGG16 on RGB im-

ages without background. However, the ResNet configurations in this approach showed

lower performance, potentially due to dataset limitations and overfitting. The second ap-

proach employed DCNN models with both ResNet and EfficientNet architectures, system-

atically evaluating combinations of original and augmented dataset variations. ResNet152

achieved the highest accuracy of 96.39% on augmented RGB images without background,

demonstrating superior robustness and adaptability to data variations. EfficientNet B2

also performed well, but overall, the ResNet models exhibited more consistent results

across scenarios. The results underscore the effectiveness of DCNN architectures, par-

ticularly ResNet, for orientation inference tasks, indicating their resilience and accuracy

across diverse data conditions. Future work will explore sensor fusion techniques to in-

tegrate additional data sources, such as LiDAR or radar, with RGB images to further

enhance vehicle orientation detection accuracy. This research contributes to advancing

3D object orientation detection methods and highlights promising avenues for continued

innovation in computer vision applications.

Keywords: Computer Vision, Siamese Networks, DCNN.
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Resumo

Esta tese investiga abordagens para determinar a orientação 3D de veículos a partir de

imagens 2D, um desafio central na visão computacional com aplicações em robótica, di-

reção autônoma e suporte à manutenção. Foram exploradas duas metodologias princi-

pais: uma rede neural Siamese e uma abordagem com Rede Neural Convolucional Pro-

funda (DCNN), cada uma testada em diferentes configurações de conjunto de dados. A

rede Siamese foi implementada com arquiteturas VGG e ResNet, atingindo uma precisão

máxima de 95,8% ao usar VGG16 em imagens RGB sem fundo. No entanto, as configu-

rações ResNet nesta abordagem apresentaram desempenho inferior, possivelmente devido

a limitações no conjunto de dados e sobreajuste. A segunda abordagem utilizou modelos

DCNN com arquiteturas ResNet e EfficientNet, avaliando sistematicamente combinações

de variações do conjunto de dados originais e aumentados. A ResNet152 obteve a maior

precisão, de 96,39%, em imagens RGB aumentadas sem fundo, demonstrando maior ro-

bustez e adaptabilidade às variações de dados. Embora a EfficientNet B2 também tenha

apresentado bons resultados, as redes ResNet exibiram resultados mais consistentes nos

diferentes cenários. Os resultados destacam a eficácia das arquiteturas DCNN, em partic-

ular ResNet, para tarefas de inferência de orientação, indicando sua resiliência e precisão

em condições diversas de dados. Futuros trabalhos explorarão técnicas de fusão de sen-

sores para integrar fontes adicionais, como LiDAR ou radar, com imagens RGB para

aumentar ainda mais a precisão na detecção de orientação de veículos. Esta pesquisa

contribui para o avanço dos métodos de detecção de orientação de objetos 3D e destaca

caminhos promissores para inovações contínuas em aplicações de visão computacional.

Palavras-chave: Computer Vision, Siamese Networks, DCNN.
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Chapter 1

Introduction

In recent years, computer vision has emerged as a transformative field within artificial

intelligence (AI), providing machines with the ability to interpret and analyze visual in-

formation at a level approaching human understanding. This field has broad applications,

ranging from cybersecurity and healthcare to industrial manufacturing and quality con-

trol [1]–[4]. As computer vision tasks like image classification and object detection have

become increasingly sophisticated, they now play an integral role in automated processes

across industries, streamlining tasks that involve visual data processing [5].

A cornerstone of recent advancements in computer vision is the development of Con-

volutional Neural Networks (CNNs), which have revolutionized feature extraction and

pattern recognition within images. CNNs achieve remarkable accuracy in identifying

complex structures and patterns by processing visual data through layered convolutional

and pooling operations. This capability has made CNNs essential in fields requiring pre-

cise visual interpretation, particularly for tasks in manufacturing, where they are utilized

to detect defects and maintain high quality in assembly lines [6], [7].

Beyond object detection, a more complex challenge in computer vision is the estima-

tion of object orientation and spatial positioning from 2D imagery. This capability is

essential in applications such as autonomous driving, where understanding an object’s

orientation can be critical for decision-making and navigation [8], [9]. Orientation estima-

tion requires models that can not only recognize objects but also interpret their spatial

1



arrangement, alignment, and rotation within the scene [10]. In the manufacturing sector,

particularly within the context of Industry 4.0, these capabilities are increasingly relevant

as augmented reality (AR) and virtual reality (VR) systems are deployed to support hu-

man operators. For example, AR-based quality control systems can overlay visual cues

on real-world objects, assisting inspectors in identifying uninspected areas or misaligned

components on car assembly lines [11], [12].

Research into orientation estimation has explored numerous techniques, including

methods that estimate 3D positions using a single 2D camera to create low-cost, practical

solutions for tasks like bin-picking in robotics and object tracking in autonomous systems

[13]–[16]. Such methods have also led to innovations in single-camera systems that en-

hance depth perception and spatial awareness by using specialized techniques like inverse

perspective mapping to project 2D images onto a bird’s-eye view [17]. These innovations

underscore the growing importance of computer vision for applications requiring spatial

accuracy without the expense of 3D cameras or multi-camera setups.

This project, conducted during a research fellowship offered by the Polytechnic In-

stitute of Bragança, aligns with these advancements by contributing to the development

of computer vision models capable of accurately estimating the 3D orientation of vehi-

cles based on 2D images. Such capabilities are vital in AR applications within Industry

4.0, where efficient and precise orientation estimation can significantly enhance the op-

erational accuracy and effectiveness of quality control inspections. Through leveraging

state-of-the-art methodologies, this research aims to support the broader goals of Indus-

try 4.0 by enabling real-time, AR-driven quality inspection tools that streamline and

optimize the manufacturing process.

1.1 Objectives

The primary objective of this research is to develop and refine computer vision models ca-

pable of accurately estimating the 3D orientation of vehicles from 2D images, with a focus
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on improving quality control processes in manufacturing. This project explores and evalu-

ates two key neural network architectures—the Siamese network with triplet loss learning

and Deep Convolutional Neural Networks (DCNNs)—to identify optimal configurations

for orientation estimation accuracy in AR-based inspection systems. By achieving these

objectives, this project aims to support Industry 4.0 initiatives by integrating precise,

real-time orientation detection into AR applications, thus enhancing inspection efficiency

and accuracy on the assembly line.

