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MONODEPTH-BASED OBJECT DETECTION
AND DEPTH SENSING FOR AUTONOMOUS VEHICLE VISION SYSTEMS

SUMMARY

This study explores object recognition and distance measurement technologies for
autonomous vehicles and addresses advancements in this area. Autonomous vehicles
are vehicles capable of perceiving objects in their surroundings and moving safely
without human intervention. The progress in these technologies holds the potential to
revolutionize mobility, largely driven by the significant role of artificial intelligence
in enabling these advancements. Artificial intelligence is considered a fundamental
component for autonomous vehicles to perceive environmental conditions and ensure
safe travel. Techniques such as deep learning and machine learning allow vehicles to
process data collected through cameras, lidars, radars, and other sensors to interpret
their surroundings and provide safe responses.

The processes of object detection and depth estimation are continually being improved
with traditional and Al-based methods.Deep learning models improve object detection
and localization capabilities by processing complex image data, thereby enhancing the
safety and performance of autonomous vehicles.

Autonomous vehicles use various sensors to detect environmental objects and
determine distances. These sensors include lidars, radars, cameras, and ultrasonic
sensors. Data collected from these sensors are processed to perceive surrounding
objects and determine distances from the vehicle. While camera sensors are widely
used, distance estimation with single-lens 2D cameras can be challenging.

Advancements in artificial intelligence techniques have achieved significant success
with 2D camera images. Particularly, these techniques offer alternatives to challenges
such as increasing sensor costs and the need for 3D cameras to adapt to various
environmental conditions, enhancing the importance of progress in this area.

In this study, different artificial neural network models were used for object detection
and depth estimation. Optimization efforts were conducted to adapt trained models
for real-world applications, and testing on the Nvidia Jetson device was considered
a crucial step. The developed application achieved successful results in real-time
processing performance, representing a significant advancement in autonomous
vehicle technologies.

The real-time processing performance of the developed application was determined to
be 12 frames per second (FPS). Additionally, the average absolute error value obtained
in the object detection and distance estimation areas was measured as 1.51 meters.
These values indicate that the application operates quickly and reliably, accurately
predicting object locations.
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MONODEPTH TABANLI OTONOM ARAC GORUS SISTEMLERI
ICIN NESNE TESPITI VE DERINLIK ALGILAMA

OZET

Otonom araclar, modern teknolojinin en dikkat cekici ve potansiyel dolu alanlarindan
birini olusturuyor. Bu araclar, insan miidahalesi olmadan cevrelerindeki nesneleri
algilayabilen, cesitli trafik kosullarinda giivenli bir sekilde hareket edebilen ve hatta
seyahat rotalarini planlayabilen araclardir. Otonom araclarin gelisimi, mobiliteyi
kokten degistirecek bir potansiyel tagiyor. Bu gelisimde, yapay zeka teknolojilerinin
belirleyici bir rolii bulunmaktadir.

Yapay zeka, otonom araglarin beyni olarak diisiiniilebilir. Derin 6grenme, makine
O0grenimi ve benzeri teknikler, araclarin ¢evrelerindeki nesneleri algilamalarini, bu
verileri islemelerini ve uygun tepkiler vermelerini saglar. Ornegin, kameralar, lidarlar,
radarlar ve diger sensorler aracilifiyla toplanan verileri analiz ederek, yapay zeka
sistemleri aracin cevresini anlamlandirir ve giivenli bir seyahat saglamak icin gerekli
kararlar alir.

Bu baglamda, otonom araglarin cevresel nesneleri algilayip uzakliklarini belirleme
siireci, geleneksel ve yapay zeka tabanl yontemlerle giderek daha da gelistirilmektedir.
Derin 6grenme modelleri, karmasik goriintii verilerini isleyerek nesne algilama ve
konum belirleme yeteneklerini artirabilir. Bu gelismeler, otonom araglarin giivenligini
ve etkinligini artirmaya yonelik ¢abalarda 6nemli bir rol oynamaktadir.

Otonom araglar, ¢cevrelerindeki nesneleri algilamak ve konumlarini belirlemek icin bir
dizi sensor kullanir. Bu sensorler arasinda lidarlar, radarlar, kameralar ve ultrasonik
sensorler bulunabilir. Gelen veriler, aracin ¢evresindeki nesnelerin algilanmasi ve
aracla nesneler arasindaki mesafelerin belirlenmesi igin islenir. Ozellikle, kamera
sensorleri, aracin ¢cevresindeki nesneleri algilamak i¢in yaygin olarak kullanilir. Stereo
kamera sistemleri veya 3D kameralar kullanilarak elde edilen goriintiiler, derinlik
bilgisini saglayarak cevredeki nesnelerin konumlarinin belirlenmesine yardimer olur.
Ancak, tek mercekli 2D kameralardan mesafe tahmini yapmak zorlu bir siirectir.
Bu kameralar, derinlik algisin1 saglamak i¢in paralaks gibi stereoskopik bilgileri
kullanamazlar, bu da mesafe tahmininin dogrulugunu etkiler.

Stereo veya 3D kameralarin yam sira lidarlar ve radarlar gibi diger sensorlerin
kullanilmas1 da otonom araglarin nesneleri algilamasina ve mesafeleri belirlemesine
yardimct olabilir. Ancak, bu sensorlerin maliyeti genellikle yiiksektir, bu da otonom
arag¢ teknolojisinin yayginlasmasin kisitlayabilir.

Artan sensor maliyetleri ve 3D kameralarin farkli ortam kosullarina uyum saglama
ithtiyaci, aragstirmacilar1 2D kamera goriintiileri izerinde odaklanmaya yonlendirdi.
Geligen sinir aglari, bu 2D goriintiiler iizerinde onemli basarilar elde etmeye bagladi.
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Bu basarilar, cesitli yapay zeka teknikleriyle donatilan sinir aglarinin, c¢evresel
nesnelerin algilanmasi ve mesafelerinin belirlenmesinde 2D kamera verilerini etkili
bir sekilde kullanabildigini gostermektedir. Bu gelismeler, otonom araglar ve diger
uygulamalarda kullanilan algilama ve mesafe belirleme sistemlerinin daha ekonomik
ve esnek hale gelmesine katki saglayabilir. Dolayisiyla, 2D kamera goriintiileri
izerinde yapilan calismalar, artan sensor maliyetlerine ve 3D kameralarin ¢esitli ortam
kosullarina uyum saglama zorunluluguna bir alternatif olarak one ¢ikmaktadir.

Bu calismada, 2D kamera goriintiilerinde nesne tespiti ve nesne mesafelerinin tahmini
icin iki ayr1 yapay sinir ag1 kullandik. Ayrica, daha saglam bir mesafe tahmini
elde etmek amaciyla yeni bir algoritma olan Agirlikli Mesafe Tahmin Algoritmasi’ni
uyguladik. Bu algoritma, nesnelerin tespit edilmesi ve konumlandirilmasi icin
kullanilan yapay sinir aglarindan elde edilen konum bilgilerini temel alarak daha
dogru mesafe tahminleri saglamayr amaclamaktadir. Calismamiz, 2D kamera
goriintiilerinin kullanimuyla ilgili olarak hem nesne tespiti hem de mesafe tahmini
alanlarinda yeni yontemlerin gelistirilmesine katkida bulunmaktadir. Bagimsiz ve
paralel olarak calisan modellerde, nesne tespiti icin You Only Look Once (YOLO)
algoritmasini kullanirken, tahmin edilen mesafeleri algilamak i¢in U-Net mimarisine
dayali Monodepth2 modelini kullanmaktayiz. Yontemin gercek diinya kosullarinda
calismasini test etmek amaciyla Nvidia Jetson cihazi iizerinde test edilmesi onemlidir.
Nvidia Jetson gibi yerel islem giiciine sahip cihazlar, yapay zeka modellerini yerinde
calistirarak gercek zamanli uygulamalarda yiiksek performans saglayabilen kompakt
ve enerji-verimli sistemlerdir. Bu platformda test edilmesi, yontemin mobilite
ve pratik kullanilabilirligi acisindan onemli bir adimdir. Nvidia Jetson iizerinde
basarili bir sekilde calismasi, yontemin gercek diinya uygulamalarinda yaygin olarak
kullanilabilirligini ve giivenilirligini artirir.

Nesne tespiti icin YOLOVS8 (You Only Look Once V8) algoritmasi tercih edildi.
YOLOVS, goriintiideki nesneleri tek bir asamada algilayabilen ve siniflandirabilen hizl
ve etkili bir derin 6grenme modelidir. Bu 6zelligi, ger¢cek zamanli uygulamalarda
kullanimin1 tercih edilen bir hale getirir. YOLOvS8’in diger geleneksel nesne tespit
algoritmalarina kiyasla avantaji, tek bir gegiste nesneleri algilayip siniflandirmasi ve
bu sayede yiiksek hiz ve etkinlik saglamasidir. Bu 6zellikler, yontemin nesne tespiti
siirecinde yiiksek dogruluk ve hiz saglamak amaciyla tercih edilmesini saglar.

Derinlik tahmini i¢in Monodepth2 modeli tercih edildi. Monodepth2, U-Net mimarisi
tizerine kurulmusg bir derin 6grenme modelidir ve tek bir goriintiiden stereo esdeger
derinlik haritalart olugturmak i¢in kullanilir. Bu model, tek kamera goriintiilerinden
derinlik tahmini yaparken yiiksek dogruluk saglar. U-Net mimarisi, girdi goriintiisiiniin
her bir pikseli i¢in derinlik bilgisi tiretmek lizere tasarlanmis olup, 6zellikle tek gozlii
kamera sistemlerinden elde edilen goriintiiler icin etkili bir sekilde ¢alisir. Monodepth2
modelinin tercih edilmesi, derinlik tahmini siirecinde yiiksek dogruluk ve giivenilirlik
saglamak amaciyla yapilmistir. Bu model, tek bir kameradan elde edilen goriintiilerle
nesne mesafelerini tahmin etmek icin kullanildigindan, ger¢ek zamanli uygulamalarda
kullanim1 yaygin olarak tercih edilen bir hale gelir.

Nesne algilamayla tanimlanan sinirlayici kutular i¢inde arka plan goriintiisii, genellikle
algilanan nesnenin sinirlarinin otesine uzanir. Bu durumda, arka plana atfedilen
pikseller, ortalama derinlik tahmininde bozulma yaratma potansiyeline sahiptir. Bu
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durum, 6zellikle derinlik tahmini i¢in tek bir goriintii kullanildiginda belirgin hale gelir.
Bu endiseyi gidermek i¢in, bir agirlikli mesafe tahmin algoritmasi kullaniyoruz. Bu
algoritma, algilanan nesnelerin ger¢cek konumlarina daha yakin tahminler elde etmek
icin sinirlayicr kutulardaki piksellerin agirlikli olarak dikkate alinmasini saglar. Bu
sayede, derinlik tahmininde olas1 bozulmalar azaltilarak daha dogru sonuclar elde
edilir.

Bu calismada, derinlik tahmini i¢in KITTI Dataseti, nesne tespiti i¢cin ise BDD100K
veri setleri kullanildi. KITTI Dataseti, genellikle derin 6§renme modellerinin egitimi
ve degerlendirilmesi icin kullanilan yaygin bir veri setidir ve genellikle otonom siiriis
uygulamalart icin kullanilir. Ote yandan, BDD100K veri seti, biiyiik 6lcekli nesne
algilama, siniflandirma ve segmentasyon problemleri izerine odaklanan bir veri setidir.

