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ABSTRACT

AUTOMATED TEXT LINE SEGMENTATION
FOR OTTOMAN MANUSCRIPT TRANSCRIPTION

SEÇİLAY KUTAL

COMPUTER SCIENCE AND ENGINEERING M.A. THESIS, JULY 2025

Thesis Supervisor: Prof. AYŞE BERRİN YANIKOĞLU

Keywords: Ottoman, Manuscript, Text Line, Segmentation, Computer Vision.

Text line segmentation is essential for analyzing historical manuscripts. This task
becomes challenging with documents handwritten documents, especially Ottoman
manuscripts, which often contain complex writing styles and overlapping lines. This
thesis presents various deep learning-based approaches for automatic text line seg-
mentation in Ottoman manuscripts. The U-Net-based approach relies on binary seg-
mentation followed by a connected component post-processing. The YOLO-based
methods include a single-stage (instance segmentation) and a two-stage (combin-
ing object detection and segmentation) approach. Models initially trained on Ara-
bic datasets, are tested on a 40-page Ottoman manuscript dataset containing both
straight and angled text lines, using various segmentation metrics. The YOLO ap-
proaches, which showed promising results, were further evaluated for their effect on
OCR performance using an Ottoman dataset with 199 text lines. The best per-
formance was obtained with the YOLO OBB & Segmentation method, achieving
a precision score of 99.3% on straight lines and 95% on angled lines at a 75% IoU
threshold. Furthermore, this approach yielded 13.1% CER and 34.7% WER on
the OCR evaluation dataset. With this best-performing method, an automatically
segmented Ottoman text line segmentation dataset is also generated, resulting in a
precision score of 96.5% evaluated on a 20-page subset. The dataset collected in this
work, consisting of 40 manually labeled and 110 automatically labeled pages, is pub-
licly shared to contribute to research on line segmentation of Ottoman manuscripts.
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ÖZET

OSMANLICA EL YAZMASI BELGELERİN TRANSKRİPSİYONU
İÇİN OTOMATİK SATIR BÖLÜTLEMESİ

SEÇİLAY KUTAL

PROGRAM ADI YÜKSEK LİSANS TEZİ, TEMMUZ 2025

Tez Danışmanı: Prof. Dr. AYŞE BERRİN YANIKOĞLU

Anahtar Kelimeler: Osmanlıca, El Yazması, Metin Satırı, Bölütleme, Bilgisayarla
Görü.

Metin satırı bölütlemesi, tarihi el yazmalarının analizinde için kritik bir adımdır.
Bu işlem, el yazısı belgelerde, özellikle karmaşık yazı stilleri ve üst üste binen satır-
lar içeren Osmanlıca el yazmalarında zorlu hale gelmektedir. Bu tez, Osmanlıca el
yazmalarında otomatik metin satırı bölütlemesi için çeşitli derin öğrenme tabanlı
yaklaşımlar sunmaktadır. U-Net tabanlı yaklaşım, ikili segmentasyon ve ardın-
dan uygulanan bağlantılı bileşen işlemlerine dayanır. YOLO tabanlı yöntemler ise
tek aşamalı (bölütleme) ve iki aşamalı (nesne tespiti ve bölütlemeyi) yaklaşımları
kapsamaktadır. Başlangıçta Arapça veri seti üzerinde geliştirilen yöntemler, çeşitli
bölütleme metrikleri kullanılarak 40 sayfadan oluşan ve düz ile açılı metin satırları
içeren Osmanlıca el yazması veri seti üzerinde değerlendirilmiştir. Yüksek başarı
gösteren YOLO yaklaşımları, ayrıca 199 satırlık bir Osmanlıca veri setiyle karak-
ter tanıma performansı açısından da değerlendirilmiştir. En iyi sonuç, %75 IoU
eşiğinde düz satırlarda %99.3 ve açılı satırlarda %95 kesinlik skoru ile YOLO OBB
& Segmentasyon yöntemiyle elde edilmiştir. Yöntem ayrıca, karakter tanıma veri
setinde %13.1 CER ve %34.7 WER elde etmiştir. En iyi performansı gösteren bu
yöntemle, otomatik olarak Osmanlıca metin satırı bölütlemesi veri kümesi de oluş-
turulmuş ve 20 sayfalık bir alt kümede %96,5 hassasiyet puanı elde edilmiştir. Bu
çalışmada toplanan, 40 adet manuel olarak etiketlenmiş ve 110 adet otomatik olarak
etiketlenmiş sayfadan oluşan veri kümesi, Osmanlı el yazmalarının satır segmenta-
syonu araştırmalarına katkıda bulunmak üzere kamuoyuyla paylaşılmıştır.
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1. INTRODUCTION