1.2 Structure

Following this chapter, Chapter 2 discusses recent advancements in computer vision and

orientation estimation, providing a bibliometric analysis of approaches relevant to this

research. Chapter 3 details the methodology used in this work, describing the datasets

applied in both experiments and the specific procedures undertaken for each. Chapter 4

presents the results obtained, along with a comparative evaluation of the two experiments

conducted in this study. Finally, Chapter 5 concludes the dissertation by summarizing

the research contributions, proposing directions for future work.
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Chapter 2

Bibliometric Analysis

Object detection is fundamental to Computer Vision (CV) applications, serving as a cru-

cial enabler for numerous downstream vision tasks [18]. Within this domain, 3D object

detection enhances our understanding and interaction with the physical world by auto-

matically detecting and recognizing objects in three-dimensional space. This technology

has widespread applications, including autonomous vehicles [19], robotics [20], AR [21],

VR [22], and medical imaging [23]. To objectively assess the research landscape of 3D ob-

ject detection, a bibliometric analysis has been conducted [24]. By quantifying publication

patterns, citation networks, and trends, bibliometric analysis provides valuable insights

into the progression and impact of this scientific field. The findings of this study offer

numerous benefits such as identifying the main active entities, the most influential doc-

uments, and the most relevant themes, thereby aiding in prioritizing research directions

and understanding current trends.

The bibliometric analysis was conducted through a structured science mapping work-

flow consisting of five phases. The process began with the study design phase, where the

research questions were defined, and the Scopus database was selected as the primary

source for retrieving publication metadata due to its robust multidisciplinary scope and

versatility for information systems research [25], [26]. Using Scopus, a targeted keyword

search was performed, starting with “3D object,” which initially returned over 83,000

results. To refine this, filters were applied to limit results to the years 2022–2023 and

5



to English-language documents, reducing the dataset to 8,955 entries. To further narrow

the focus, “object detection” was added as a second keyword, yielding 1,457 documents

comprising conference papers, journal articles, reviews, book chapters, and a data pa-

per—all of which were retained to broaden the research scope. In the data collection

phase, the results were exported as a .bib file from Scopus, which enabled subsequent

data analysis in the third phase. This analysis phase involved a two-step approach: (a)

descriptive data analysis, including the exploration of author networks, affiliations, and

keyword frequency using Bibliometrix, and (b) structural analysis, which examined the

conceptual, intellectual, and social dimensions of 3D object detection research. In phase

four, visualizations were created to represent these structures, followed by the interpreta-

tion phase, which concluded the workflow. This comprehensive analysis not only mapped

the current landscape but also provided a foundation for identifying advanced techniques

and promising areas for future research in the field.

2.1 Descriptive Analysis

This section provides a comprehensive analysis of key contributors and trends in 3D object

detection research. It begins with an overview of the most prolific authors, as shown in

Table 2.1, which lists the top 10 authors based on their publication counts since 2022. LI

Y stands out as the most active author, with 45 publications, followed closely by LI X

and LIU Y, each contributing 41 articles.

Despite the high number of authors in the field, only a small fraction has published

more than 10 articles, as indicated in Table 2.2, where 98.7% of the 3,739 authors have

10 or fewer publications.

Moving from productivity to impact, Table 2.3 ranks authors by their local H-index,

a measure of influence, with LI H and LI J leading with a score of 7, highlighting their

notable impact through widely cited publications.

Institutional contributions were also assessed, with Tsinghua University emerging as

the leading institution with 75 publications, nearly double that of the second-ranked

6



Table 2.1: The Top 10 Authors based on the number of contributions

Authors Number of Articles
LI Y 45
LI X 41

LIU Y 41
LI J 40

WANG Y 38
ZHANG Y 38

LI Z 35
CHEN Y 33

ZHANG X 32
LI H 30

Table 2.2: Authors with 10 publications or less

Number Of Publications Number Of Authors Percentage Of Authors
10 11 0.003
9 19 0.005
8 18 0.005
7 24 0.006
6 47 0.012
5 46 0.012
4 80 0.021
3 173 0.046
2 436 0.115
1 2892 0.762

Table 2.3: Author’s local impact based on their H-index

Authors Local H-index
LI H 7
LI J 7
LI X 6
LI Y 6

CHEN Y 5
LI Z 5

LIU Y 5
WANG H 5

ZHANG Y 5
CHEN X 4
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Shanghai Jiao Tong University, as displayed in Figure 2.2. Figure 2.1 further details

these affiliations, linking them to prominent authors and their respective countries. To

understand thematic trends, a frequency analysis of keywords was conducted, excluding

core search terms like "object detection" and "3D object detection."

Figure 2.1: Three Flied Plot Of Affiliations And Their Corresponding Countries And
Notable Authors

Figure 2.3 visualizes the 50 most frequent keywords, where "Deep Learning (DL)"

appears prominently, reflecting its significance in this research area. Table 2.4 lists the

top 10 keywords, revealing a focus on topics such as autonomous driving, point clouds,

and LiDAR technologies.
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Figure 2.2: Most relevant affiliations

Figure 2.3: Word Cloud Of The 50 Most Frequent Author’s Keywords
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Table 2.4: 10 most frequent author’s keywords

Author’s Keywords Occurrences
deep learning 191

autonomous driving 117
point cloud 109

LiDAR 72
categorization 68

computer vision 63
three-dimensional displays 53

point clouds 44
segmentation 41

point cloud compression 38

2.2 Conceptual Structure

The conceptual structure of the field was analyzed using co-word analysis, leveraging the

authors’ keywords to uncover relationships and organize themes. This analysis began

by identifying underlying connections between keywords through hierarchical clustering,

which is a useful method for detecting and examining intricate structures within biblio-

metric data [27]. The clustering results, shown in Figure 2.4, reveal two primary thematic

clusters. The first cluster emphasizes relationships between segmentation and CV algo-

rithms, covering areas such as visual reasoning, object recognition, understanding, and

scene modeling. The second cluster features multiple branches, highlighting broader inter-

ests within the field. Terms like detection, recognition, and retrieval link to key applica-

tions in autonomous driving and robot vision. Object tracking shows a strong association

with point cloud compression techniques, often paired with laser radar and camera detec-

tors. Other important strands include task analysis for object tracking, three-dimensional

displays, and feature extraction techniques.

Additionally, autonomous vehicles and transformers are associated with two main ar-

eas within this cluster: (1) sensor fusion and instance segmentation within autonomous

driving, where point clouds are used for depth estimation, semantic segmentation, and

3D detection, and (2) machine learning for classification, covering CV combined with
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attention mechanisms, 3D construction, and detection. Keywords like recognition, un-

derstanding, and segmentation also connect to robotics research, where they correlate

with categorization and 3D CV, further demonstrating the diversity and depth of themes

in the field. The thematic relevance of each concept was further assessed through a bi-

dimensional matrix based on centrality and density, as shown in Figure 2.5. Centrality

measures a theme’s significance within the field, while density indicates the theme’s level

of development [28]. In this map, themes are categorized into four groups. Basic themes,

with high relevance but lower development, include "deep learning (DL)," "point cloud,"

and "LiDAR." Motor themes, which are both highly relevant and well-developed, are tied

to concepts like autonomous driving and 3D displays, while some motor themes have high

development with relatively less relevance, associated with categorization, segmentation,

and image recognition. Niche themes, which are highly specialized but less central to the

field, include terms like "recognition: detection," "retrieval," and "3D for multi-view and

sensors." Finally, emerging or declining themes show low relevance and low development,

covering topics like "segmentation and categorization" and "deep learning for visual per-

ception." This thematic map provides an organized view of the field’s current research

directions and reveals potential areas for future exploration.