Egitilen modellerin gercek hayata uyarlanabilmesi ic¢in, optimizasyon caligmalari
gerceklestirildi ve bu modellerin Nvidia Jetson cihazi iizerinde calisabilirligi test
edildi. Bu kapsamda, modellerin performansini artirmak ve daha etkin bir sekilde
calismalarin1 saglamak icin optimizasyon adimlart uygulandi.  Ayrica, modelin
Nvidia Jetson gibi yerel islem giiciine sahip cihazlarda dogru bir sekilde calisip
calismadigimi kontrol etmek amaciyla onnx ve TensorRT doniistimleri yapildi. Bu
stire¢, egitilen modellerin pratik uygulamalarda kullanilabilirligini artirmak ve gercek
diinya kosullarinda basarili bir sekilde ¢alismalarini saglamak icin 6nemli bir adimdir.

Gelistirilen uygulama, Nvidia Jetson Xavier NX iizerinde basariyla calisarak, gercek
zamanl isleme performansinda 12 FPS hizinda sorunsuz bir performans sergiliyor.
Bu uygulama, otonom arag¢ sistemlerinde kullanilabilecek gii¢lii bir gomiilii cihazin
yeteneklerini ortaya koymaktadir. Nesne tespiti ve mesafe tahmini gibi kritik
gorevleri giivenilir bir sekilde yerine getirebilmesi, 2D tek gozlii kameralarin dahi
kullanilmasiyla miimkiin oldugunu kanitlamaktadir. Ortalama Mutlak Hata’nin 1.51
metre olmasi, uygulamanin dogrulugunu ve giivenilirligini vurgulamaktadir. Bu
basarilar, otonom arag teknolojilerinin pratikte kullanimina énemli bir adim saglar.
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1. INTRODUCTION

1.1 Purpose of Thesis

This thesis aims to design a cost-effective, real-time, and reliable system based on deep
learning for object detection and distance estimation using 2D monocular cameras
in autonomous vehicles. Accurate and fast distance estimation plays a critical role
in ensuring safe navigation and enhancing environmental awareness in autonomous
driving systems. While stereo or 3D cameras are widely used today, they come with
high costs and complex structures. This study aims to provide a more cost-effective

alternative by utilizing 2D monocular cameras.

Within this framework, the system utilizes the YOLOvS8 (You Only Look Once version
8) model to detect objects and the Monodepth2 model to estimate distances, both
optimized to run on the Nvidia Jetson Xavier NX, showcasing real-time performance
on embedded systems.Furthermore, a novel Weighted Distance Estimation Algorithm
is proposed to reduce the errors caused by the depth differences between the object
and the background. This work aims to optimize the use of 2D monocular cameras in

autonomous vehicles, providing a cost-effective and high-performance solution.

1.2 Problem

The primary challenge in the development of autonomous vehicles is achieving reliable
and accurate object detection and distance estimation in real-time. While various
sensing technologies, including stereo and 3D cameras, are available for these tasks,
they often involve high costs and complex configurations that may not be practical for

widespread deployment in autonomous systems.

Moreover, distance estimation using traditional methods can be hindered by the
limitations of 2D monocular cameras, which can lead to inaccuracies due to factors

such as varying background depths, occlusions, and the inherent challenges of



interpreting 2D images. The need for precise distance measurements is critical
for ensuring safe navigation and effective decision-making in autonomous driving

scenarios.

Thus, the problem addressed in this thesis is to develop a deep learning-based system
capable of overcoming the limitations of existing methods by using 2D monocular
cameras for reliable object detection and accurate distance estimation, while also

minimizing the associated costs and complexities of traditional sensor setups.

1.2.1 Research questions

This thesis aims to explore several essential questions concerning the creation and
deployment of deep learning models for identifying objects and estimating distances
in autonomous vehicles. The following research questions, detailed in Chapter 6, will

be examined:

How can deep learning algorithms be effectively utilized for real-time object detection

using 2D monocular cameras in autonomous vehicles?

What methodologies can be developed to accurately predict distances to detected
objects in monocular camera images while minimizing the impact of background depth

variations?

How does the performance of the YOLOv8 model for object detection compare
in terms of accuracy and processing speed to other existing models on embedded

platforms such as Nvidia Jetson Xavier NX?

What are the advantages and limitations of using the Monodepth2 model for depth

estimation in autonomous driving applications when utilizing monocular images?

How can the integration of object detection and distance estimation models enhance

the overall reliability and efficiency of autonomous vehicle systems?

1.3 Literature Review

In this section, previous studies on depth estimation are reviewed, highlighting their

significance across diverse application domains such as autonomous vehicles. A



variety of innovative approaches, including deep learning techniques and traditional
computer vision methods, are employed in these studies, with each contributing unique
insights into depth perception. Several methods exist for depth estimation, and they can
be broadly categorized into monocular, binocular (stereo), and multi-view techniques.
Most of depth estimation approaches need more than one input image or sensors. In

this study focuses on monocular depth estimation from single input image.

1.3.1 Monocular approaches

Monocular depth estimation refers to estimating object distances within a scene from
just one 2D image. Unlike stereo depth estimation, which relies on two images
(stereo pairs) to calculate depth through the disparity between corresponding points,
monocular depth estimation attempts to infer 3D information from just one image.
This makes the task inherently more challenging because the depth cannot be directly
computed without stereo or multi-view information. One particularly interesting
study [1] focuses on monocular depth estimation under low-light conditions using
thermal images. The authors have developed an image transformation and GAN-based
method to predict scene depth using a single thermal image. This method employs
deep learning models to learn the relationship between thermal and color images.
The results demonstrate the effectiveness of this approach under low-light conditions.
Addressing the importance of monocular depth estimation at night and in challenging
weather conditions, [2] introduces a new framework called EVEN, which utilizes
RGB and depth data. This framework encompasses image enhancement, multi-modal
fusion, and depth estimation stages to handle low-light conditions effectively. On the
other hand, [3] underscores the difficulty of understanding 3D objects in autonomous
vehicles and suggests the use of deep learning in place of expensive sensors like Lidar.
Another study, [4], proposes two independent autoencoder-based and detection-based
models in parallel. In this work, YOLOVS is used for finding and classifying objects,
while DepthNet predicts depth values from 2D images taken by a monocular camera.
DepthNet uses an unsupervised autoencoder network with ResNet-50 as the backbone
for depth prediction and ResNet-18 for pose estimation. Graph Convolution Networks

are added to the decoder to produce depth images at different scales. The object’s



relative distance is calculated by finding the median depth value of all pixels inside
the object’s bounding box. However, a drawback of this method is that YOLOVS has

difficulty detecting small objects.

1.3.2 Binocular (stereo) approaches

This method uses two or more cameras, typically placed side by side, to capture
images from slightly different viewpoints. The disparity (difference in the position of
corresponding points in the images) is calculated and used to estimate depth. A novel
approach that leverages traditional stereo information for monocular depth estimation
from a single image is presented in [5]. The authors have developed a deep learning
model called monoResMatch, designed for sharp and dense depth prediction from a
single image. The key innovation lies in synthesizing features from a horizontally
aligned viewpoint and performing stereo matching between the input image and the
synthesized features. Furthermore, traditional stereo algorithms are trained such as
Semi-Global Matching (SGM), to generate proxy ground truth annotations, allowing
our model to maintain a self-supervised approach while improving depth accuracy.
Additionally, the use of proxy labels and training processes are elaborated upon in
detail. Another study [6] introduces an approach called STereo TRansformer (STTR).
Stereo depth estimation has typically been based on finding the best pixel matches
along epipolar lines in the left and right images to estimate depth. In this study,
the problem is viewed as a sequence-to-sequence matching task. Instead of the usual
cost volume method, dense pixel matching is used with positional data and attention
mechanisms. The authors highlight several benefits of STTR, such as removing
the need for a fixed disparity range, detecting occluded areas, providing confidence
scores, and enforcing uniqueness during matching. Tests on both synthetic and
real-world datasets show that STTR works well across different domains, even without
fine-tuning. Furthermore, [7] presents a new training approach aiming to surpass
existing supervised depth estimation methods. It targets unsupervised depth prediction
using epipolar geometry and aims to learn the relationship between left and right
images using reconstruction loss and disparity images. One notable work is by [8].

The authors developed two lightweight models for stereo vision that maintain accuracy



while significantly reducing complexity. MobileStereoNets represents end-to-end
2D/3D models based on MobileNet-V1 [9] and MobileNet-V2 [10]. The study
demonstrates that the proposed 2D/3D networks significantly lower computational
costs, achieving reductions of 27%/95% and 72%/38% in parameters and operations

for the 2D and 3D models, respectively, without sacrificing accuracy.

To best of our knowledge, as one of the main differences from the existing studies,
our approach utilizes YOLOv8 model for object detection enabling fast response time
during the detection and unlocking operation capability in real time. In addition,
we use Monodepth2 model hand to hand with YOLO to extract depth map and use
specialized algorithm to increase the accuracy of depth estimation. In conclusion,
this study aims to demonstrate that deep learning-based monocular depth estimation
can cost-effectively and efficiently unlock a great potential for future applications and

solutions in the smart mobility environment.

1.4 Contributions

The thesis presents four main contributions. First, we utilize the YOLOv8 model
for real-time object detection, validating its performance through comprehensive
evaluation. Second, we propose a weighted average approach in depth measurement
to eliminate the impact of errors caused by the background within the bounding
box during object detection. Third, we achieve more robust depth estimation by
employing a Linear Regression model trained with the median values of RGB channels
extracted from the weighted depth map. Finally, we integrate the YOLOvV8 and
Monodepth2 models on the Nvidia Jetson Xavier NX for real-time applications,
leveraging optimized GPU performance and the advantages of the TensorRT library.
These contributions significantly enhance the existing methods in the fields of object

detection and depth estimation.

1.5 Outlines

The outlines of this thesis are structured around the various chapters to provide a

comprehensive understanding of the research conducted.



In Chapter 1, the focus is on introducing the topic of object detection and
distance estimation, providing a literature review that outlines existing research and

methodologies in the field, thereby establishing the significance of the study.

Chapter 2, titled Base Study, presents the foundational theories and technologies,
specifically examining the YOLOv8 model for object detection and Monodepth2 for

depth estimation, highlighting their relevance and applicability.

Chapter 3, the Methodology, details the processes and techniques employed to
integrate these models, outlining the experimental setup and data collection methods

used for effective results.

In Chapter 4, the Performance Evaluation, the outcomes of the experiments are
analyzed, examining how accurately and efficiently the models perform in different

situations.

Chapter 5, Running on IoT Device, discusses the deployment of the developed models
on NVIDIA Jetson Xavier NX, illustrating the challenges and solutions encountered

in achieving real-time applications in an [oT environment.

Finally, Chapter 6, the Conclusion, synthesizes the findings from the previous chapters,
reflecting on the research objectives and suggesting directions for future work in the

field of autonomous vehicles.



2. BASE STUDY

2.1 Object Detection

2.1.1 Introduction of object detection

Object detection is a fundamental process of computer vision techniques. This process
requires the ***classification of objects present*** in an image and also assigns a
corresponding class label to each detected object and draws bounding boxes around
them to indicate their positions. Object detection is crucial for a wide range of
applications, including but not limited to autonomous driving, video surveillance,

robotics, and augmented reality [11].

In the context of this study, object detection plays a pivotal role, particularly in the
identification of traffic-related objects for autonomous vehicles. For autonomous
vehicles to navigate their environments safely, they must be capable of accurately
detecting various objects such as pedestrians, cars, motorcycles, trucks, cyclists, and
drivers. Accurate detection of these objects enhances the vehicle’s decision-making

capabilities, thereby improving road safety and optimizing traffic flow.

Historically, object detection relied on manual feature extraction and statistical
learning algorithms. However, these traditional approaches demonstrated limited
effectiveness in complex real-world environments, especially when dealing with

objects of varying scales, occlusions, and dynamic backgrounds.