The digitization of historical documents plays a crucial role in advancing academic

research. As historical records gain increasing importance in contemporary sci-

ence, they provide valuable insights about past civilizations. Ottoman Turkish is

a language which was widely used in the Ottoman Empire between 13th and 20th

centuries. Despite no longer being actively in use, documents in Ottoman Turkish

can be valuable for learning the mysteries of the Ottoman Empire and tracing the

historical roots of modern Türkiye. As such, they constitute essential resources for

historical research (Ekinci, 2008; Kolodziejczyk, 2022).

Ottoman Turkish is a Turkish language that was developed under the in�uence of

Arabic and Persian languages. Given the linguistic heritage of Ottoman Turkish,

the translation of Ottoman documents into modern Turkish is a crucial step in their

analysis. A prerequisite for facilitating this translation is digitization through Op-

tical Character Recognition (OCR). Although OCR performs well on printed texts

due to their consistent formatting and preserved image quality, the process becomes

more complex for handwritten documents. The challenges arise from inconsistencies

in handwriting, complex features of Ottoman script - such as diacritical marks and

long-tailed forms of characters - and problems such as overlapping text and irregular

alignment of lines. To navigate these di�culties e�ectively, a multistage approach

is recommended, beginning with text line segmentation.

This study investigates text line segmentation as a solution to the challenges intro-

duced by Ottoman manuscripts in the OCR process. The problem was approached

through three distinct methods that utilize two di�erent model architectures. Model

training was conducted on publicly available Arabic datasets while testing was per-

formed on a manually labeled Ottoman dataset, due to the lack of Ottoman datasets

for segmentation tasks.
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2. RELATED WORK

The preservation and analysis of Ottoman documents are of great importance for

historical research, linguistic studies, and cultural heritage (•lhan, 1991). These

documents, spanning several centuries, contain valuable information about the ad-

ministrative, legal, literary and social aspects of the Ottoman Empire. However,

they are di�cult to access and study due to their cursive nature, linguistic complex-

ity and the use of Ottoman Turkish, which uses a modi�ed Arabic alphabet.

This section presents a comprehensive review of the literature in two primary do-

mains. First, it examines studies on Ottoman recognition systems, with a particular

focus on OCR and text recognition. It highlights the signi�cance of these processes

and the unique challenges posed by Ottoman script, such as its complex features

and lack of annotated datasets. It further outlines existing methodologies, recent

developments, and current limitations in the recognition of handwritten Ottoman

texts, thus establishing a foundation for addressing these challenges in subsequent

research.

Second, the section explores research on text line segmentation beyond Ottoman

documents, with particular attention to languages that use Arabic script. This

broader review helps to simulate the challenges encountered in Ottoman text seg-

mentation, given the structural and orthographic similarities between Ottoman and

Arabic handwriting.

By synthesizing insights from both domains, this review situates the present work

within the broader context of historical document processing and establishes a foun-

dation for the proposed methods.
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2.1 Ottoman Recognition Systems

Manual transcription and analysis methods are time-consuming, driving the need

for automatic recognition systems to support large-scale digitization. Researchers

are increasingly adopting OCR and text recognition technologies to convert scanned

documents into machine-readable text. This subsection reviews existing OCR and

text recognition research on Ottoman documents, highlighting key methodologies,

common challenges, and recent progress.

In a study using Hidden Markov Models (HMM), Onat, Yildiz & Gündüz (2006)

developed an OCR system to recognize Ottoman handwritten characters. Despite

its innovative approach, the system only achieved a recognition accuracy of 65%,

highlighting the di�culties associated with processing Ottoman script.

Bilgin Tasdemir (2023) tackled the lack of publicly available Ottoman datasets by

creating a recognition system trained on synthetic data. The system utilized a hybrid

Convolutional Neural Networks (CNN) and Bi-directional Long Short-Term Memory

(BiLSTM) architecture, enhanced with transfer learning to improve performance on

real-world data. The system, trained on printed texts, achieved a Character Error

Rate (CER) of 0:11 on the synthetic dataset and0:16 on the real dataset.