11



Figure 2.4: Topic dendrogram
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Figure 2.5: Thematic map based on keywords plus
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2.3 Intellectual Structure

The intellectual structure of the field was looked into through a co-citation network,

which identifies the interrelationships among key documents based on their co-citation

patterns. As illustrated in Figure 2.6, this network represents 40 of the most frequently

co-cited documents in the dataset, with each node corresponding to a single publication.

Two primary metrics—betweenness centrality and closeness centrality—were employed

to assess the influence of these documents within the network. Betweenness centrality

identifies influential documents that serve as bridges, facilitating information flow between

different areas of research, while closeness centrality highlights documents that occupy

central positions, meaning they are well-connected and influential in spreading research

insights [29].

Figure 2.6: Co-citation Network

Table 2.5 and Table 2.6 list the top 10 documents based on betweenness and closeness

centrality, respectively. The document by He et al. (2015), titled Deep Residual Learning

for Image Recognition, stands out as particularly influential, ranking highest in both

betweenness and closeness centrality. This dual prominence suggests that it not only

bridges diverse research clusters but also holds a central, impactful role across the network.
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Similarly, Mousavian et al. (2016) and Ren et al. (2015) rank highly in both metrics,

reinforcing their influence as foundational works within the field. Lin et al. (2017), which

focuses on focal loss for dense object detection, holds significant betweenness (ranked

third in Table 2.5), serving as an essential intermediary. However, its lower closeness

ranking (eighth in Table 2.6) implies it is less central in direct co-citation connections.

On the other hand, Redmon et al. (2016), known for the You Only Look Once (YOLO

framework, ranks fourth in closeness and ninth in betweenness, indicating a more central

position within the network without primarily acting as a bridge. ocuments with high

values in either centrality metric play essential roles within the intellectual structure of 3D

object detection research. Those with high betweenness centrality are pivotal in linking

different research areas, while those with high closeness centrality have broad influence

across the network due to their centrality in co-citation relationships. Together, these

findings provide insight into both the foundational and bridging contributions shaping

this domain.

Table 2.5: 10 most influential documents based on Betweenness

Document Betweenness
deep residual learning for image recognition (2016) 112.0900843655272
3d bounding box estimation using deep learning and
geometry (2017)

33.62872504593668

focal loss for dense object detection (2017) 32.51851645291224
faster r-cnn: towards real-time object detection with
region proposal networks (2015)

31.17696480721507

monocular 3d object detection for autonomous driving
(2016)

29.91871834524591

fast r-cnn (2015) 29.58210081363794
stereo r-cnn based 3d object detection for autonomous
driving (2019)

25.3528614719085

monocular 3d region proposal network for object de-
tection (2019)

20.72914842468325

you only look once: unified real-time object detection
(2016)

18.79331822180182

are we ready for autonomous driving? the kitti vision
benchmark suite (2012)

13.65817125956712
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Table 2.6: 10 most influential documents based on Closeness

Document Closeness
deep residual learning for image recognition (2016) 0.0196078431372549
3d bounding box estimation using deep learning and
geometry (2017)

0.0196078431372549

monocular 3d region proposal network for object de-
tection (2019)

0.0196078431372549

faster r-cnn: towards real-time object detection with
region proposal networks (2015)

0.01886792452830189

you only look once: unified real-time object detection
(2016)

0.01886792452830189

fast r-cnn (2015) 0.01886792452830189
monocular 3d object detection for autonomous driving
(2016)

0.01886792452830189

focal loss for dense object detection (2017) 0.01886792452830189
rich feature hierarchies for accurate object detection
and semantic segmentation (2014)

0.01886792452830189

mask r-cnn (2017) 0.01886792452830189

2.4 Social Structure

The social structure of the 3D object detection research field was analyzed by examining

the frequency and patterns of international collaborations, revealing the interconnected-

ness of research efforts across nations. As depicted in Figure 2.7, the country collaboration

map highlights the document production volume by country, where darker colors indicate

higher publication output. Links between countries illustrate collaborative networks, re-

flecting the active partnerships that drive research progress. Table 2.7 further quantifies

these collaborations, listing the origin country of each document alongside the partner

country and the frequency of their joint efforts.

In this section, the authors sought to uncover the frequency of collaboration between

countries. This analysis gives a clear image of the research landscape by showcasing the

most frequent collaborations. Figure 2.7 is a country collaboration map. The darker the

color of a country the more documents it has produced and the links between the countries

depict the network of collaborations. To further quantify the alliances between nations,

Table 2.7 displays the origin country of a document (From column) and the country with
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which the collaboration took place along with the frequency of collaboration.

Figure 2.7: Country collaboration map

China emerges as the most active country in terms of collaborations, a fact previously

mentioned in Section 2.1 where it was observed that a substantial number of the highest

document-producing affiliations were Chinese. Notably, China’s primary collaborations

involve Hong Kong and the USA, with 38 and 34 collaborations, respectively. However,

when considering collaborations with other countries like Canada, the UK, Germany,

Australia, and Japan, the number ranges from 10 to 22 collaborations. For the USA,

the highest number of collaborations is with Germany, with a total of 9 joint projects.

China stands out as the most collaborative country, aligning with findings in Section 2.1,

where Chinese institutions were identified as leading contributors to the field. China’s top

partnerships are with Hong Kong and the USA, with collaboration counts of 38 and 34,

respectively. Beyond these, China engages actively with Canada, the United Kingdom,

Germany, Australia, and Japan, with collaboration frequencies ranging from 10 to 22.

The USA, while frequently partnering with China, also shows strong collaboration with

Germany, accounting for nine joint publications. This analysis underscores the role of

international collaboration in advancing research in 3D object detection, with China and

the USA as central players facilitating cross-border knowledge exchange.
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Table 2.7: 10 Highest Country Collaborations

From To Frequency of Collaboration
CHINA HONG KONG 38
CHINA USA 34
CHINA CANADA 22
CHINA UNITED KINGDOM 21
CHINA GERMANY 20
CHINA AUSTRALIA 18
CHINA JAPAN 10
CHINA KOREA 9

USA GERMANY 9
CHINA SINGAPORE 8

2.5 In-Depth Paper Review and Analysis

For a deeper understanding of the field, eight papers were selected from the initial batch

of scientific content identified at the start of the study. The selection process began by

reviewing the titles and abstracts of the papers, and from this preliminary screening,

only a select few captured the authors’ interest and were chosen for a thorough reading.