The advent of deep learning, specifically CNNs, has marked a significant breakthrough
in object detection. CNN-based models automatically learn robust feature
representations from raw pixel data, substantially improving both detection accuracy
and robustness in diverse scenarios. Modern object detection algorithms are generally
categorized into two primary approaches: two-stage detectors and single-stage

detectors.
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Figure 2.1 : Comparison of YOLO models in terms of performance, parameters, and
speed.

Two-stage detectors, such as Faster R-CNN [12], first generate region proposals and

then classify each proposed region. In contrast, single-stage detectors, including

YOLO and SSD (Single Shot MultiBox Detector) [13], predict bounding boxes and

class labels in a single step. Single-stage detectors are particularly advantageous

in real-time applications due to their efficiency, and recent advancements have

demonstrated improvements in both speed and accuracy.

In this context, the YOLO family stands out for its balance between speed and
accuracy. YOLOVS, one of the stable and widely-used versions, has further pushed

this balance, becoming one of the leading models in object detection [14].

2.1.2 Comparison of YOLO models

YOLOVS is one of the most recent versions of the YOLO family, offering significant
improvements in speed and accuracy in object detection tasks compared to its
predecessors. Thanks to its enhanced architecture and more efficient data processing
capabilities, YOLOVS achieves higher accuracy rates with lower latency. This model
not only delivers substantial performance improvements but also stands out due to its

reduced computational resource requirements.

Within the model, the available variants—S, M, L, and XL offer different parameter
sets and balance between speed and performance, tailored to various use cases. These

variants can be optimized based on processor and memory constraints, making the



model suitable for a wider range of applications. In particular, for systems with
limited hardware resources, such as [oT devices, the smaller variant, YOLOVS8-S, is
often preferred for its faster execution with fewer parameters. YOLOvV8-S maintains
sufficient accuracy while conserving energy in IoT devices due to its ability to operate
with lower computational power. In contrast, YOLOv8-XL excels in scenarios that
demand higher accuracy, effectively leveraging more powerful hardware to deliver

superior performance.

YOLOvS8 shows significant advancements in mean average precision (mAP),
parameter efficiency, and processing speed when compared to earlier versions,
including YOLOvS, YOLOv6, and YOLOv7. These enhancements are visually
depicted in 2.1, illustrating the comparative performance across these models and

highlighting YOLOVS8’s superiority in speed, accuracy, and model complexity.

2.1.3 Neural network architectures for YOLOVS object detection

Designed to deliver high speed and accuracy for real-time object detection, YOLOvVS
incorporates architectural improvements and optimization techniques compared to its
predecessors. The architecture of YOLOVS, as illustrated in Figure 2.2, comprises four
main components: backbone, neck, head, and loss, each contributing to the model’s

enhanced performance in real-time object detection.

The backbone section utilizes the Cross Stage Partial (CSP) architecture. CSP consists
of two parts, with the first part performing convolution calculations while the second
part merges the results from the first part. This architecture enhances the learning

capabilities of CNNs while reducing the model’s computational costs.

YOLOVS introduces a new C2f module to enrich gradient flow. This module not only
provides better learning ability but also reduces computational costs. The model has
become more efficient by decreasing the number of blocks at each stage. Additionally,
an improved pooling method has been employed to increase inference speed. These
changes enhance the overall performance of the model, providing shorter inference

times.
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Figure 2.2 : YOLOVS architecture, consisting of four main components: Backbone,
Feature Pyramid Network (FPN), Head, and Loss layers.
In the neck section, as the network depth increases, more feature information is
obtained, which improves the quality of dense predictions. However, complicate deep
networks may reduce the position information of objects; therefore, Feature Pyramid
Network (FPN) and Path Aggregation Network (PAN) architectures gain importance
for multi-scale feature fusion. The neck section of the model combines features from
different network layers, enriching the upper layers with additional information while

preserving positional accuracy in the lower layers through fewer convolutions.

FPN performs upsampling from top to bottom, while PAN downsamples for more
information transfer from lower layers to upper layers. The two feature outputs
are combined to make accurate predictions for images of various sizes. The model
adopts the FP-PAN (Feature Pyramid-Path Aggregation Network) structure, removing

convolution operations in upsampling to reduce computational costs.

In the head section, an independent head is used to separate classification and detection
tasks compared to the dual-head structure of the YOLOvS model. This approach allows
the model to perform object classification and regression tasks more specifically and
accurately. Traditional anchor-based methods use numerous anchors to determine the
positions of objects in an image, defining four offsets for each object to adjust their

exact locations. However, this study adopts an anchor-free method that defines the
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middle of the object and predicts the distance this center to the bounding box. This
change improves the computational efficiency of the model while also providing better

object detection and classification performance.

The anchor-free method represents a significant distinction from the anchor-based
approaches used in previous YOLO versions. While traditional anchor-based methods
predict object positions through specific anchor boxes, the anchor-free method
eliminates this dependency. In this new approach, the model directly detects the
middle of each object and calculates the distance this center to the predicted bounding
box. As a result, better performance is achieved in situations where object sizes and
aspect ratios vary. This represents a significant innovation and advantage provided by

YOLOv8 compared to previous versions.

In the loss section, a Task Aligned Assigner is used to assign positive and negative
examples during the model’s training. This assigner selects positive examples based
on the weighted classification and regression scores. The classification and regression
branches in the model aim to enhance performance by utilizing different loss functions.
The classification branch employs binary cross-entropy loss, while the regression
branch uses losses that expand the value probabilities around the object and consider
the aspect ratio of the predicted and ground truth bounding boxes. This structure

enables the model to learn more accurately and effectively.

The YOLOV8 model family offers various versions to cater to different size and
performance requirements. These versions are categorized by size: nano (n) for
minimal resources, small (s) for efficiency, medium (m) for balance, large (1) for
high accuracy, and extra large (x1) for maximum performance. Each version strikes
a balance to meet specific needs: some applications require faster and lighter models,
while others need heavier models with higher accuracy. As a result, smaller models
provide faster inference but may exhibit lower accuracy, whereas larger models deliver

higher accuracy at the expense of increased computational resource demands.

This distinction arises from the necessity to optimize applications for different
hardware environments and requirements. For instance, a lightweight model such as

YOLOV8n is preferred for [oT devices with limited computational power, while larger

11



models like YOLOvS8] or YOLOv8xI are better suited for tasks necessitating higher
accuracy or more powerful hardware. This variety empowers users to select the model

that best fits their specific application.

The mAP results of each version on the COCO [15] val2017 dataset, along with their
inference speed measured using ONNX on an Amazon EC2 P4d server, have been
previously presented [14]. This analysis demonstrates that as the model size increases,

accuracy improves; however, inference time also increases accordingly.

2.2 Depth Estimation

2.2.1 Introduction of depth estimation

Depth estimation is a critical aspect of computer vision that aims to determine the
distance of objects from a viewpoint in a given image or scene. This process allows
systems to perceive the three-dimensional structure of their surroundings, enabling a
more comprehensive understanding of the environment. Depth information is crucial

for tasks like autonomous driving, robotics, augmented reality, and 3D reconstruction.

In the context of this study, depth estimation is particularly relevant for autonomous
vehicles, where accurately assessing the distance to surrounding objects is crucial
for safe navigation. By providing depth information, autonomous systems can better
evaluate the spatial relationships between vehicles, pedestrians, and obstacles, leading

to enhanced decision-making and improved safety measures.

Historically, depth estimation techniques have relied on stereo vision, which uses at
least two cameras to capture images from marginally different viewpoints. Depth
information can be found by comparing differences between these images. However,
traditional stereo methods often struggle in scenarios with limited texture, occlusions,

or significant variations in lighting conditions.

Recent advancements in deep learning have revolutionized depth estimation, with
CNNs emerging as powerful tools for predicting depth from single images. These
CNN-based approaches leverage large datasets to learn complex depth features,

allowing for more accurate predictions in diverse and challenging environments.
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Techniques such as monocular depth estimation have gained traction, enabling
depth inference using just one camera input, which is particularly advantageous for

autonomous vehicles that may have size and weight constraints.

In this context, the Monodepth architecture offers the capability to perform depth
estimation using monocular camera images. The Monodepth2 model, developed
based on the U-Net architecture [16], is utilized to estimate distances [17]. U-Net
is an encoder-decoder network characterized by skip connections, which enhance
the learning of depth information. As a result, the accuracy and efficiency of depth

estimation are significantly improved.

Monodepth2 adopts a self-supervised learning approach that does not require ground
truth depth data. This methodology enables the model to learn complex depth features
using information derived from large datasets, allowing for more accurate predictions
in various challenging environments. The features of Monodepth2 significantly

enhance the applicability of depth estimation in real-world scenarios.

Furthermore, the integration of depth estimation with object detection frameworks
enhances the capabilities of autonomous systems. By combining spatial information
with object recognition, vehicles can better understand their surroundings and respond
more effectively to dynamic situations. This integration plays a critical role in ensuring

the safe and efficient operation of autonomous systems.

2.2.2 Neural network architectures for depth estimation

Depth estimation is important for many deep learning applications, including
autonomous driving, robotics, and augmented reality. MonoDepth2 represents a
significant advancement in this field, employing self-supervised learning techniques
to estimate depth by utilizing the geometric relationship between consecutive frames.
The model includes a depth network for predicting depth from an image and a pose
network for estimating camera motion between frames. These two networks are trained
simultaneously using multiple loss functions to minimize the errors in depth and pose

predictions.
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The architecture of the depth network in MonoDepth2 follows a U-Net-like structure.
The encoder is based on a pre-trained ResNet [18] model, which extracts meaningful
features from the input images. The decoder then processes these features to generate
depth maps, converting the normalized sigmoid output into metric depth values using
a logarithmic scaling function. The pose network, on the other hand, estimates the
camera’s relative pose between consecutive frames, enabling the system to perform

self-supervised learning by utilizing the photometric consistency between frames.

The training process relies on learning the disparity between the outputs of the
depth and pose networks. One of the key loss functions used is the photometric
reconstruction loss [19], which evaluates the difference between the original input
images and the synthesized images reconstructed from the predicted depth and pose.
This loss is calculated across multiple scales using image pyramids, enhancing the

model’s ability to capture both global and local features more effectively.

In summary, the technique, which combines a U-Net-based depth network and a
ResNet encoder with advanced multi-scale training methods, allows for accurate depth
estimation from monocular images without requiring ground truth depth data during

training.

In the Monodepth2 project, the U-Net architecture is employed for depth estimation,
which is a popular choice for handling spatial information in image processing tasks.
The architecture consists of an encoder-decoder structure that efficiently preserves fine

details while estimating depth from monocular images.

The encoder part of U-Net applies successive convolutional layers combined with
max-pooling operations to extract hierarchical features from the input image. Each
pooling layer reduces the spatial resolution while increasing the number of filters,
allowing the network to learn more abstract features. In the context of Monodepth2,
this enables the model to capture essential elements such as objects and road structures,

which are critical for autonomous vehicles.

The decoder reverses the process by using up-sampling layers to restore the spatial
resolution, assisted by skip connections that bring back low-level features from the

encoder. These connections are essential for maintaining sharp boundaries and fine
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Figure 2.3 : This figure illustrates the U-Net architecture. The U-Net model
downsamples and then upsamples the input image to generate precise, pixel-level
predictions.

details in the predicted depth maps, which are crucial for applications like autonomous

driving where accurate distance measurements are needed.