In a study on Ottoman document retrieval, Ataer & Duygulu (2006) proposed a

three-step approach comprising text line segmentation, word segmentation, and a

hierarchical matching method to identify similar word images. The study focused

on relatively clean printed documents, achieving 100% accuracy in text line segmen-

tation, an 82% average word extraction rate, and a 85% Mean Average Precision

(mAP) value for word matching on the evaluated dataset.

Dolek & Kurt (2021), in their OCR tool developed for printed Ottoman documents

in Naksh font, once again highlighted the lack of Ottoman datasets in the litera-

ture. To address this challenge, they utilized a dataset comprising both original

and synthetically generated documents. The system, built using a Long Short-Term

Memory (LSTM) architecture, achieved 88.64% raw, 95.92% normalized, 97.18%

combined character recognition accuracy rates, and 58% word recognition accuracy.

In contrast to traditional multi-stage methods, Tasdemir, Tando§an, Akansu,

K�z�l�rmak, Sen, Akcan, Kuru & Yanikoglu (2024) introduced a single-stage tran-

scription system for Ottoman documents built on a CNN-BiLSTM architecture.

Evaluation on a dataset comprising 6,800 text line images yielded a CER of 6.59%

and a Word Error Rate (WER) of 28.46%.
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2.2 Handwritten Text Line Segmentation

The problem of character recognition presents unique challenges in manuscripts com-

pared to printed documents, primarily due to the inherent complexities of handwrit-

ten text. In manuscripts, closely spaced lines, overlapping characters, inconsistent

line alignment, and writer-dependent variations in character shapes introduce sig-

ni�cant di�culties. These challenges are particularly pronounced in Ottoman and

Arabic scripts, where additional factors, such as context-dependent character shapes,

connected letters, and characters with diacritical marks and elongated tails, further

complicate recognition. At this stage, text line segmentation becomes a crucial

preprocessing step in end-to-end text and character recognition systems. E�ective

segmentation can minimize recognition errors and signi�cantly enhance system per-

formance. This subsection reviews studies on text line segmentation across di�erent

languages, highlighting the signi�cance of the problem and its impact on text recog-

nition systems.

In their study on Arabic handwritten text line segmentation, Meziani, Bouchakour,

Ghribi, Yahiaoui, Latrache & Abbas (2021) proposed a hybrid technique combining

Horizontal Projection Pro�le (HPP), Connected Component (CC) analysis, and

skeleton-based segmentation. The process begins by approximating line positions

using HPP, after which CCs are used to separate non-adjacent lines. For overlapping

or closely spaced lines, skeleton analysis is applied to detect intersection points and

re�ne the segmentation. The method achieved an F-measure of 85% with a 90% MS2

(Daldali & Souhar, 2019) threshold. Although the approach demonstrated strong

performance in distinguishing close and touching lines, it struggled in scenarios

involving lines with multiple skew directions, limiting its overall robustness.

In their study on o�ine Uyghur handwritten text line segmentation - a script similar

to Ottoman (Figure 2.1) - Suleyman et al. (2021) introduced an algorithm based

on a projection-based adaptive threshold selection method. Unlike conventional

techniques, their approach is insensitive to text line length, making it adaptable

to various handwritten scripts. The proposed method was tested on Uyghur and

Polish datasets, encompassing 1,474 text lines, where it achieved 97.70% recall on the

Uyghur dataset and 63.23% recall on the Polish dataset. Despite its e�ectiveness

in certain cases, the single-projection approach resulted in poor performance for

skewed text lines, sometimes leading to segmentation failures. Additionally, closely

spaced lines in handwritten texts introduced further challenges by disrupting peak

extraction in the projection pro�le, negatively a�ecting segmentation accuracy.
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Figure 2.1 Sample images from the dataset used in the study by Suleyman et al.
(2021)

Figure 2.2 Sample images from the dataset used in the study by Jindal & Ghosh
(2023)

Jindal & Ghosh (2023) addressed the challenge of text line segmentation in an-

cient handwritten documents, marking the �rst study in the literature to focus on

Devanagari script. The dataset used was outdated and partially corrupted, and

the characteristics of Devanagari script resemble the complexities encountered in

Ottoman manuscripts (Figure 2.2). They proposed a Faster Region-Convolutional

Neural Network (Faster R-CNN)-based approach for text line segmentation. Their

method achieved an F-measure of 99.98% on a Devanagari document dataset, which

they introduced in their study. They also noted that the model struggles with skewed

and overlapping lines, as it fails to produce separate bounding boxes in these more

complex layout scenarios.