These eight papers introduce a range of innovative approaches to 3D object detection,

demonstrating effectiveness across multiple dimensions. They cover the datasets used to

train the algorithms within these approaches and address key issues considered in their

development.

Ruan et al. [30] present GNet, an innovative Geometry-Aware Network designed for 3D

object detection using sparse point clouds. GNet leverages prior geometric information to

enhance regression performance and detection accuracy. The network architecture inte-

grates PointNet blocks for voxel-wise feature extraction, a 3D voxel convolutional neural

network for proposal generation, an FPN block to produce high-resolution feature maps,

and an OS-loss, combining ODIoU and Smooth-L1 losses, to optimize regression. GNet

was evaluated on the KITTI dataset for both 3D object detection and Bird’s Eye View

detection, where it demonstrated superior accuracy over existing methods, particularly in

detecting cyclists, while maintaining competitive inference speeds.
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The next paper, by Yang et al. [31], introduces Mix-Teaching, a semi-supervised learn-

ing framework aimed at enhancing monocular 3D object detection performance. This

framework addresses the challenge of extracting 3D information from 2D images, a limi-

tation that often reduces the precision and recall of current state-of-the-art monocular 3D

detectors. Mix-Teaching tackles this by decomposing unlabeled samples into high-quality

predictions and background images, which are then recombined to train a student model.

Tested on the KITTI and nuScenes datasets, Mix-Teaching demonstrated superior accu-

racy, achieving state-of-the-art results on both benchmarks and validating its effectiveness

in semi-supervised monocular 3D object detection.

The following study, by Wen and Cho [32], presents a novel approach for reconstruct-

ing 3D scenes with object awareness from a single 2D image. Their method comprises an

initial estimation stage followed by refinement, aimed at estimating camera parameters,

layout bounding boxes, 3D object bounding boxes, and object shapes. To achieve more

complete and accurate meshes, the approach introduces a multitask learning-based mesh

reconstruction network with two decoders—Local Deep Implicit Functions (LDIFs) and

point cloud. Additionally, a depth-feature generation network addresses scale ambiguity,

enhancing depth information in the refinement stage. This method achieved superior per-

formance on the SUN RGB-D and Pix3D datasets across tasks such as layout estimation,

camera pose estimation, 3D object detection, and mesh reconstruction, underscoring its

effectiveness in object-aware 3D scene reconstruction from single 2D images.

Another study, by Chen et al. [33], introduces a new deep architecture, MSL3D, for 3D

object detection in self-driving applications. MSL3D integrates data from multiple sen-

sors—monocular cameras, stereo systems, and LiDAR—to achieve accurate and reliable

object detection. To address the challenge of aligning feature extraction regions across

different data types, the authors developed a 2D set abstraction method that unifies the

feature extraction regions for image and point cloud data. Additionally, they implemented

a two-stage detection framework: the first stage uses LiDAR data alone to generate high-

recall proposals, while the second stage refines box predictions and confidence scores by

fusing image and point cloud data. Evaluated on the KITTI 3D object detection dataset,
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MSL3D demonstrated superior performance over other LiDAR-only and LiDAR-Camera

fusion methods, underscoring the benefits of multi-sensor integration in enhancing 3D

object detection for autonomous driving.

In another study, Beacco et al. [34] proposed a method for automatically reconstructing

3D objects from frontal RGB images, specifically focusing on guitars. Their approach uses

sequential weak classifiers for segmentation and classification, enabling differentiation

between frontal and non-frontal views and between electric and classical guitars. The 3D

reconstruction is achieved by warping depth and normal renders of a 3D template to fit

the reconstructed silhouette. Evaluated on standard metrics, the method proved effective

in producing realistic 3D guitar models, with potential applications in virtual reality,

using their proprietary dataset. The study also addresses challenges like concavities and

occlusions, with results that are competitive with existing approaches.

A further study by Li et al. [35] introduces a novel approach for feature fusion between

dense 2D images and sparse 3D points for multimodal 3D object detection in autonomous

driving. By transforming camera features into LiDAR 3D space, they created a homo-

geneous structure that aligns the two data types. Their method, called Homogeneous

Multi-modal Feature Fusion and Interaction (HMFI), includes three key components: a

Voxel Feature Interaction Module (VFIM) for semantic consistency, an Image Voxel Lifter

Module (IVLM) for converting 2D features into 3D, and a Query Fusion Mechanism

(QFM) for efficient feature integration. Evaluated on the KITTI and Waymo datasets,

HMFI demonstrated superior performance over existing methods, particularly excelling

in cyclist detection.

Another study by Mahmoud et al. [36] presents Dense Voxel Fusion (DVF), a method-

ology designed to tackle the challenges of training end-to-end fusion models that integrate

data from both camera and LiDAR sensors. DVF generates multi-scale dense voxel feature

representations, specifically enhancing performance in low point-density regions. Addi-

tionally, the authors introduced a novel multimodal training approach that employs pro-

jected ground truth 3D bounding box labels instead of relying on 2D predictions. DVF

achieved notable results, securing third place on the KITTI 3D car detection leaderboard
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and demonstrating significant performance improvements on the Waymo Open Dataset.

These results highlight DVF’s potential and emphasize the complementary roles of camera

and LiDAR sensors in 3D object detection.

In the final study, Shi et al. [37] propose a pioneering method for detecting 3D symme-

try from single-view RGB-D images without the need for explicit symmetry supervision.

This approach leverages a weakly-supervised network trained to complete shapes based

on expected symmetry. A key component of the method is a discriminative variational

autoencoder, which effectively learns the shape prior, enabling accurate shape comple-

tion. Evaluated on benchmark datasets such as ShapeNet and ScanNet, this method

demonstrated substantial improvements in F1-score over existing supervised learning ap-

proaches, underscoring its efficacy in 3D shape reconstruction.

Overall, this analysis offers valuable insights into the dominant trends, methodologi-

cal advancements, and emerging opportunities within 3D object detection research. By

mapping the field’s trajectory, this chapter serves as a guide for future studies, helping

researchers, practitioners, and policymakers prioritize research areas, foster international

collaborations, and explore impactful innovations in 3D CV.