U-Net’s symmetric design ensures that minimal spatial information is lost, which is
particularly beneficial in depth estimation tasks that require high-resolution outputs.
By maintaining spatial consistency through skip connections, the model improves its
capacity to predict precise depth, leading to better performance in tasks like object
detection and distance calculation in autonomous vehicles. This structure is depicted

in the U-Net architecture diagram shown in 2.3.

PoseNet is a crucial architecture used in the Monodepth2 project for predicting camera
motion. This architecture estimates the position and rotation in the context of six
Degrees of Freedom (DoF) between two consecutive color image frames [20]. PoseNet
is fundamentally based on the ResNetl8 architecture and takes two images from

consecutive time steps, specifically the frames at 7 — 1 and ¢, as input [21].
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PoseNet is a critical component for relative pose estimation between two consecutive
frames. Designed to model the camera’s motion between these two color images,
PoseNet utilizes temporally consecutive image pairs to determine the relationship
between the current frame (f) and the previous frame (r — 1), unlike typical stereo
image pairs. This process represents the camera’s position in the six DoF framework

and employs an axis-angle representation for pose estimation.

In the Monodepth2 architecture, the 6-DoF pose estimation plays a vital role in
predicting the relative motion between consecutive frames. The 6-DoF model
represents the camera’s movement within the scene across three translational axes (X, y,
z) and three rotational axes (roll, pitch, yaw) [22]. This comprehensive representation
enables the model to understand changes in position and orientation within the scene
and is essential for depth estimation from monocular sequences. PoseNet generates
a single 6-DoF relative pose information when predicting the rotation between two

frames, which includes both rotational and translational components.

In Monodepth2, the pose estimation network is constructed using a ResNetl8
architecture that takes two consecutive monocular images as input. These sequential
frames assist the model in predicting the relative pose between the current frame and
the previous frame. This prediction between consecutive images contributes to the
overall learning process by integrating with the depth predicted by the Depth Network
to compute losses. PoseNet outputs rotation and translation vectors that define the

camera’s motion.

The ResNet18 architecture is a CNNs widely used in deep learning applications and
is optimized for depth learning. One of the key features of the ResNet architecture
is its use of "skip connections" that directly link layers. This structure allows for
more effective learning by reducing the "gradient vanishing" problem that arises during
the training of deeper networks. Offering an 18-layer deep structure, ResNetl8 is
optimized for extracting features from 2D images. Each convolutional layer learns
local features from the image, while the accumulation of these features is combined at

deeper layers to reach high-level abstractions.
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estimation.
This study presents an architecture designed for performing depth estimation from
monocular images. The architecture aims to predict both the depth map of a scene
and the camera motion using a sequence of images captured by a single camera. It

consists of three main components: the Depth Network, the Pose Network, and the

Loss Function.

The Depth Network is responsible for estimating depth from a single image frame.
This network is based on a ResNetl8, which extracts multi-layer feature maps from
the input image. These features are then processed in the decoding stage to generate
a depth map. As a result, each pixel in the input image is assigned a depth value,

allowing for the estimation of the distance of each object in the scene from the camera.

The Pose Network estimates the relative pose difference (6-DoF) between two
consecutive image frames. Also based on ResNet18, this network learns the rotational
and translational movements between the frames. The extracted features from the input
frames are processed by the pose decoder to predict the relative pose between the two

images.

The Loss Function, referred to as the Photometric Reconstruction Loss, combines the
depth and pose estimates. It minimizes the photometric difference between the two

images, thereby improving both depth and pose predictions. By optimizing through
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this loss function, the Depth Network and Pose Network work collaboratively to
predict both the depth map of the scene and the camera motion. Consequently, depth
estimation can be performed using only monocular images. The overall structure and

data flow of this architecture are illustrated in Figure 2.4.
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2.3 Open Neural Network Exchange

2.3.1 Overview of ONNX

Open Neural Network Exchange (ONNX) is an open-source intermediary format that
facilitates the transfer and execution of various machine learning and deep learning
models across different frameworks [23]. ONNX enables the universal export of
models developed on diverse platforms, such as PyTorch, TensorFlow, and MXNet,
allowing for their deployment in varied environments. This feature provides flexibility
not only during the model development phase but also throughout the deployment and
usage processes. With its capability to perform efficient inference and optimization,
ONNX enhances performance across various hardware environments (GPU, CPU, 1oT

devices) [23].

2.3.2 Utilization of ONNX models in IoT devices

The utilization of ONNX format models in IoT devices presents significant advantages
regarding memory and processing power, particularly given the limited resources of
these devices. ONNX format models achieve high performance when deployed in
IoT devices due to their lightweight and rapid processing capabilities. Consequently,
ONNX models can be optimized through platforms like TensorRT or ONNX Runtime,
enhancing their efficiency for IoT devices characterized by low power consumption
and limited computational capacity. TensorRT is a library developed by NVIDIA
designed to enhance the performance of deep learning models. This library enables
model optimization and facilitates rapid inference capabilities, allowing devices to

utilize their limited resources efficiently.

Another essential optimization method is quantization, which involves representing
the parameters and computations of machine learning and deep learning models using
lower bit widths. For instance, employing 8-bit integers instead of 32-bit floating-point
numbers can reduce the model’s memory footprint while improving computation time

and energy consumption. This method offers substantial advantages, particularly for
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low-power devices and IoT applications, as it enhances capabilities for faster and
more efficient processing in resource-constrained systems. Quantization is achieved
by quantizing both weights and activations, thereby improving performance in deep

learning applications.

Thanks to these optimizations, rapid and effective inference can be performed in
tasks such as deep learning-based image processing, speech recognition, and anomaly
detection. Particularly in edge computing environments, the low latency and efficient
inference capabilities provided by ONNX support real-time decision-making processes

in IoT devices.
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3. METHODOLOGY

3.1 Data Sets and Preprocessing

This section introduces the datasets utilized in this study for training and evaluating the
object detection and distance estimation models. The BDD100K [24] and KITTI [25]
datasets are widely recognized in autonomous driving research and provide diverse
data that enhances the robustness of deep learning models. Additionally, we will
describe the preprocessing techniques applied to these datasets to prepare them for

use in the models.

3.1.1 BDD100K datasets

BDDI100K is an important dataset for autonomous driving and computer vision
research. This dataset consists of over 100,000 videos and 1.5 million frames, featuring
RGB images with a resolution of 1280x720, covering various scenarios such as
different weather conditions, time periods, and locations. Figure 3.1 shows sample
images from the BDD100K dataset. BDD100OK contains labeled image and data for

tasks like object detection, lane detection, and semantic segmentation.

Figure 3.1 : Samples from the BDD100K dataset.

The dataset includes diverse traffic scenarios in both urban and rural areas, providing

important information such as various vehicle types, pedestrians, cyclists, as well as
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Figure 3.2 : In the KITTI dataset, objects are annotated with 2D and 3D boxes, along
with corresponding 3D Velodyne LiDAR points.

road signs and lane markings. This extensive range of data helps deep learning models

become more robust and generalizable, offering the diversity needed for autonomous

driving systems to operate safely and effectively.

3.1.2 KITTI datasets

The KITTI dataset is a significant resource for autonomous driving research, providing
images captured by stereo cameras mounted on a vehicle. This dataset is particularly
valuable for depth estimation tasks, as it includes RGB images obtained from a stereo
camera system and depth maps derived from Velodyne LiDAR. Additionally, it offers
labeled data for tasks such as object detection, visual odometry, 3D object detection,
and scene flow estimation. The object detection labels include cars, vans, trucks,
pedestrians, sitters, cyclists, trams, and miscellaneous objects. The visualization of

2D and 3D object detection annotations, along with LiDAR data, is shown in 3.2.

The stereo images captured from left and right perspectives form the basis for depth

estimation, while the depth maps derived from Velodyne LiDAR point clouds enable
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accurate depth prediction for scenes and objects. The 3D Velodyne point clouds,
which contain between 90,000 and 100,000 points per frame, provide critical spatial
information for 3D object detection and environmental mapping. Moreover, the OXTS
GPS/IMU data supplies the vehicle’s position, speed, orientation, and acceleration,
supporting visual odometry and trajectory prediction tasks. The video categories
include city, residential, road, campus, person, and calibration. Labeled objects, such
as vehicles, pedestrians, cyclists, and trucks, are provided in both 2D and 3D formats,
enhancing object detection and tracking. Calibration files ensure the alignment of RGB
images, depth maps, and point clouds, allowing for accurate mapping of 2D detections

to 3D space.

3.1.3 Augmentation and preprocessing methods

The preprocessing stages of the BDD100OK dataset begin with parsing the image
annotations from the JSON format [26], where labels, categories, and bounding box
coordinates associated with each image are processed. The images are then resized
and normalized to meet the model’s requirements. Data augmentation techniques such
as rotation, shifting, and flipping are applied to ensure the model is trained on a more
diverse dataset. For the autonomous vehicle model, specific labels including person,
rider, car, bus, truck, bike, and motorcycle were used to enhance road and traffic safety,
while other labels were excluded from the process. These selected labels are critical
in recognizing dynamic objects around the vehicle, ensuring safe driving and accurate
navigation. Finally, the dataset is split into training and testing sets, making it suitable

for model training and evaluation.

The Eigen method, as described by Eigen et al. [27], was employed to divide the
KITTTI dataset into training, validation, and test sets, consisting of 39,810, 4,424,
and 697 images, respectively. This ensured a balanced dataset for accurate model
evaluation. During the preprocessing stages, images were converted from PNG to
JPEG format, maintaining image quality at 92% while optimizing file size using a
sampling factor of 2x2, 1x1, 1x1. The raw depth maps from the Velodyne LiDAR
sensor were resized, and both the images and depth maps underwent horizontal flipping

for data augmentation. The input resolution of the images was set to 1024x320 pixels
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to enhance computational efficiency and model accuracy. Additionally, static frames
were removed, retaining only dynamic frames containing object and scene changes,

thereby improving the model’s generalization capability.

3.2 Object Detection

YOLOVS is an optimized version of the YOLO object detection model, designed for
high-speed and high-accuracy detection across a range of object scales. YOLOVS
introduces several architectural improvements over its predecessors, such as the use of
CSPDarknet53 [28] as the backbone and the Bi-FPN [29] structure for efficient feature
fusion. These innovations enable the model to effectively detect objects in complex

environments while maintaining low computational overhead.

YOLOVS takes features from input images, uses them to draw boxes around objects,
and identifies their classes. It employs the CSPDarknet53 [28] network as its backbone,
offering effective learning capabilities. The model also incorporates a PAN-FPN
[30] structure, known as the bidirectional feature pyramid network (Bi-FPN), at the
neck, which facilitates efficient multiscale feature fusion. The Bi-FPN structure uses
adjustable weights to combine features from top to bottom and bottom to top, helping
the network focus on key features at different scales. Furthermore, YOLOVS uses
a scaling method that evenly adjusts the resolution, depth, and width of all network

parts, ensuring high performance even with limited resources.

The loss function in YOLOVS consists of three main components: the classification
loss (L¢s), the bounding box regression loss (Lyox), and the distribution focal loss
(Lan). These components are combined into a final loss function, expressed as the

weighted sum of the individual losses:

Ltotal = Lbox + Ldﬂ + Lcls (3- 1)

The weights of these components are hyperparameters that are adjusted during training
to balance the importance of each loss term. For instance, the classification loss
weight (Ls) controls the impact of class prediction accuracy, while the bounding box

regression loss (Lpox) influences the precision of the predicted bounding boxes. The
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distribution focal loss (Lgg) helps address class imbalance and enhances bounding box

regression, particularly for objects with blurry or unclear boundaries.