Neche, Belaid & Kacem-Echi (2019) proposed two deep learning-based approaches

for Arabic text line and word segmentation. For text line segmentation, they utilized

the Recurrent U-Net (RU-net) architecture, which performs pixel-level segmentation
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to distinguish between text lines and background pixels. Their method relied on x-

height labeling ((Renton, Chatelain, Adam, Kermorvant & Paquet, 2017)), followed

by a post-processing step for baseline extraction. For word segmentation, they intro-

duced a method based on BiLSTM followed by Connectionist Temporal Classi�ca-

tion (CTC). Their experiments on the Arabic KHATT dataset (Mahmoud, Ahmad,

Alshayeb, Al-Khatib, Parvez, Fink, Märgner & Abed, 2012) yielded an F-measure

of 96.71% for text line segmentation and 80.1% for word segmentation.

Demir, Öz³eker & Özkaya (2021) addressed the segmentation of handwritten text

lines in documents with complex page layouts, including curved, multi-skewed, and

multi-directional lines. They proposed a Generative Adversarial Network (GAN)-

based architecture, employing U-Net (Ronneberger, Fischer & Brox, 2015b) as the

generator and PatchGAN (Isola, Zhu, Zhou & Efros, 2017) as the discriminator. The

model was trained and evaluated on the Challenging Text Line Dataset, an Arabic

dataset labeled using line masks. A subset of 24 images was used for training via

random cropping, and the model was tested on 4 held-out images. The system

achieved 83% precision, 88% recall, and an F-measure of 85%. The authors noted

segmentation inconsistencies, particularly in skewed lines, and recommended future

improvements by modifying the loss function to include segmentation-speci�c terms

and exploring alternative generators within the proposed architecture.

Barakat, Droby, Alaasam, Madi, Rabaev, Shammes & El-Sana (2021) proposed an

unsupervised deep learning approach for the segmentation of handwritten text lines,

leveraging both the text lines and the inter-line spaces. The method embeds image

patches in an unsupervised manner, requiring no manual annotations. The model

learns to distinguish text from the spaces based on di�erences in the number of

foreground pixels between the two regions. Evaluated on Arabic datasets - VML-

AHTE, International Conference on Document Analysis and Recognition (ICDAR)

2017 (Simistira, Bouillon, Seuret, Würsch, Alberti, Ingold & Liwicki, 2017), and

International Conference on Frontiers of Handwriting Recognition (ICFHR) 2010

(Gatos, Stamatopoulos & Louloudis, 2010) - the method demonstrated robust per-

formance in segmenting lines of uniform height, even in complex scenes. However, it

exhibited reduced performance when faced with variations in line height or irregular

text arrangements.

Ad�güzel, “ahin & Kalpakl� (2012) proposed a method for text line segmentation

based on projection pro�les. Using this approach, they achieved a segmentation

accuracy of 96% on a 20-page Ottoman manuscript dataset characterized by straight

text lines and relatively wide interline spacing.
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3. DATASETS

Given the limited availability of Ottoman datasets in the literature, alternative

datasets in other languages were considered for model development. Due to the lin-

guistic and structural similarities between Ottoman Turkish and Arabic, the Arabic

dataset discussed in Section 3.1 was selected for training purposes. The performance

of the developed systems was then evaluated using the Ottoman dataset introduced

in Section 3.2.

3.1 RASM2019 Dataset

RASM2019 dataset (British Library & Keinan-Schoonbaert, 2019), released in 2019

for the ICDAR Competition on the Recognition of Historical Arabic Scienti�c Manu-

scripts, serves as a benchmark for layout analysis and text recognition in historical

document processing.

Figure 3.1 Sample images from the RASM dataset (British Library & Keinan-
Schoonbaert, 2019) (with each text line highlighted in a di�erent color)
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The dataset contains 120 high-resolution TIFF images, drawn from Arabic scien-

ti�c manuscripts spanning the 10th to 19th centuries. Each image is accompanied

by an XML �le providing detailed ground truth annotations, including text block

boundaries and text line transcriptions, which make the dataset suitable for layout

analysis, OCR, and Handwritten Text Recognition (HTR) tasks (Figure 3.1).