To summarize, this chapter presents the main findings from the bibliometric analysis of

3D object detection research, identifying key contributors, influential institutions, major

themes, and recent advancements. LI Y emerged as the most prolific author with 45 pub-

lications, while LI H and LI J ranked highly in influence based on their H-index. Among

institutions, Tsinghua University led in output, followed by Shanghai Jiao Tong University,

both benefitting from China’s extensive global collaborations with the USA, Canada, the

UK, Germany, and Australia, underscoring China’s prominent role in this field. Thematic

analysis highlighted DL, autonomous driving, and point clouds as core topics, with point

clouds being integral for spatial precision in applications like robotics and autonomous ve-

hicles. Themes were categorized into basic, motor, niche, and emerging/declining groups,

with DL, point clouds, and LiDAR as foundational topics and autonomous driving and

3D displays as fast-developing areas. Influential bridging documents, such as those by He
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et al. [38] and Mousavian et al. [39], play central roles in co-citation networks. Addition-

ally, an in-depth review of selected papers showcased novel frameworks tackling specific

3D object detection challenges, including GNet’s geometry-driven precision [30], Yang et

al.’s semi-supervised 3D data extraction from 2D images [31], and Chen et al.’s two-stage

multimodal detection model [33], with the KITTI dataset widely used for training and

evaluation.
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Chapter 3

Methodology

This chapter begins by introducing the dataset used as a foundation for both experimental

approaches in this study. Following this, it delve into the first experiment, which employs

the Siamese network approach, detailing its architecture, training process, and its role in

addressing the primary objectives of the research. Lastly, it present the DCNN approach,

describing its structure, optimization techniques, and its intended contribution to the

study. Together, these sections provide a comprehensive overview of the methodological

framework, showcasing the comparative value and unique contributions of each approach

within the context of the research.

3.1 Dataset Definition

The dataset (Figure 3.1) was inspired by a public database available at 1. The database

comprises 20 meticulously curated sequences capturing cars undergoing complete 360-

degree rotations. Each sequence provides comprehensive coverage, with images spaced

approximately every 3-4 degrees, enabling detailed analysis of car orientation. The im-

ages were acquired using a Nikon D70 camera, positioned on a tripod at the Geneva

International Motor Show ’08. Employing a Nikkor 12-24mm DX f/4 lens, the method-

ology employed, ensured consistent focal length within each sequence, while allowing for
1https://www.epfl.ch/labs/cvlab/data/data-pose-index-php/
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variation across different sequences. Notably, manual focus settings were precisely config-

ured to approximate the hyperfocal distance, ensuring optimal image clarity and depth of

field throughout the image collection. The timestamps associated with each image facili-

tate precise calculation of the car’s rotation angle at any given moment, thereby enriching

the dataset’s utility for diverse applications in computer vision.

Figure 3.1: EPFL Multi-View Car Dataset

The dataset comprises 20 sequences capturing car rotations, varying in length from 75

to 170 frames. With a total of 2192 frames, the database offers ample data for analysis.

Images have a resolution of 376x250 pixels, providing adequate detail. Each sequence

covers a full 360-degree rotation, ensuring comprehensive coverage of car orientations.

To conduct the desired experiments, it was decided that identifying orientations be-

tween 0° and 340° with a 20° difference between the selected angles is enough. The first

operation conducted on the dataset was a simple visual exploration during which it was

discovered that in 2, out of the 20 sequences, the pod on which the car was placed, was

tilted. These sequences were discarded as they did not meet the requirements for the

experiment. After that, each sequence of the remaining 18 was ordered from 0° to 350°.

According to the official source, the images were taken 3 to 4 degrees apart, which resulted

in a thorough manual inspection of each sequence, reducing the number of images in each

to 36 and increasing the difference between images to 10°. The resulting images were

split into two batches: from 0° to 340° and 10° to 350° with a difference of 20°. Several

transformations were performed on the batch with even numbers, which was necessary for

the experiments conducted later on. The transformations included background removal

with the use of "rembg" 2, and random crops by using the "RandomResizedCrop" function
2https://github.com/danielgatis/rembg
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in Torchvision’s transforms package. Whether combined or individually, the application

of these modifications gave birth to the final versions of the dataset thanks to which it

will be possible to analyze and make comparisons about the behavior of the models to be

explored.

3.2 First Experiment: The Siamese Network Approach

The first experiment explores the Siamese network approach, beginning with an in-depth

description of the network architecture. This includes the design principles, structure,

and unique components that make the Siamese network suitable for the objectives of this

study. Following this, it discusses the approach used for training the network, detailing

the specific techniques and parameters applied to optimize performance.

The Siamese Neural Network architecture comprises two identical networks with shared

weights, each processing a different image. These shared weights enable the network to

discriminate between images by updating based on similarity or difference (Figure 3.2).

|d|

Figure 3.2: Representation of a Siamese Neural Network

Given that the dataset consists of images, the Siamese network utilizes CNNs for fea-

ture extraction, followed by a dense layer to output an embedding vector. This vector

reflects the input image’s characteristics, resulting in similar images producing closely
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spaced vectors, while different orientations yield more distant vectors. To train the net-

work for image similarity estimation, a triplet loss approach is used [40]. This loss function

employs triplets of input images: an anchor A (the target image), a positive sample P

(an image of the same orientation), and a negative sample N (an image of a different

orientation). The images are fed to the network simultaneously, and weights are updated

based on the triplet loss function, which computes the Euclidean distance between the

anchor, positive, and negative embeddings. The goal is to ensure that the distance be-

tween the anchor and positive is smaller than that between the anchor and negative by

a predefined margin, establishing the desired separation between similar and dissimilar

pairs (Equation 3.1).

L(A, P, N) = max(||f(A) − f(P )||2 − ||f(A) − f(N)||2 + margin, 0) (3.1)

The dataset of 324 images was divided into training and test sets, comprising 14 and

4 sequences, respectively. This resulted in 252 training images, which were grouped into

anchor, positive, and negative images, representing the current image, a same-orientation

image, and a different-orientation image (see Figure 3.3).

For each anchor A, a positive sample P (with the same orientation) was randomly

selected, and for each pair, 17 different orientations were chosen as negative samples

N . This yielded a total of 14 × 17 = 238 samples per orientation, and consequently,

18 × 14 × 17 = 4284 triplets were constructed. The algorithm was run twice, resulting in

8,568 triplets for training. With the training and test sets defined, the next step was to

optimize the Siamese network structure to achieve the best performance.

The objective of this experiment was to develop a model capable of inferring the 3D

orientation of a car using 2D RGB images, prioritizing both accuracy and effective data

processing. To optimize performance, four variations of the dataset were tested: full

RGB images, full grayscale images, RGB images with background removed, and grayscale

images without background (Figure 3.4).
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Figure 3.3: Set of anchor, positive, and negative images

Figure 3.4: Dataset variations: RGB, Grayscale, No background, and Grayscale without
background
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Figure 3.5: CNN architectures in the Siamese network for car orientation detection

The Siamese network for this experiment employed CNNs for feature extraction, specif-

ically testing VGG16, VGG19, ResNet18, and ResNet50 models [38], [41] (Figure 3.5).