3.2.1 Binary cross entropy

Binary Cross Entropy (BCE) is a widely used loss function for binary classification
tasks, such as object detection, image segmentation, and other tasks that involve two
classes. It quantifies the difference between the predicted probabilities and the true
binary labels. BCE is particularly effective when the model outputs a probability score,
as it offers a clear and intuitive measure of how well the model’s predictions align with

the actual labels [31].

The Binary Cross Entropy loss function is given by:

BCE(p,y) = — (ylog(p) + (1 —y)log(1 - p)) (3.2)

In this equation, p represents the predicted probability of the positive class, and y
denotes the true label, where y € {0, 1}. The function calculates the log-likelihood of
the predicted probabilities for the true binary labels. Specifically, when the true label
is y = 1, the loss is determined by log(p), and when y = 0, the loss is calculated using
log(1—p).

The BCE loss penalizes predictions that deviate from the true labels, with larger
penalties for more significant deviations. This property encourages the model to output
probabilities that are as close as possible to the actual labels. As a result, BCE is an
effective loss function in scenarios where a clear binary distinction is needed, such as

detecting the presence or absence of objects in object detection tasks.

In practice, BCE is frequently paired with the sigmoid activation function, which
constrains the output probabilities to the [0, 1] range. The combination of BCE and
the sigmoid function provides a robust framework for training binary classification

models, ensuring that the model’s outputs are interpretable as probabilities [31].
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3.2.2 Complete intersection over union

Complete Intersection over Union (CloU) is a metric designed to enhance the
accuracy of bounding box predictions in object detection tasks. Unlike the traditional
Intersection over Union (IoU), CloU takes into account not only the overlap ratio
but also the center distance between predicted and ground truth boxes, as well as the
alignment of their aspect ratios. This multi-faceted approach allows for more accurate
localization of the bounding boxes. CloU is commonly employed in state-of-the-art
object detection algorithms, such as YOLOvS and YOLOVS, as it helps to improve the
precision of object detection by ensuring that bounding boxes are better positioned and

aligned.

The CloU loss function is expressed as:

pz(b7bg>

CloU=1-1IoU+ 7 o (3.3)
c

In this formula, IoU represents the overlap ratio between the predicted bounding box
b and the ground truth bounding box b,. The term p(b,by) denotes the Euclidean
distance between the center points of b and b,. The variable c is the diagonal length of
the smallest box that contains b and b,. The term v checks the aspect ratio consistency

between b and b,, and « sets the weight for the aspect ratio term.

The primary advantage of CloU is that it integrates multiple factors—overlap, center
distance, and aspect ratio alignment—into a single loss function. This enables the
model to not only classify objects correctly but also to predict bounding boxes that are
well-positioned and accurately sized. The inclusion of center distance and aspect ratio
alignment ensures that predicted boxes are closer to the target boxes, facilitating faster
and more accurate learning during training. Additionally, the CIoU metric optimizes
the shape and size consistency of the bounding boxes, leading to more precise object

localization results [32].
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3.2.3 Distribution focal loss

Distribution Focal Loss (DFL) is a loss function developed to improve the precision
of bounding box coordinates in object detection [33]. Instead of directly predicting
the bounding box coordinates, DFL enhances accuracy by making predictions
based on probability distributions. This approach allows the model to perform
distribution-based regression for each coordinate, ensuring that the predicted bounding
boxes are closer to the true positions. DFL is commonly used in models such as

YOLOVS8 to improve bounding box accuracy.

DFL computes a weighted focal loss based on the distance between the target
position and the two adjacent bins closest to it. The mathematical expression for the

distribution-based focal loss is as follows [33]:

DFL(S;,Si11) = —(yiy1 —y)1log(Si) + (v —yi) log(Si+1) (3.4)

In this formula, S; represents the probability predicted by the model for the ith bin, and
Si+1 is the probability predicted for the (i+ 1)th bin. The true bounding box coordinate
y is compared with the nearest bin values y; and y; ;. The distances y;;; —y and
y —y; between the true value and the predicted bins are considered and are weighted
accordingly in the loss function. Thus, the loss is minimized based on the proximity to

the target bin.

The bounding box coordinates are divided into discrete bins, allowing the model to
learn which bin a coordinate is closest to, rather than predicting the coordinate as a
continuous value [33]. The model then makes probability predictions for each bin,
which are normalized using the softmax function. DFL is computed based on the
probability distribution between the two bins closest to the true coordinate. In the
formula, the logarithmic probabilities of the bins closest to the true value are weighted
by their respective distances and summed. This approach optimizes the bins closest
to the target and penalizes incorrect bin predictions. As a result, the model not only

learns to predict the correct class but also optimizes the likelihood of each bounding
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box coordinate being in the correct position. This method helps the model predict

object boundaries with greater precision.

This technique ensures that the model learns not only the correct class predictions but
also optimizes the likelihood of each bounding box coordinate being in the correct
location. Consequently, the model learns the probabilities of all regions near the target
coordinate, rather than just predicting an exact value. This allows the model to make

more accurate predictions for object boundaries.

3.3 Depth Estimation

3.3.1 Self-Supervised depth estimation

Self-supervised depth estimation is a significant approach in computer vision,
particularly in scenarios where ground truth depth data is not available. In this section,
we explore the fundamental principles of self-supervised depth estimation, outlining
how the task is framed as a problem of novel view synthesis. For detailed information

on the architecture and components of the network used, please refer to Section 2.

Self-supervised depth estimation treats the learning task as novel view synthesis.
This method trains a network to predict how a target image would appear from the
perspective of another image. By limiting the network to synthesize images using
intermediate variables like depth or disparity, it becomes possible to derive meaningful
depth information from the model. However, this is an ill-posed problem because
many incorrect depth values per pixel can still reconstruct the image accurately. Due
to the relative pose between two views, there is significant uncertainty in precisely

reconstructing the novel view.

During training, we define the problem based on the minimization of photometric
reprojection error L,. We define the relative pose between the target image I, and
the source image I;, as T; ;. Using the depth map D;, we aim to minimize the L,

value.
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3.3.2 Minimum reprojection loss

In existing self-supervised depth estimation methods [34,35], reprojection error from
multiple source images is typically computed and then averaged for each source image.
However, some pixels visible in the target image may not be visible in certain source
images. In such cases, even if the pixel has an accurate depth prediction in the target
image, its color in the occluded source image will differ from the target, causing a high
photometric error penalty. These problematic pixels often arise due to out-of-view

areas at image boundaries, caused by egomotion, or due to occlusion.

The proposed minimum reprojection loss approach addresses these issues by selecting
only the minimum error value across all source images for each pixel, rather than
averaging the photometric error. This method simultaneously addresses problems
with both out-of-view pixels and occlusion-related inconsistencies. The per-pixel

photometric loss is computed as follows:

L,= H}gnpe (It71l0—>t)' (3.5)

This minimum reprojection loss reduces artifacts at image boundaries, sharpens
occlusion edges, and improves overall accuracy. By decreasing blurriness at image

boundaries, this method provides sharper depth discontinuities and enhances accuracy.

3.3.3 Auto masking

Self-supervised monocular training typically assumes a moving camera and a static
scene. When these situations are broken, such as with a stationary camera or moving
objects, the performance may degrade. During training, this can lead to "infinite depth

holes" in the predicted depth maps for moving objects.

The automatic masking method filters out pixels that do not undergo appearance
changes between consecutive frames, preventing the network from considering objects
that move at the same speed as the camera. Additionally, it allows for the disregard of

all frames in monocular videos when the camera is stationary.
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In this method, a mask p is applied to the loss function for each pixel. This mask
is binary, computed automatically during the network’s forward pass, and is not
learned from object motion. Pixels that remain unchanged between consecutive frames
typically represent a static camera, an object moving at the same speed as the camera,
or a low-texture region. Consequently, the mask is adjusted only for pixels where the
reprojection error of the warped image I,_,; is lower than that of the original source

image I;,. Mathematically, this situation can be expressed as follows:

(3.6)

)1 if ming pe (I, Iy ) < ming pe (I, 1)
u= )
0 otherwise

When the camera and another object move at a close speed value, the ¢t mask avoids the
loss calculations for static pixels in the image from being affected. When the camera
is stationary, the mask is capable of filtering out all pixels. This simple and low-cost

adjustment to the loss function leads to significant improvements in performance.

3.3.4 Network architecture and configuration

The depth estimation network utilized in this study is based on a general U-Net [36]
architecture with an encoder-decoder structure that includes skip connections, enabling
the representation of both deep abstract features and local information. For the encoder,
the ResNet18 model was chosen, which contains approximately 11 million parameters.
This model offers a faster and more lightweight alternative to larger and slower models,
such as DispNet and ResNet50 [19], often used in existing studies. Instead of training
from scratch, the model was trained using weights pre-trained on the ImageNet dataset

[37], which contributed to improved accuracy.

The depth decoder is configured similarly to models in the current literature, with a
sigmoid activation function at the output layer and ELU activation functions elsewhere.

Sigmoid outputs are converted to depth values using

1

- 3.7
ac +b’ 37

where a and b are chosen to constrain the depth values between 0.1 and 100 units.
Additionally, reflection padding, rather than zero padding, is employed in cases where

samples fall outside image boundaries, reducing edge artifacts observed in prior works.
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For pose estimation, an axis-angle representation is used for rotation prediction, with
rotation and translation outputs scaled by a factor of 0.01. During monocular training,
a sequence of three frames is utilized, and the pose estimation network is modified to
accept two color images (six channels) as input, enabling it to predict a relative pose

with a single six DoF.

3.4 Weighted Distance Estimator Algorithm

Within the bounding boxes created by object detection, background imagery often
extends beyond the detected object’s boundaries. Background pixels may potentially
distort the average depth estimation. To reduce the background pixels impact on depth
estimation, a Weighted Distance Estimator Algorithm is described as equations (3.8),
(3.9), (3.10). The Weighted Distance Estimator Algorithm is focused center image of

the detected bounding box, as shown in Figure 3.3.

LW = Weighty * (A(BoundingBox) — A(ShrinkBox)) (3.8)
HW = Weightg * A(ShrinkBox) 3.9
Depth = LW + HW (3.10)

To focus on the object at the center of the bounding box, the bounding box has been
cropped according to a reduction factor, and this region is referred to as the ShrinkBox.
BoundingBox represents with yellow color and ShrinkBox represents with blue color
as shown in Figure 3.3. Using parameters o and f3, the outer edges of the detected
object are weighted by the a, while the center points are weighted by the 3. In these
formulas, LW (Low Weight) represents the area difference weighted by o, which is
calculated by subtracting the area of the ShrinkBox, A(ShrinkBox), from the area of
the BoundingBox, A(BoundingBox). HW (High Weight) represents the area of the
center box weighted by B and is calculated as the area of the ShrinkBox. The Depth
value represents the sum of LW and HW values, reflecting the combined effect of low
and high-weighted pixels. This approach helps to illustrate the influence of pixels with
different weights. The reduction factor, Weighty and Weightg have been determined

experimentally and is explained in the experimental analysis section.
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Figure 3.3 : Example for bounding box and shrink box

3.5 Distance Estimation From Depth Matrices

Objects were detected, and their positions were determined using the YOLOvVS
algorithm. Subsequently, the Monodepth2 algorithm was applied to estimate the
depths of the objects. To minimize background noise, we computed the weighted
average of depth matrices. Further refinement was achieved by developing a Linear
Regression model, which utilized these depth matrices to make accurate relative

distance predictions.