An analysis of the number of text lines per page in the dataset revealed that the

majority of pages contain between 15 and 25 lines (Figure 3.2). However, pages

with a signi�cantly higher number of lines were also observed, representing outliers

in the distribution.

Figure 3.2 Distribution of text lines per page for RASM (British Library & Keinan-
Schoonbaert, 2019) dataset

Bounding boxes were generated for each polygon in the dataset, and the corre-

sponding widths and heights were analyzed (Figure 3.3). The results indicate that

polygon widths fall between 3000 and 4000 pixels, with corresponding text lines

averaging around 500 pixels in height. Additionally, a secondary cluster of text lines

with widths below 1000 pixels was also identi�ed in the graph, characterized by

greater variability in terms of height. Despite these di�erences, the majority of text

lines exhibit heights below 1000 pixels. These �ndings indicate that the text lines

in the dataset demonstrate a heterogeneous distribution in terms of both size and

orientation.
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Figure 3.3 Joint distribution of polygon widths and heights for RASM (British Li-
brary & Keinan-Schoonbaert, 2019) dataset

9



3.2 Asir Efendi Dataset

For this study, a custom dataset - referred to as the Asir Efendi Dataset - was created

and manually labeled at the pixel level to facilitate the identi�cation of individual

text lines (Section 3.2.1). The resulting dataset is publicly shared on GitHub1.

Figure 3.4 Sample image from the Asir Efendi Dataset (with each text line high-
lighted in a di�erent color)

The dataset includes 40 images of digitized Ottoman manuscripts, with each im-

age containing two adjacent manuscript pages. Text lines within the images are

evaluated in two categories: main blocks, which consist of straight, consistently

aligned lines, and side blocks, which contain text lines with varying orientations and

misalignments across the manuscript pages (Figure 3.4).

The analysis of the number of text lines per page (or image) in the dataset showed

that most pages contained approximately 46 lines (Figure 3.5). Each page in the

dataset represents an image that scans two manuscript pages; thus, each individual

manuscript page contains about 23 lines. Additionally, the presence of side blocks

on some pages contributed to an increase in the number of lines detected per page.

Bounding boxes were generated for each polygon in the dataset, and their corre-

sponding widths and heights were analyzed (Figure 3.7). The results showed that

1https://github.com/seccily/ottoman-text-line-segmentation-dataset
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the polygon widths formed two main distinct clusters of polygon widths: one be-

tween 300 and 400 pixels and another between 600 and 800 pixels. In both cases,

the text line height was consistently maintained between 50 and 100 pixels.

To evaluate the e�ect of the developed models on OCR, an additional dataset -

comprising the remaining pages of the As�r Efendi collection - was included in the

study. This dataset contains rectangular crops of straight text lines extracted from

the main blocks on each page, along with their corresponding transcriptions (Figure

3.6).

Figure 3.5 Distribution of text lines per page for Asir Efendi dataset

(a) Transcription: la'lün ümmidiyle varsam gül³ene ³ekl-i
sünbül mar güller har olur gülnar nar

(b) Transcription: la'li rumili'ndendür tarik-i 'ilmden
feragat ve üsküb'de ba'z� cihatla kana'at

Figure 3.6 Transcription sample from the Asir Efendi dataset for OCR evaluation
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Figure 3.7 Joint distribution of polygon widths and heights for Asir Efendi dataset
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3.2.1 Segmentation Labeling

The Label Studio (Tkachenko, Malyuk, Holmanyuk & Liubimov, 2020) tool, an

open-source and user-friendly annotation tool that supports labeling of audio, image,

text, video, and time series data for a variety of tasks, was used for the annotation

process.

Label Studio supports both brush and polygon annotation methods for semantic

segmentation tasks. In the polygon annotation method, the boundaries of the area

to be segmented are de�ned by marking data points to form a closed shape. In

contrast, the brush annotation method allows the user to paint the area directly.

In terms of labeling e�ciency, the polygon method is less e�ective, as it requires

marking a large number of points, particularly when segmenting irregularly shaped

objects. In this study, the brush tool was selected due to its e�ciency, enabling a

faster annotation process compared to the polygon-based method (Figure 3.8).