Each CNN configuration (VGG16, VGG19, ResNet18, and ResNet50) was tested

across all four dataset variations, resulting in 16 distinct scenarios (Table 3.4). Hyper-

parameters for training were standardized, with a batch size of 64, 50 epochs, and an

Adadelta optimizer with a learning rate of 0.01 (Table 3.2). Training was conducted on

an NVIDIA GeForce RTX 3090 GPU.

Table 3.1: Test scenarios
VGG16 VGG19 Resnet18 Resnet50

RGB with background S1 S5 S9 S13
RGB without background S2 S6 S10 S14
Grayscale with background S3 S7 S11 S15
Grayscale without background S4 S8 S12 S16

Table 3.2: Model Parameters

Parameter Value
Batch size 64
Epochs 50
Learning rate 0.01
Optimizer Adadelta
Loss function Triplet margin loss

The evaluation was conducted using a test set with images not included in training.
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Figure 3.6: Siamese network testing process

Each test image served as an anchor (A) and was compared to 18 reference images, each

representing a different orientation class (T ) (Figure 3.6).

For each anchor image, the model compared 18 pairs—17 expected negatives and 1

positive. Embeddings were generated for each pair and used to calculate cosine similarity.

The pair with the highest similarity score determined the predicted orientation label.

If the predicted label matched the actual label, it was considered a ‘true’ prediction;

otherwise, it was classified as ‘false.’ These classifications defined True Positives (TP),

True Negatives (TN), False Positives (FP), and False Negatives (FN) in the confusion

matrix (Table 3.3).

Table 3.3: Confusion matrix
Actual positive Actual negative

Predicted positive TP FP
Predicted negative FN TN

Evaluation metrics included accuracy (Equation 3.2a), precision (Equation 3.2b), re-

call (Equation 3.2c), and F1 score (Equation 3.2d). Accuracy measured the proportion

of correct classifications, precision reflected the ability to minimize false positives, recall

indicated the model’s effectiveness in capturing all positive instances, and the F1 score

provided a balanced measure of precision and recall.

These metrics provided a comprehensive evaluation of the model’s performance across

the various scenarios, allowing for the identification of the optimal data preprocessing and
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network architecture combination.

Accuracy = TP + TN

TP + TN + FP + FN
(3.2a)

Precision = TP

TP + FP
(3.2b)

Recall = TP

TP + FN
(3.2c) F1 = 2 × Precision × Recall

Precision + Recall (3.2d)

3.3 Second Experiment: The DCNN Approach

The second experiment focuses on the DCNN approach. This section first outlines the

architecture of the DCNN model, providing insights into its design choices and layer con-

figurations. Next are discussed the training and evaluation methods employed, detailing

the strategies and metrics used to optimize and assess the model’s performance within

the experimental framework.

Figure 3.7: The 4 variations of the used dataset

As previously mentioned, two dataset versions were created: one containing the origi-

nal images and another with augmented images (Lines a and c in Figure 3.7). To expand

the range of experimental combinations, each of these versions was further modified to

remove the image backgrounds, resulting in a total of four dataset variations for use in this

experiment. Examples of these variations are shown in Lines (b) and (d) of Figure 3.7.

The combination of these four datasets with the seven chosen DCNN architectures led to
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a total of 28 distinct training scenarios, as illustrated in Table 3.4.

Table 3.4: Experiment Scenarios

ResNet18 ResNet50 ResNet101 ResNet152 EfficientNet B1 EfficientNet B2 EfficientNet B4

RGB with background S1 S5 S9 S13 S17 S21 S25
RGB without background S2 S6 S10 S14 S18 S22 S26
Augmented RGB with background S3 S7 S11 S15 S19 S23 S27
Augmented RGB without background S4 S8 S12 S16 S20 S24 S28

To ensure consistency across all scenarios, specific hyperparameters were maintained,

including a batch size of 8 and a training duration of 30 epochs. Training was conducted

using the Adam optimizer with a learning rate of 0.001. For evaluation, the test dataset

was also divided into four variations—RGB images with and without background, as

well as augmented RGB images with and without background. Each trained model was

evaluated on a corresponding test dataset version, ensuring consistency between training

and testing characteristics. The models were then tasked with classifying images into 18

orientations, as shown in Figure 3.8. The same performance metrics as those used in the

first experiment were applied here: accuracy, precision, recall, and the F1-score.

Figure 3.8: Testing Of The Different DCNN Architectures

In conclusion, this methodology chapter detailed the experimental framework for eval-

uating 3D object detection approaches using both a Siamese network and a DCNN. Be-

ginning with a description of the dataset and its variations, the architecture is outlined,

training, and evaluation processes for each approach. Consistent performance metrics,
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including accuracy, precision, recall, and F1-score, were used across both experiments

to ensure comparability and a comprehensive assessment. Together, these methodolo-

gies provide a solid foundation for analyzing the effectiveness and unique contributions

of each approach within the research. The next chapter will present the results of both

approaches, offering insights into their comparative performance and overall impact.
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Chapter 4

Results and Discussion

This chapter presents a detailed analysis of the performance outcomes for both the Siamese

network and DCNN approaches used in this study. By applying the consistent set of

metrics outlined in the methodology chapter, we assess the accuracy, precision, recall, and

F1-score of each approach across the various dataset configurations. This chapter begins

by examining the results of the Siamese network approach, followed by the performance

analysis of the DCNN model. Comparative insights are drawn to highlight the strengths

and limitations of each approach, providing a comprehensive view of their effectiveness in

3D object detection.

4.1 Siamese Network Approach

The results of the first experiment, which evaluated the Siamese network approach, were

obtained through 16 distinct scenarios to assess the effectiveness of the model across

different dataset variations. The test set consisted of 72 images, with 4 images per each

of the 18 classes, and each model was evaluated on a test set matching the characteristics

of its training dataset.

For each scenario, a confusion matrix was generated, and the values for accuracy,

precision, recall, and F1-score were computed (Table 4.1).
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Table 4.1: The Evaluation Metrics Values For Each Combination
Accuracy Precision Recall F1

RGB

VGG16 0.91667 0.93333 0.91667 0.91711
VGG19 0.81944 0.83333 0.81944 0.81429
ResNet18 0.59722 0.68426 0.59722 0.57093
ResNet50 0.26389 0.15355 0.26389 0.18335

Grayscale

VGG16 0.90278 0.92897 0.90278 0.89530
VGG19 0.80556 0.82156 0.80556 0.79503
ResNet18 0.68056 0.80073 0.68056 0.66889
ResNet50 0.25000 0.17417 0.25000 0.19252

RGB no Background

VGG16 0.95833 0.96667 0.95833 0.95767
VGG19 0.88889 0.90278 0.88889 0.88690
ResNet18 0.76389 0.82765 0.76389 0.74604
ResNet50 0.43056 0.43735 0.43056 0.39510

Grayscale no Background

VGG16 0.95833 0.96667 0.95833 0.95767
VGG19 0.88889 0.91296 0.88889 0.88474
ResNet18 0.80556 0.83452 0.80556 0.80332
ResNet50 0.37500 0.47526 0.37500 0.36827

The VGG16 model consistently outperformed others across all data variations, achiev-

ing the highest accuracy (95.83%) and F1-score (95.76%) on RGB images without back-

ground, and scoring 91.66% accuracy and 91.71% F1 on RGB images with background.