Depth matrices represent depth using color codes. These color codes are used as
features for the linear regression model, while distance values are used as targets to
build the model. To train the Linear Regression model, depth maps of 1500 images
were extracted from the KITTI object detection dataset. The depth maps were resized
to match the original image dimensions and normalized to values between O and 255.
Median values for each color channel were then calculated. The Linear Regression
model was trained using these median values and absolute distance data to establish a
relationship between relative and absolute distances. The Linear Regression coefficient

formula is given in Equation (3.11).
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y=ap+aix) +axx; +azx3 (3.11)

In equation (3.11), where the medians of the red, green, and blue channels are
represented by the variables x;,x,, and x3, respectively. The values of ag, a;, a; and
asz represent the coefficients in the formula. The values are calculated as follows:
ag = 58.639,a; = —0.137,a, = 0.073 and a3 = —0.219. Thus, this model allows us to
make relative distance predictions independently of the object’s type, shape, size, and

focal length.

The linear regression model determines these coefficients using the least squares
method. This method aims to minimize the sum of squared errors, seeking to find the
most suitable coefficients by minimizing the squared sum of errors. Based on this idea,
curve fitting and least-squares optimization are used to find the approximate values of
the four unknown coefficients. This solution is the best way to link absolute distance

and relative distance.
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4. PERFORMANCE EVALUATION

4.1 Experimental Setup

In this study, tasks related to estimating depth and detecting objects were carried out
using the PyTorch library. For object detection, the YOLOvV8 model was employed to
detect seven distinct object classes. Model training was conducted with a learning rate
of 107>, using the ADAM optimization algorithm and a batch size of 32. To prevent
overfitting, early stopping was applied with a maximum of 300 epochs and a patience
value of 15. To balance computational efficiency and performance, the lightweight

variant of YOLOvS8 (YOLOv8s) was selected.

Additionally, the Monodepth2 framework was used for depth estimation, also
implemented using PyTorch. Both models were trained on A100 PCle GPUs with
30 GB of memory, where the Monodepth model required 32 hours and the YOLOvS8
model 12 hours to complete training. The training process was monitored using
TensorBoard, providing real-time visualization of loss functions and performance

metrics.

This experimental setup was optimized for both computational efficiency and accuracy,
specifically targeting real-time applications such as object detection and depth

estimation on resource-constrained IoT platforms.

A key component of the experimental setup was the deployment of the trained
models on an 10T device optimized for real-time applications. In this study, the
object detection and depth estimation models were deployed on the NVIDIA Jetson
Xavier NX, a device known for its low power consumption and compact design,
yet offering significant computational power. To further enhance model performance
and efficiency, the TensorRT optimization library was utilized. TensorRT accelerated
the inference processes, ensuring faster and more efficient operations, particularly in

resource-limited [oT environments.
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The software and library versions used in this experiment were as follows:
Python 3.10.12, YOLO (ultralytics==8.2.16), TensorRT==10.0.1, PyTorch==2.0.1,

torchvision==0.15.2, and TensorBoard==2.14.0.

4.2 Evaluation Metrics

In this study, various metrics are employed to evaluate the performance of object
detection and depth estimation models. These metrics are essential for measuring the
accuracy, precision, and overall success of the models. The descriptions and formulas

for each metric used are provided below.

4.2.1 Intersection over union

IoU is a metric that measures how much the detected object’s bounding box overlaps
with the ground truth bounding box. It is commonly used to evaluate the accuracy of
object detection models by calculating the ratio of the intersection area to the union
area of the two boxes. When the IoU value is close to 1, the model is considered to
have made an accurate detection; on the other hand, a value close to 0 suggests an

incorrect detection.

_|ANB|

ToU =
°Y JAUB|

@.1)

where |A N B| represents the intersection area of the detected and ground truth bounding

boxes, and |A U B| denotes their union area.

4.2.2 Mean average precision

Mean Average Precision (mAP) is used to measure how accurate a model is in object
detection. Specifically, mAP@0.5 checks the model’s performance when the IoU
threshold is set to 0.5. The IoU value indicates how much the area of detected bounding
box intercepts with the area of ground truth bounding box. This metric calculates the

ratio of true positives to false positives, then computes the average precision.
1 N
mAP@(0.5=—) AP, 4.2
N l; i (4.2)
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where N is the number of object classes, and AP, is the Average Precision for each

class.

4.2.3 Precision

Precision is the ratio of true positive predictions to the total positive predictions made

by the model. This metric indicates how well the model avoids false positives.

TP
Precision = —— 4.3)
FP+TP

where FP is the number of false positive predictions, and 7P is the number of true

positive predictions.

4.2.4 Recall

Recall is the ratio of true positive predictions to the total number of actual positive

instances. This metric measures the model’s success in detecting all relevant objects.

TP
Recall = ———— 4.4)
FN+TP

where F'N is the number of false negatives predictions, and 7 P represents the number

of true positive predictions.

4.2.5 Root mean squared error

Root Mean Squared Error (RMSE) evaluates the deviation of the predicted depth
values from the actual depth values. It is calculated by taking the square root of the
mean of the squared errors, providing a measure of the model’s prediction accuracy. A

lower RMSE indicates better predictive performance.

1
N !

1

(vi—3i)? 4.5)

M=

RMSE =

where N denotes the total number of samples, y; is the actual depth value, and ¥; is the

predicted depth value.
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Figure 4.1 : Class distribution and bounding box density analysis for the YOLOvV8s
object detection model’s training dataset.

4.2.6 Absolute error

Absolute Error calculates the average of the absolute differences between the predicted

and actual depth values. This metric helps evaluate the overall error rate of the model.

1 Y .
Abs = — Y |y — il (4.6)
NS

where N is the number of samples, y; is the actual depth value, and y; is the predicted

depth value.

4.3 Experimental Results

In this section, performance metrics, dataset analyses, and evaluation results are
presented for the object detection and depth estimation models. The experimental
findings are supported by visual data, including class distribution, bounding box
density analyses, training accuracy, and loss curves. These results highlight the
accuracy of the models in object detection and distance estimation, demonstrating their

contributions to real-time autonomous systems.

The object class distribution and bounding box density of the YOLOv8s object

detection model’s training dataset are shown in Figure 4.1. The bar graph in this
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figure reveals an imbalance across classes: the "car" class, with over 700,000 instances,
dominates the dataset, while other classes are underrepresented. This imbalance
reflects the dataset’s focus on road environments, where vehicles are the most common
objects. Consequently, the model achieves higher accuracy for the "car" class, whereas

detection performance is relatively lower for less-represented classes.

The bounding box density graph in Figure 4.1 indicates that object detections are
primarily concentrated near the center of the image. This trend can be attributed
to the central focus of in-vehicle cameras, which are designed to capture road and
surrounding objects. However, detection accuracy for objects located near the edges of
the image could be improved by incorporating more diverse training data, particularly

for edge cases and underrepresented classes.

Figure 4.2 presents the spatial and size distributions of bounding boxes in the
YOLOvV8s model’s training dataset. The first plot illustrates the density of object
locations, with the y-axis representing vertical positioning and the x-axis representing
horizontal positioning. The concentration of objects near the center of the image
indicates that the model is primarily trained on centrally located objects. This central
focus arises from in-vehicle cameras’ tendency to capture road and surrounding objects
in the center, which enhances the model’s capability to detect objects directly in front
of the vehicle. The second drawing shows the distribution of bounding box dimensions
in terms of width (x-axis) and height (y-axis). A dominance of smaller bounding
boxes is observed, suggesting that the model performs with higher accuracy on small
to medium-sized objects in the vehicle’s field of view, which is consistent with the

typical sizes of objects encountered in traffic.

After training, the YOLOvS8s model was evaluated using the test dataset, and the
resulting confusion matrix is shown in Figure 4.3. This matrix illustrates the model’s
performance across different classes by displaying the rates of correct and incorrect
classifications, thus highlighting its strengths and weaknesses. The confusion matrix
indicates high accuracy for frequently represented classes (e.g., "car"), but higher error
rates for underrepresented classes. This suggests that improving class balance could

further enhance overall accuracy across all classes.
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Figure 4.2 : Distribution of bounding box locations and sizes in the YOLOvVS8s
model’s dataset. The first plot displays the density of bounding box positions on the
x-y coordinates, while the second plot illustrates the width and height distribution.
Overall, the performance metrics, dataset analyses, and evaluation results demonstrate

the accuracy of both the object detection and depth estimation models, underscoring

their potential contributions to real-time autonomous systems.

Figure 4.3 summarizes the model’s performance across classes, emphasizing areas of
high accuracy as well as those with misclassification. This analysis offers insights
into areas where model improvement may be possible, guiding further enhancement of

object detection accuracy for autonomous vehicle applications.

Figure 4.4 presents experimental results for both depth estimation and object detection,
emphasizing the effectiveness of these models in object identification and distance
estimation. Each image set includes a visualization of depth estimation alongside
object detection outcomes, where depth is represented by a color gradient—Ilighter
shades indicating closer objects and darker shades representing greater distances.
This visualization provides a clear understanding of the spatial relationships between

detected objects, offering valuable insights for autonomous navigation.

Figure 4.5 presents four example results for object detection and depth estimation.
Each result includes visualizations of both object detection and depth estimation, with
depth represented by a color gradient—Ilighter colors indicating closer objects and

darker colors representing objects at greater distances.
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Figure 4.3 : Confusion matrix showing YOLOvS8s model’s classification performance
on the test dataset, with correct classifications along the diagonal and
misclassifications off-diagonal.
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Figure 4.4 : Visualization of depth estimation and object detection results. Lighter
colors denote closer objects, while darker colors represent more distant objects,
aiding in the assessment of spatial positioning and object distance.

In the figure 4.4, the first row shows the original camera view, followed by the second
row with overlays for depth estimation, and the third row with overlays for object

detection.

Object detection is enhanced with bounding boxes and class labels, accurately
detecting objects such as pedestrians, cars and cyclists. The integration of object
detection with depth estimation significantly contributes to situational awareness in
autonomous systems, as it enables both the recognition of object class and the
estimation of object distance—key elements for real-time decision-making and path

planning.

The depth map of the detected objects is extracted, and the relative distance estimation
is calculated using this map. To evaluate the performance of the proposed system,
a subset of 1,000 images was randomly selected from the KITTI Object Detection
dataset. This dataset includes a variety of objects, such as cars, pedestrians, and
motorcycles, and spans a range of distances. Importantly, these 1,000 images were
excluded from the training process, ensuring an unbiased evaluation of the model’s

performance.
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The evaluation of the detection framework involved the use of accuracy and Root Mean
Square Error (RMSE) as metrics to measure distance errors. Objects with accuracy
values falling below the predefined threshold were excluded from consideration.
RMSE served as a measure to quantify the error ratio between the predicted distance

values and the corresponding actual distance values.

The depth maps of objects detected by YOLOvV8 were extracted using Monodepth?2.
The combination of these two models was named "Model Combine (MC)" and
subjected to a weighted average process with different ratios (R), denoted as Weighted
Average (WAveg). Subsequently, Distance Estimation (DisEst) was performed, and
the resulting MAE for distance is presented in the table. As shown in Table 4.1, it
is evident that distance estimation obtained without fine-tuning on the KITTI object
dataset is particularly satisfactory, especially for short distances. The table presents the
performance of the model at close, medium, and far distances by providing distance
values in three different measures. The weighted average algorithm, with a ratio of

7 and specifically for objects at distances of 0-10 meters, has demonstrated the best

results.
Models R | 0-10 m | 10-25m | 25+ m
MC + WAveg 0 |2.09 3.14 8.42
MC + WAveg + DisEst | 5 | 1.76 3.01 8.07
MC + WAveg + DisEst | 7 | 1.21 243 5.42
MC + WAveg + DisEst | 15 | 4.45 3.58 8.72

Table 4.1 : Comparison of Distance Estimation Performance Across Different Model
Combinations and Ratios (R). The table shows the Mean Absolute Error (MAE) in
meters for objects at varying distances (0-10 m, 10-25 m, and 25+ m) using different
model combinations and weight ratios (R).