(a)

(b)

Figure 3.8 Polygon (a) and brush (b) labeling samples

As a result of the labeling process, the exported labels consisted of multiple binary

masks, each representing an individual line of text within an image using a pixel

value of 1 (Figure 3.9). These labels were subsequently converted into two formats

to accommodate di�erent model input requirements: a single binary mask per image

and a polygon-based format. All exported masks were combined to produce a single

binary mask for each image. For the polygon format, each individual binary mask

was �rst converted into a polygon using the OpenCV library (Bradski, 2000), and

the resulting polygon coordinates, along with class Identi�er (ID)s, were compiled

into a single .txt �le for each image.
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(a) Input image (b) Mask label for the �rst line

Figure 3.9 Exported annotation sample for the Asir Efendi dataset
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4. METHODOLOGY

The methods explored in this study leverage object detection, semantic segmenta-

tion, and instance segmentation tasks of computer vision to address the problem of

text line segmentation.

Object detection is de�ned as the task of identifying the location and class of objects

within an image. Each object is represented by a corresponding bounding box that

encloses it (Zou, Chen, Shi, Guo & Ye, 2023). Semantic segmentation refers to

the pixel-wise classi�cation of an image, where all objects of the same class are

categorized together. In contrast, instance segmentation not only classi�es but also

di�erentiates between individual objects within the same category (Minaee, Boykov,

Porikli, Plaza, Kehtarnavaz & Terzopoulos, 2021).

In this study, three segmentation approaches were developed based on the U-Net

(Ronneberger et al., 2015a) and You Only Look Once (YOLO) (Redmon et al., 2015)

architectures. The U-Net-based method performs semantic segmentation through

binary segmentation to distinguish text lines from the background, followed by a

connected component post-processing step to separate individual text lines (Section

4.2). In contrast, YOLO-based methods utilize instance segmentation (Section 4.3);

one further integrates Oriented Bounding Box (OBB) object detection step to im-

prove localization accuracy (Section 4.4). Among these three approaches, the �nal

approach demonstrated the highest overall performance.
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4.1 Background

4.1.1 U-Net

U-Net (Ronneberger et al., 2015a) is a CNN architecture originally developed for

biomedical image segmentation. The model employs a training strategy based on

data augmentation to make more e�cient use of limited datasets.

Figure 4.1 Original U-Net architecture (Ronneberger et al., 2015a)

The network comprises two distinct parts (Figure 4.1): a contracting path, which

captures semantic context through downsampling operations, and an expanding

path, which performs precise localization via upsampling symmetric to the con-

tracting path. This dual-path structure allows U-Net to achieve high accuracy in

pixel-wise segmentation tasks.

The U-Net model consists of 23 convolutional layers in total. In the contracting

path, each block is composed of a3� 3 convolution without padding, a Recti�ed

Linear Unit (ReLU) activation, and a 2� 2 max pooling operation with a stride of 2.

This structure progressively reduces spatial resolution while doubling the number of

feature channels at each step. In the expanding path, each layer begins with a2� 2

up-convolution, followed by concatenation with the corresponding feature map from

the symmetrical layer in the contracting path. This is followed by a3� 3 convolution
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and a ReLU activation. Finally, the �nal output layer uses a 1� 1 convolution to

map the feature representation to the number of target classes.

While the U-Net architecture was initially designed for biomedical segmentation

tasks, it has signi�cantly in�uenced subsequent research across various domains,

such as underwater imaging (Nezla, Mithun Haridas & Supriya, 2021), remote sens-

ing (Wang & Miao, 2022), and other computer vision applications (Shaukat, Farooq,

Tu, Xiao & Ali, 2022; Zaib, ur Rehman & Khursheed, 2024; Zhang & Zhang, 2023).

4.1.2 You Only Look Once (YOLO)

YOLO (Redmon et al., 2015) is a deep learning-based object detection framework

that formulates object recognition as a regression problem. Rather than treating

detection as a pipeline of separate stages, YOLO predicts bounding boxes and their

corresponding class probabilities directly in a single pass through the network. This

architecture enables the system to achieve exceptionally fast inference speeds, while

maintaining competitive accuracy , making it suitable for real-time applications.

The YOLO architecture is composed of 24 convolutional layers followed by 2 fully

connected layers (Figure 4.2). The convolutional layers are used to extract spatial

and semantic features from the input image, while the fully connected layers are

responsible for estimating bounding box coordinates and class probabilities.

Figure 4.2 Original YOLO architecture (Redmon et al., 2015)

The system divides the input image into an SÖ S grid, with each grid cell responsible

for detecting objects whose center point falls within the cell. Each cell predicts

bounding boxes, class labels, and con�dence scores. Each bounding box is de�ned
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