VGG19 followed closely in this latter category, but with results around 10% lower. The

ResNet models showed significantly lower performance, with ResNet18 achieving 59.72%

accuracy and 57.09% F1, and ResNet50 scoring as low as 26.38% accuracy and 18.33%

F1. Grayscale images with background showed a slight decrease (1-2%) in performance

metrics across models.

Notable improvements were observed for RGB and grayscale images with the back-

ground removed. The VGG16 model’s performance increased by over 5% in accuracy and

4% in F1 across these scenarios, while VGG19 improved by over 7% in all metrics, though

still below VGG16’s top score of 95.83% accuracy and 95.76% F1. ResNet18 also showed

a substantial improvement of 17% in accuracy and F1 on RGB images and a 21% boost on

grayscale, though it remained below VGG models. ResNet50, despite some improvement,

did not exceed 43.05% accuracy and 39.51% F1 in any category.

The confusion matrices for RGB images without background further illustrate these

results (Figure 4.1), with each class representing one of the 18 angles from 0 to 340

degrees. VGG16 performed well on most angles, with minor confusion around 0, 180,

and 280 degrees (Figure 4.1a). VGG19 had similar performance but struggled more with
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angles 180 and 200, identifying them only half of the time (Figure 4.1b). ResNet18

(Figure 4.1c) performed well on eight angles but showed lower consistency overall, while

ResNet50 (Figure 4.2b) accurately identified only two angles, 160 and 340 degrees, falling

short of expectations. Despite some limitations, the results suggest potential for applying

this approach to support maintenance and other orientation-related applications in 3D

object detection.

(a) VGG16 (b) VGG19

(c) ResNet18 (d) ResNet50

Figure 4.1: Confusion matrices for the RGB without background dataset

4.2 DCNN Approach

The second experiment evaluates the performance of the DCNN approach across various

dataset variations, starting with the results of the ResNet models, followed by an analysis
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of the EfficientNet models. The findings also include a comparative discussion between

these model families and a Shapley value analysis [42] of the best-performing model to

provide insights into feature importance.

Table 4.2 summarizes the evaluation metrics for ResNet models across the four dataset

configurations. Initially, ResNet152 showed the highest accuracy (90.28%) on RGB im-

ages with background, outperforming ResNet18, ResNet50, and ResNet101. However,

both ResNet18 and ResNet50 models had relatively lower accuracy, not exceeding 87.5%.

The inclusion of augmented data improved the models’ predictive performance across

Table 4.2: Evaluation Metrics for ResNet 18, 50, 101 and 152 on the Different Dataset
Variations.

Accuracy Precision Recall F1

RGB images

ResNet18 0.8750 0.8972 0.8750 0.8713
ResNet50 0.8750 0.9040 0.8750 0.8691
ResNet101 0.8333 0.8278 0.8333 0.8122
ResNet152 0.9028 0.9231 0.9028 0.9000

Augmented RGB images

ResNet18 0.9361 0.9421 0.9361 0.9352
ResNet50 0.9250 0.9344 0.9250 0.9240
ResNet101 0.9528 0.9563 0.9528 0.9525
ResNet152 0.9389 0.9464 0.9389 0.9400

RGB images with no background

ResNet18 0.8611 0.8861 0.8611 0.8511
ResNet50 0.9028 0.9148 0.9028 0.9034
ResNet101 0.9167 0.9315 0.9167 0.9075
ResNet152 0.9583 0.9667 0.9583 0.9577

Augmented RGB images with no background

ResNet18 0.9472 0.9537 0.9472 0.9475
ResNet50 0.9528 0.9576 0.9528 0.9532
ResNet101 0.9611 0.9646 0.9611 0.9609
ResNet152 0.9639 0.9764 0.9639 0.9637

the board. ResNet18 achieved an accuracy of 93.61% with an F1-score of 93.52%, while

ResNet50 improved by more than 5% in both accuracy and F1. ResNet152 obtained

a notable accuracy of 93.89% and an F1-score of 94.00%. ResNet101, despite its ear-

lier underperformance, demonstrated a significant improvement, achieving an accuracy

of 95.28% and an F1-score of 95.25% on the augmented dataset with background. For

the dataset with RGB images but without background, three out of four ResNet mod-

els showed a decline in accuracy by at least 2%(ResNet18, ResNet50, and ResNet101).

ResNet152, however, displayed adaptability by achieving a higher accuracy of 95.83%

and an F1-score of 95.77%, suggesting resilience to variations in data size and transfor-

mations. In the final dataset configuration—augmented images without background—all
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ResNet models performed well. ResNet18 recorded an accuracy and F1-score of 94.72%

and 94.75%, respectively, while ResNet50 showed a slight improvement, scoring 95.28% in

both metrics. ResNet101 reached an accuracy of 96.11% and an F1-score of 96.09%. The

best performance came from ResNet152, with an accuracy of 96.39% and an F1-score of

96.37%.

(a) ResNet18 (b) ResNet50

(c) ResNet101 (d) ResNet152

Figure 4.2: Confusion matrices for the augmented RGB images with the background
removed for ResNet architectures

Models consistently achieved higher scores when trained and evaluated on augmented

RGB images without background. The confusion matrices for this dataset variation,

shown in Figure 4.2, highlight the predictive performance across the ResNet models. In
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Figure 4.2a, ResNet18 correctly identified over 50% of angles, with most misclassifica-

tions occurring between similar angles. ResNet50, illustrated in Figure 4.2b, exhibited

a similar error distribution, with a few prominent misclassifications at angles 140º and

220º. ResNet101 (Figure 4.2c) showed improvement, correctly classifying more than 75%

of angles, with minor errors across angles 300º to 340º. Lastly, ResNet152, shown in Fig-

ure 4.2d, achieved the best performance overall, with slightly lower correct classification

but improved error distribution, especially in distinguishing angle 340º with a 20% error

rate reduction.