Next, we evaluate our model performance with respect to FPS results in
real-time, as shown in Figure 4.6. FPS values are measured on four different
hardware configurations such as Server, Jetson-ONNX, Jetson-TensorRT-Float32 and
Jetson-TensorRT-Integer8, respectively. Two key components (i) ONNX, an open
format built to represent machine learning models, and (i1) TensorRT, an SDK
specifically tailored for high-performance deep learning inference, are utilized during

the evaluation.
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Figure 4.6 : Comparison of FPS performance for the YOLOvS8s object detection
model, Monodepth2 depth estimation model, and their combined usage across
different hardware environments and optimization methods (Server with NVIDIA
A100 GPU, Jetson device with ONNX, TensorRT float32, and TensorRT int8). The
results illustrate the impact of hardware capabilities and optimization techniques on
real-time applicability for autonomous vehicle applications.

The graph in Figure 4.6 illustrates the FPS performance of the developed object
detection (YOLOVS8s) and depth estimation (Monodepth2) models when deployed on
different hardware environments and optimization methods. The primary aim of this

study is to evaluate the performance of these models on the NVIDIA Jetson device to

determine their suitability for real-time applications in autonomous vehicles.

The server environment, equipped with NVIDIA A100 PCle GPUs and 30 GB
of memory, provides high parallel processing power, making it suitable for
computationally intensive deep learning models. The server achieves an FPS of
approximately 150 for the YOLOv8s model, highlighting its capability to handle object
detection at high speeds. The Monodepth2 model also performs well on the server,
though it exhibits a lower FPS compared to YOLOVSs, likely due to the increased

computational requirements associated with depth estimation.

On the Jetson device, performance evaluations were conducted using various
optimization methods: ONNX format, TensorRT float32 (TrtF32), and TensorRT int8

(TrtIn8) conversions. The Figure shows that FPS values are relatively low in the
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ONNX format on the Jetson, but significant improvements are observed with TensorRT
optimizations. In particular, the int8 conversion notably enhances performance,
reaching approximately 80 FPS for the YOLOv8s model. This finding suggests
that int8 optimization is effective in improving efficiency on devices with limited
computational resources. Similarly, the Monodepth2 model also benefits from the int8

conversion, achieving a higher FPS compared to the float32 conversion.

In the “Combined” scenario, where both models are run concurrently, a decrease in
FPS is observed on both the server and Jetson device. This result, shown in Figure
4.6, indicates that running both models simultaneously imposes a considerable load
on system resources, thereby reducing overall performance. Nevertheless, the int8
conversion continues to provide relatively better performance even in the combined

mode on the Jetson.

These findings demonstrate that the optimized model achieves real-time operational
feasibility on the Jetson device, particularly through int8 conversion. The observed
performance enhancement with int8 conversion indicates that the model can meet the
real-time processing and low-power consumption requirements of autonomous vehicle
applications. In conclusion, this analysis supports the suitability of the developed
model for practical deployment in autonomous driving systems, offering a viable level

of performance for real-world use cases.
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S. RUNNING ON IOT DEVICE

The real-time execution of tasks such as object detection and depth estimation
in autonomous vehicles demands high computational power while simultaneously
requiring reliable and cost-effective hardware solutions. In this context, deploying
Internet of Things (IoT) devices with constrained processing power, memory capacity,
and energy consumption for such applications underscores the importance of model
optimization. This study aims to deploy the Monodepth2 depth estimation model
and the YOLOVS object detection model on IoT devices to enable surrounding object

detection and depth estimation within autonomous vehicles.

To achieve this, model conversion processes were initially applied to adapt the models
to the limited hardware capabilities of IoT devices. Subsequently, model quantization
was conducted to minimize memory usage and reduce energy consumption. During
the deployment and testing phases, the performance and accuracy of the models
were then evaluated under real-world conditions. These processes constitute essential
optimization steps to ensure that the Monodepth2 and YOLOv8 models operate

efficiently and effectively within the constraints of autonomous vehicle applications.

5.1 Model Conversion and Quantization

In this study, conversion and optimization processes were applied to the YoloV8 and
Monodepth2 models, aiming to reduce model size and improve inference speed for
deployment on IoT devices. Initially, both models were converted from their native
PyTorch framework to the ONNX format. ONNX provides platform independence,
making it particularly well-suited for deployment on IoT and embedded systems. By
converting to ONNX, the models shed complex data structures inherent in PyTorch,

resulting in a more streamlined, computation-focused structure.

Following the ONNX conversion, further optimization was conducted using NVIDIA’s

TensorRT [38] library for both the YoloV8 and Monodepth2 models.  The
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TensorRT optimization process included reducing precision levels, such as converting
from FP32 to FP16 or INTS, which effectively decreases memory usage while
increasing inference speed. The INT8 quantization process, in particular, represents
model weights and tensors in low precision, thereby enabling faster and more
memory-efficient processing—a significant benefit for resource-constrained IoT
devices. Additionally, TensorRT’s dynamic tensor shape optimization was utilized
to ensure the models operate within the memory constraints of the target devices.
Optimization of CUDA cores by TensorRT further reduces computational load on IoT

devices, accelerating the inference process.

To ensure successful inference on embedded systems, the hardware specifications and
resource limitations of the target devices were carefully considered. For instance,
INTS8 and FP16 optimizations available in TensorRT were applied to models intended
for deployment on NVIDIA Jetson platforms, which enabled enhanced performance
and reduced memory consumption. This optimization process aligns the models’
core operations with the capabilities of specific hardware, ensuring compatibility and

stability across various embedded systems.

Furthermore, model quantization and pruning were explored to further reduce model
size and complexity. Quantization enables low-precision calculations with minimal
accuracy loss, a key advantage in [oT applications where both depth estimation and
object detection demand reliable performance within limited computational resources.
Pruning, on the other hand, retains only the essential network structure necessary
for inference by removing redundant nodes, resulting in smaller models and faster

inference times.

Converting from PyTorch to ONNX also improves inference time and memory
usage. While PyTorch’s dynamic computation graph offers advantages during model
development, it can impose performance limitations during inference, especially in
resource-constrained environments. By using ONNX’s fixed computation graph, the
models avoid unnecessary processing steps, thereby reducing computational load
and memory consumption. This approach ensures faster inference, an essential

enhancement for real-time applications in autonomous systems.
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The process of converting the YoloV8 and Monodepth2 models from PyTorch
to ONNX, followed by TensorRT optimization, results in models that are both
compatible with embedded systems and highly efficient in terms of speed and
memory usage. These optimizations make it feasible to deploy the models in critical
real-time applications within autonomous vehicles, such as object detection and depth

estimation.

5.2 Deployment and Testing on IoT Devices

The deployment of deep learning models on IoT devices entails several critical steps
to ensure effective operation within the constraints of embedded systems. This study
employed NVIDIA Docker for the deployment and testing processes of the YoloV8
and Monodepth2 models on NVIDIA Jetson Xavier NX platforms [39].

NVIDIA Docker is a robust tool that facilitates the deployment of containerized
applications in environments utilizing NVIDIA GPUs [39]. It enables developers to
create, manage, and run containers that leverage GPU acceleration. By encapsulating
all dependencies, libraries, and runtime requirements within a Docker container, a

consistent and reproducible environment is provided across various devices.

For the deployment of the models, Docker images were created that included the
quantized versions of YoloV8 and Monodepth2, along with essential libraries such
as TensorRT and OpenCV. These images were prepared using Dockerfiles that specify
the base images and installation commands. Once the Docker images were prepared,

they were uploaded to a container registry for efficient access.

On the target IoT device, the container image was pulled and executed using NVIDIA
Docker. The lightweight nature of containers allows for rapid deployment of models,
circumventing the typical overhead associated with traditional virtual machines. The
hardware acceleration capabilities of the Jetson Xavier NX yield optimized inference
speeds, which are critical for real-time applications such as object detection and depth

estimation [40].

Following deployment, rigorous testing was conducted to validate the performance

of the models on IoT devices. These tests involved evaluating the inference speed,
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memory usage, and accuracy of the models under various scenarios. Sample datasets
were utilized to simulate real-world conditions and assess the models’ adaptability to

hardware constraints.

By leveraging NVIDIA Docker for deployment, the process of executing deep learning
models on IoT devices was streamlined. This approach not only simplifies the
deployment workflow but also ensures that the models operate effectively within the
limitations of embedded systems. The testing phase confirmed that the quantized
models were capable of performing object detection and depth estimation tasks
efficiently, thereby demonstrating their viability for use in autonomous systems and

other applications requiring real-time processing on resource-constrained devices.
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6. CONCLUSIONS

6.1 Summary and Contributions

In this thesis, a dual deep learning framework is proposed, combining a supervised
model for object detection and a self-supervised model for depth estimation. For
object detection, the YOLOvV8 model is chosen due to its superior accuracy and
FPS performance compared to earlier versions. The model is trained using selected
object classes from the BDDI10OK dataset. For depth estimation, the Monodepth2
model is employed, trained on monocular video sequences from the KITTI dataset.
The detected objects are projected onto the depth estimation map to calculate their
distances. One of the key challenges addressed in this study is the discrepancy between
the object and background depths within the bounding boxes during object detection.
A novel algorithm is developed to mitigate this error, ensuring more accurate distance

measurements.

In addition to the development of the deep learning models, this work also focuses
on real-time application. The YOLOV8 and Monodepth2 models are integrated on the
Nvidia Jetson Xavier NX platform, leveraging optimized GPU performance and the

TensorRT library for efficient processing in real-time environments.
The main contributions of this thesis are as follows:

The YOLOv8 model is utilized for object detection, offering a high detection accuracy
with low latency, making it suitable for real-time applications. Its performance is

thoroughly validated through extensive evaluation on the BDD100K dataset.

A novel approach is proposed to address the error caused by background depth within
the object bounding boxes during object detection. A weighted average of depth values
is used to accurately reflect the depth of the detected objects, significantly improving

distance estimation precision.
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A Linear Regression model is trained using the median RGB channel values extracted
from the weighted depth map. This approach enhances the robustness of depth

estimation, resulting in more reliable outputs.

The integration of the YOLOv8 and Monodepth2 models is successfully implemented
on the Nvidia Jetson Xavier NX platform. By utilizing GPU optimization and the
TensorRT library, real-time performance is achieved, demonstrating the system’s

effectiveness in practical applications.

6.2 Future Work and Limitations

This study introduces a dual deep learning architecture designed for real-time object
detection and depth estimation. Despite the promising results achieved, there are
several limitations and potential areas for enhancement that should be considered in

future research.

Firstly, the Monodepth2 model, employed for depth estimation, is exclusively trained
on monocular images. This may restrict its performance, particularly in complex
scene structures or scenarios where more advanced sensing technologies such as stereo
cameras or LiDAR are necessary for accurate depth perception. Future research could
investigate the integration of more diverse data sources, such as stereo images or
LiDAR, to improve depth estimation accuracy. Moreover, the Monodepth2 model
was trained using only the KITTI dataset, which may hinder its generalizability
across different environmental conditions (e.g., nighttime, adverse weather such as
rain). Expanding the training dataset to encompass a wider variety of environmental

conditions would likely enhance the model’s robustness and adaptability.

Regarding object detection, although the YOLOvV8 model delivers fast and accurate
results, it may face challenges in detecting very small or partially occluded
objects. Future work could explore more sophisticated object detection models or
consider retraining the YOLOv8 model to better handle such challenging scenarios.
Furthermore, to enhance the precision of depth and distance measurements for objects
of varying sizes, additional deep learning algorithms could be developed to incorporate

object size more effectively in the depth estimation process.
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A further limitation pertains to the system’s performance on the Nvidia Jetson Xavier
NX platform. Although optimized for this hardware, the system’s performance may
degrade in more complex or large-scale scenes. To address this, future research could
focus on utilizing more powerful hardware platforms or applying model compression
techniques to maintain efficiency while ensuring real-time performance on existing

hardware.

Lastly, the models and algorithms developed in this study have been evaluated on
specific datasets. To ensure broader applicability and improve generalization, future
research should involve testing across a more diverse set of scenarios and datasets. This
would provide stronger validation and facilitate the system’s deployment in real-world

applications.

6.3 Conclusion

In this work, we presented a new approach addressing the problem of depth estimation
from a single monocular camera image in real-time. Unlike the use of stereo videos
or expensive sensors, our method only necessitates a single monocular camera image
and delivers real-time responses, making it suitable for computation-limited embedded
devices. Moreover, we illustrate a more accurate approach to depth estimation
calculation by reducing background image error. As the future work, we plan
to incorporate segmentation on bounding boxes for robust depth estimation. This
approach can help prevent occlusion issues. We use Nvidia Jetson Xavier NX in this
study and we plan to upgrade the embedded device to achieve better FPS results.
In addition, Monodepth2 layers are not fully compatible with TensorRT SDK. If
TensorRT becomes fully compatible with new versions, we would like to update the

layers accordingly.

53






REFERENCES

[1] Lu, Y. and Lu, G. (2021). An alternative of lidar in nighttime: Unsupervised depth
estimation based on single thermal image, Proc. of the IEEE/CVF Winter
Conference on Applications of Computer Vision, pp.3833-3843.

[2] Shi, P., Peng, J., Qiu, J., Ju, X., Lo, F.P.W. and Lo, B. (2023). EVEN: An
Event-Based Framework for Monocular Depth Estimation at Adverse
Night Conditions, arXiv preprint arXiv:2302.03860.

[3] Casser, V., Pirk, S., Mahjourian, R. and Angelova, A. (2019). Depth prediction
without the sensors: Leveraging structure for unsupervised learning from
monocular videos, Proc. of the AAAI conference on artificial intelligence,
pp-8001-8008.

[4] Masoumian, A., Marei, D.G., Abdulwahab, S., Cristiano, J., Puig, D. and
Rashwan, H.A. (2021). Absolute Distance Prediction Based on Deep
Learning Object Detection and Monocular Depth Estimation Models.,
CCIA, pp.325-334.

[5] Tosi, F., Aleotti, F., Poggi, M. and Mattoccia, S. (2019). Learning monocular
depth estimation infusing traditional stereo knowledge, Proc. of the

IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pp-9799-9809.

[6] Li, Z., Liu, X., Drenkow, N., Ding, A., Creighton, F.X., Taylor, R.H.
and Unberath, M. (2021). Revisiting stereo depth estimation from a
sequence-to-sequence perspective with transformers, Proceedings of the
IEEE/CVF international conference on computer vision, pp.6197-6206.

[7] Godard, C., Mac Aodha, O. and Brostow, G.J. (2017). Unsupervised monocular
depth estimation with left-right consistency, Proc. of the IEEE conference
on computer vision and pattern recognition, pp.270-279.

[8] Shamsafar, F., Woerz, S., Rahim, R. and Zell, A. (2022). Mobilestereonet:
Towards lightweight deep networks for stereo matching, Proceedings

of the ieee/cvf winter conference on applications of computer vision,
pp-2417-2426.

[9] Howard, A.G. (2017). Mobilenets: Efficient convolutional neural networks for
mobile vision applications, arXiv preprint arXiv:1704.04861.

[10] Sandler, M., Howard, A., Zhu, M., Zhmoginov, A. and Chen, L.C. (2018).
Mobilenetv2: Inverted residuals and linear bottlenecks, Proceedings

55



of the IEEE conference on computer vision and pattern recognition,
pp.4510-4520.

[11] Author, A. and Author, B. (2022). A Comprehensive Review of Object Detection
Techniques, Journal of Computer Vision, 123(4), 1-25.

[12] Ren, S., He, K., Girshick, R. and Sun, J. (2016). Faster R-CNN:
Towards real-time object detection with region proposal networks,
IEEE transactions on pattern analysis and machine intelligence, 39(6),
1137-1149.

[13] Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C.Y. and Berg,
A.C. (2016). Ssd: Single shot multibox detector, Computer Vision—-ECCV
2016: 14th European Conference, Amsterdam, The Netherlands, October
11-14, 2016, Proceedings, Part I 14, Springer, pp.21-37.

[14] Jocher, G., Qiu, J. and Chaurasia, A. (2023). Ultralytics YOLO, https://
github.com/ultralytics/ultralytics.

[15] Lin, T., Maire, M., Belongie, S.J., Bourdev, L.D., Girshick, R.B., Hays,
J., Perona, P., Ramanan, D., Doll’a r, P. and Zitnick, C.L. (2014).
Microsoft COCO: Common Objects in Context, CoRR, abs/1405.0312,
http://arxiv.org/abs/1405.0312,1405.0312.

[16] Ronneberger, O., Fischer, P. and Brox, T. (2015). U-net: Convolutional
networks for biomedical image segmentation, Medical image computing
and computer-assisted intervention—-MICCAI 2015: 18th international
conference, Munich, Germany, October 5-9, 2015, proceedings, part 11l
18, Springer, pp.234-241.

[17] Godard, C., Mac Aodha, O., Firman, M. and Brostow, G.J. (2019). Digging
into self-supervised monocular depth estimation, Proceedings of the
IEEE/CVF international conference on computer vision, pp.3828—-3838.

[18] He, K., Zhang, X., Ren, S. and Sun, J. (2016). Deep residual learning for image
recognition, Proceedings of the IEEE conference on computer vision and
pattern recognition, pp.770-778.

[19] Godard, C., Mac Aodha, O. and Brostow, G.J. (2017). Unsupervised monocular
depth estimation with left-right consistency, Proceedings of the IEEE
conference on computer vision and pattern recognition, pp.270-279.

[20] Kendall, A., Grimes, M. and Cipolla, R. (2016). PoseNet: A Convolutional
Network for Real-Time 6-DOF Camera Relocalization, https://
arxiv.org/abs/1505.07427,1505.07427.

[21] He, K., Zhang, X., Ren, S. and Sun, J. (2015). Deep Residual Learning
for Image Recognition, https://arxiv.org/abs/1512.03385,
1512.03385.

56



[22] Wang, T., Pang, J. and Lin, D. (2022). Monocular 3d object detection with
depth from motion, European Conference on Computer Vision, Springer,
pp.386—403.

[23] developers, O.R. (2021). ONNX Runtime, https://onnxruntime.ai/,
version: 18.1.0.

[24] Yu, F., Xian, W., Chen, Y., Liu, F., Liao, M., Madhavan, V., Darrell, T.
et al. (2018). Bdd100k: A diverse driving video database with scalable
annotation tooling, arXiv preprint arXiv:1805.04687, 2(5), 6.

[25] Geiger, A., Lenz, P., Stiller, C. and Urtasun, R. (2013). Vision meets Robotics:
The KITTI Dataset, International Journal of Robotics Research (IJRR).

[26] Bray, T. (2014). JavaScript Object Notation (JSON), REC 7159, https://www.
ietf.org/rfc/rfc7159.txt.

[27] Eigen, D., Puhrsch, C. and Fergus, R. (2014). Depth map prediction from a single
image using a multi-scale deep network, Advances in neural information
processing systems, 27.

[28] Wang, C.Y., Liao, H.Y.M., Wu, Y.H., Chen, P.Y., Hsieh, J.W. and Yeh, I.H.
(2020). CSPNet: A new backbone that can enhance learning capability of
CNN, Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition workshops, pp.390-391.

[29] Tan, M., Pang, R. and Le, Q.V. (2020). Efficientdet: Scalable and efficient object
detection, Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp.10781-10790.

[30] Shi, Q., Wang, D., Chen, W., Yu, J., Zhou, W., Zou, J. and Liu, G. (2023).
Research on Spaceborne Target Detection Based on Yolov5 and Image
Compression, Future Internet, 15(3), 114.

[31] Goodfellow, I. (2016). Deep learning.

[32] Zheng, Z., Wang, P., Liu, W., Li, J., Ye, R. and Ren, D. (2020). Distance-loU
loss: Faster and better learning for bounding box regression, Proceedings
of the AAAI conference on artificial intelligence, pp.12993—13000.

[33] Li, X., Wang, W., Wu, L., Chen, S., Hu, X., Li, J., Tang, J. and Yang, J. (2020).
Generalized focal loss: Learning qualified and distributed bounding boxes

for dense object detection, Advances in Neural Information Processing
Systems, 33,21002-21012.

[34] Garg, R., Bg, V.K., Carneiro, G. and Reid, I. (2016). Unsupervised cnn for single
view depth estimation: Geometry to the rescue, Computer Vision—-ECCV
2016: 14th European Conference, Amsterdam, The Netherlands, October
11-14, 2016, Proceedings, Part VIII 14, Springer, pp.740-756.

57



[35] Zhou, T., Brown, M., Snavely, N. and Lowe, D.G. (2017). Unsupervised learning
of depth and ego-motion from video, Proceedings of the IEEE conference
on computer vision and pattern recognition, pp.1851-1858.

[36] Ronneberger, O., Fischer, P. and Brox, T. (2015). U-Net: Convolutional
Networks for Biomedical Image Segmentation, https://arxiv.org/
abs/1505.04597,1505.04597.

[37] Deng, J., Dong, W., Socher, R., Li, L..J., Li, K. and Fei-Fei, L. (2009). Imagenet:
A large-scale hierarchical image database, 2009 IEEE conference on
computer vision and pattern recognition, leee, pp.248-255.

[38] NVIDIA (2023). TensorRT: High Performance Deep Learning Inference Library,
https://developer.nvidia.com/tensorrt.

[39] Corporation, N. (2019). NVIDIA Docker: A Tool for Deployment of
GPU-Accelerated Applications, https://docs.nvidia.
com/datacenter/cloud-native/container—-toolkit/
install-guide.html.

[40] Corporation, N. (2021). NVIDIA Jetson Xavier NX: The Platform for Al and
Deep Learning, https://developer.nvidia.com/embedded/
jetson—-xavier—-nx.

58



CURRICULUM VITAE

Name SURNAME: Emre CETIN

EDUCATION:

* B.Sc.: 2019, Yildiz Technical University, Faculty of Computer and Informatics
Engineering, Computer Engineering Department

* M.Sc.: 2024, Istanbul Technical University, Department of Computer Engineering,
Computer Engineering Programme
PROFESSIONAL EXPERIENCE AND REWARDS:

e 2021-Current, Artificial Intelligence Software Engineer at Turkcell Technology
* 2020-2021, Artificial Intelligence Software Engineer at Baykar

* 2019-2020, Software Engineer at Softtech

PUBLICATIONS, PRESENTATIONS AND PATENTS ON THE THESIS:

e Cetin, E., Sarl, T. T., Assoy, M., Secinti, G. (2024, November). Monodepth-Based
Object Detection and Depth Sensing for Vehicle Vision Systems. In 2024 IEEE
10th World Forum on Internet of Things (WF-1oT) (pp. 696-701). IEEE.

* E. E. Aydin, E. Cetin, T. T. Sar1, G. Secinti, From Theory to Practice: A Testbed
for DL-Based Semantic Communication Architecture. 2025 IEEE 22nd Consumer
Communications & Networking Conference (CCNC), Las Vegas, USA, January
2025.

59