The EfficientNet models were evaluated on all four dataset variations, as shown in

Table 4.3. EfficientNet B1 initially achieved an accuracy of 44.44% on RGB images with

background, outperforming EfficientNet B2 (40.28% and EfficientNet B4 (30.56% How-

ever, these performances are relatively low, indicating challenges for the models in this

configuration. Significant improvements were observed with augmented RGB images.

Here, EfficientNet B1 led with 92.22% accuracy, followed by B4 at 89.72% and B2 at

89.44% These results highlight the effectiveness of data augmentation in enhancing model

performance, as evidenced by increased accuracy and F1 scores across all models com-

pared to their unaugmented RGB counterparts. For RGB images without background,

EfficientNet B2 achieved the highest accuracy at 50.00%, surpassing B1 (36.11% and

B4 (34.72% While this variation showed improvement for EfficientNet B2, performance

remained lower than with augmented data. With augmented RGB images without back-

ground, EfficientNet B2 again showed its strength, reaching a peak accuracy of 95.83%

and an F1-score of 95.80% EfficientNet B1 closely followed with 95.00% accuracy and

an F1-score of 94.96%, while B4 recorded a respectable 89.44% accuracy. This dataset

variation achieved consistently high accuracy and F1 scores across all models, making

EfficientNet B2 with augmented data and background removal the best-performing com-

bination. The confusion matrices for these top-performing configurations are shown in

Figure 4.3. In Figure 4.3a, EfficientNet B1 correctly identified 61%of the angles without

error, maintaining a low error rate that did not exceed 25%per class. EfficientNet B2

(Figure 4.3b) further improved with a 5% increase in correctly classified images, though
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some errors were shared with B1, particularly at angles 100º, 240º, 300º, and 340º. Ef-

ficientNet B4, however, fell short of expectations, failing to achieve perfect classification

for over 50% of the orientations. This model showed substantial errors, including frequent

misclassifications with large angle discrepancies, as seen in angles 140º, 180º, 20º, 220º,

and 260º (Figure 4.3c).

Table 4.3: Evaluation Metrics for EfficientNet B1, B2, and B4 on the Different Dataset
Variations

Accuracy Precision Recall F1-score

RGB images

EfficientNet B1 44.44 46.54 44.44 42.56
EfficientNet B2 40.28 40.43 40.28 37.21
EfficientNet B4 30.56 37.07 30.56 30.16

Augmented RGB images

EfficientNet B1 92.22 93.35 92.22 92.17
EfficientNet B2 89.44 90.45 89.44 89.30
EfficientNet B4 89.72 89.86 89.72 89.15

RGB images with no background

EfficientNet B1 36.11 48.20 36.11 36.58
EfficientNet B2 50.00 53.76 50.00 48.03
EfficientNet B4 34.72 32.92 34.72 30.95

Augmented RGB images with no background

EfficientNet B1 95.00 95.56 95.00 94.96
EfficientNet B2 95.83 96.28 95.83 95.80
EfficientNet B4 89.44 91.27 89.44 89.63

Comparing the ResNet and EfficientNet families, distinct performance trends emerged

across dataset variations. The ResNet models initially struggled on RGB images with

background, with ResNet152 achieving the highest accuracy of 90.28% Data augmenta-

tion significantly improved ResNet performance, with ResNet152 reaching 96.39%accu-

racy on augmented images without background. EfficientNet models showed a different

trend. EfficientNet B1 led on RGB images with 44.44% accuracy, while B4 underper-

formed with 30.56% However, EfficientNet B2 excelled on augmented data, achieving

an impressive 95.83% accuracy on augmented images without background, making it a

suitable alternative where computational efficiency is prioritized. Overall, ResNet152 con-

sistently demonstrated superior adaptability and accuracy, particularly with augmented

data without background, positioning it as the optimal choice for high-accuracy require-

ments.
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(a) EfficientNet B1 (b) EfficientNet B2

(c) EfficientNet B4

Figure 4.3: Confusion matrices for the augmented RGB images with the background
removed for EfficientNet architectures
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To gain further insights, Shapley analysis [42] was conducted on the best model,

ResNet152 trained on augmented RGB images without background. SHAP values identify

critical features influencing predictions, where higher values indicate greater importance.

For this analysis, a background dataset of five random images per class from the test set

was used to compute SHAP values, highlighting factors contributing to model misclassi-

fications. In angle 300° (class 12), misclassifications were attributed to partial occlusion

of the vehicle’s front, which was crucial for distinguishing between angles 300° and 280°

(Figure 4.4).

Figure 4.4: Examples of the mistakes made in Angles 300° and 240°

Similar issues were noted for angle 240° (class 9), where the vehicle’s front was sig-

nificant for correct orientation classification. For angle 320° (class 13), repeated misclas-

sifications occurred for the same vehicle, likely due to the loss of distinguishing features

(top back of the vehicle) removed during background extraction (Figure 4.5). In angle

340° (class 14), inconsistencies arose from previously unseen features, such as the left back

wheel, causing errors in classification (Figure 4.6).
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Figure 4.5: Examples of the mistakes made in Angle 320°

Figure 4.6: Examples of the mistakes made in Angle 340°
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Chapter 5

General Conclusion

The two approaches presented for 3D orientation inference of vehicles using standard

2D images demonstrate distinct strengths and limitations. The first approach utilized a

Siamese neural network, testing multiple scenarios with pre-processed RGB and grayscale

images and varying background settings. Feature extraction through VGG16 achieved the

highest accuracy of 95.8% on RGB images without background, while ResNet configura-

tions, particularly ResNet50, underperformed, possibly due to overfitting from a relatively

limited dataset. In contrast, the second approach employed a DCNN model, testing both

ResNet and EfficientNet architectures across 28 scenarios with various dataset augmen-

tations. ResNet152 emerged as the best performer, achieving 96.39% accuracy on aug-

mented RGB images without background, while EfficientNet B2 also performed well on

the same dataset configuration. This approach showed that ResNet models were notably

robust to variations in dataset size and data types, outperforming EfficientNet in most

configurations. Together, these findings indicate that while both approaches successfully

treated orientation inference as a classification problem, the DCNN approach with ResNet

models proved more effective, offering higher adaptability and accuracy across different

data conditions.

Future work will focus on exploring sensor fusion approaches to improve vehicle ori-

entation determination from 2D images. By integrating data from multiple sensors, such

as LiDAR, radar, and depth sensors, alongside traditional RGB images, sensor fusion can
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provide a richer, multidimensional understanding of vehicle orientation. This approach

could mitigate limitations inherent in using 2D images alone, such as depth ambiguities,

and enhance the model’s accuracy and robustness across various scenarios. Additionally,

sensor fusion offers promising opportunities to develop a more adaptable and comprehen-

sive system, potentially expanding applications in fields like autonomous driving, robotics,

and augmented reality.
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