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ABSTRACT

Comic books, merging art with narrative, continue to captivate readers, cinema produc-
ers, and collectors, maintaining their allure as a cherished form of visual storytelling across
decades. Comic image segmentation is a pivotal aspect of the digital transformation of
comics. Leveraging heuristic approaches, neural network-based models (YOLO), and in-
novative transformer-based architectures (GroundingDINO, SAM), our research aims to
autonomously segment comic pages into their fundamental components: panels, comic
characters, and text areas. To this end, we further trained YOLOv5 and YOLOv8 models to
identify these components, while transformer-based models employed prompts to retrieve
them. By comparing their performance, in terms of established metrics (Precision, Recall,
Average Precision), across three well-known datasets (eBDtheque, DCM772, Manga109)
and using visual inspections, we conclude that pre-trained self-supervised transformer
models can competently outperform state-of-the-art approaches, which often require fur-
ther fine-tuning to achieve comparable results. Moreover, the character identification mod-
ule has been examined using neural networks and unsupervised learning. Following the
qualitative study, it was determined that this task is not universally applicable across var-
ious comic books. Instead, it should concentrate on the characters within a single comic
book or volumes within the same series.

SUBJECT AREA: Image processing, Document analysis systems, Document image pro-
cessing, Physical and logical layout analysis

KEYWORDS: Comics, Object Detection, Object Segmentation, Panel Detection, Charac-
ter Detection, Text Area Detection, Neural Networks, Transformers






NEPIAHWH

Ta KOUIKG, TTOU OUVOUALOUV TEXVN WE apriynon, ouvexifouv va cuvapTtadouv avayvwoTeg,
TTapPAYwYyoUS KIVAUATOYPAPOU KAl CUAAEKTEG, DIOTNPWVTAG TN yonTEia TOUG WG Jia aya-
TTNPEVN HOPYN OTITIKAG a@Aynong £dwW Kal dekaeTieg. O dIaxwpIoUOS EIKOVWY OTA KOUIKG
aTTOTEAEI £va KPIOIPO GTOIXEIO TNG WNPIOKNG METAUOPPWONG TWV KOUIKG. AEIOTTOIVTAG EU-
PIOTIKEG HEBODOUG, povTéEAa TTou BacdifovTal o€ veupwvikd dikTua (YOLO) Kal KaIvoTOuES
apxitekTovikéG transformer (GroundingDINO, SAM), n épeuvd pag oToxeUEI OTOV QUTOVOUO
S1axXwWPIoHO TWV CEAIdWYV KOUIKG OTA BACIKA TOUG CUCTATIKA: KOPE, XAPOKTAPES KOUIKG KAl
TTEPIOXEG KEIMEVOU. Ta TO OKOTTO aUTO, eKTTAIBEUCANE TTEPAITEPW Ta HOVTEAA YOLOVS Kkai
YOLOVS8 yia va evToTTioouv autd Ta CUCTATIKA, VW Ta JovTéEAa Baoliopéva o€ transformers
XPNOIYOTIOINOAV TTPOTPOTIEG YIA TNV AVAKTNOT TOUG. 2ZUYKPIVOVTAG TNV atrodoor) TOUG, JE
Baon kaBiepwuéveg PETPIKES (Precision, Recall, Average Precision), o€ Tpia yvwoTd oU-
voAa dedopévwy (eBDtheque, DCM772, Manga109) kal XpnoIJOTTOIWVTAG OTTTIKEG ETTIOE-
WPNOEIG, KATAAYOUNE OTO CUUTTEPOC A OTI TA TIPOEKTTAIBEUEVA HOVTEAD self-supervised
transformers pmTOopoUV va EETTEPACOUV ETTAPKWG TIG OUYXPOVEG HEBGOOUG, TTOU CUXVA O-
TTAITOUV TTEPAITEPW TTPOCAPHOYH VIO VA ETTITUXOUV CUYKPIOIUA aTTOTEAEOUOTA. ETTITTAEOV,
TO OUCTNUA AVAYVWPIONSG XAPOKTIPWYV EXEl ECETAOTEI XPNOIMOTTOIWVTAG VEUPWVIKA diKTUA
KOl Jn €TTOTTITEUOUEVN PABNOoN. Metd atmmd Tn TTOIOTIKN JEAETN, dIATTIOTWONKE OTI AUTO TO
€pyo dev PTTopEi va eQapuooTEi KABOAIKA o€ dIAQOopa KOUIKG. AvTiOETa, Ba TTPETTEI va £TTI-
KEVTPWVETAI OTOUG XOPAKTHPES EVOG JEPOVWHPEVOU KOUIK 1) O€ TOPOUG TNG id1ag OEIpdc.

OEMATIKH NEPIOXH: Emreepyaoia Eikovag, ZuoTthpaTta avadAluong yypdowy, Etegep-
yagoia Ikovag eyypaewyv, AvAAuon QUOIKAG Kal AoyIKAg diatagng

AEZEIZ KAEIAIA: Kbéuikg, Avixveuon avTIKEIMEVWY, TUNUATOTTOINON QVTIKEIMEVWY, Avi-
XVeuon TTAaIoiwy, Avixveuon XapakTipwy, Avixveuon TTepIOXNS KeluEvou, NeupwvIKda di-
KTua, Transformers
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Investigating Neural Networks and Transformer Models for Enhanced Comic Decoding

1. INTRODUCTION

Comic books have been a popular form of visual storytelling, captivating audiences with
their unique blend of art and narrative. Comics had an extremely high penetration among
readers in the previous decades and are still popular to either readers, cinema producers,
or collectors. Many studies [9] [10] [11] have shown that comics help young children
develop critical thinking, underscoring their significance for subsequent developmental
stages. With the advent of digital platforms and the increasing digitization of media, the
study and analysis of comic images have gained newfound significance. Comic images
present a compelling challenge in image processing and computer vision due to their
intricate artistic styles, diverse layouts, and the fusion of textual and visual content. Comics
have a unique layout format that presents additional difficulties in specifying a query and
finding results at the page level.

Comic image segmentation, which divides a comic page into meaningful regions, is key to
unlocking a deeper understanding of a comic narrative’s visual and textual elements. Ac-
curate segmentation enables extracting individual panels, comic characters, faces, speech
balloons, captions, and links between characters and balloons, facilitating various appli-
cations. Some examples of systems on comic books are comic translation [12], indexing
[13], adaptive display on various devices (smartphones, tablet, laptops, etc.) [8], improved
resolution [14] and even the automatic comic book generation [15].

1.1 Objectives of Master Thesis

The specific objectives of this master’s thesis are as follows:

1. Literature Review: A comprehensive survey of the existing literature will be con-
ducted to understand the state-of-the-art techniques in comic image analysis and
indexing. This review will serve as a foundation for the research and identify gaps
in current approaches.

2. Methodology Development: Novel image processing methodologies will be pro-
posed and developed to address the unique challenges posed by comic image seg-
mentation. These methodologies will encompass various aspects, including object
detection, region clustering, text extraction, and pattern recognition.

3. Dataset Creation: Finding and reconstructing a representative dataset of diverse
comic images is an important task. The dataset should be compiled, encompassing
different genres, artistic styles, languages, and layout compositions. This dataset
will be crucial for training and evaluating the developed techniques.

4. Evaluation: The proposed methodologies will be rigorously evaluated using quanti-
tative and qualitative metrics. Measures such as Intersection over Union, Precision,
Recall, mean Average Precision, and visual coherence performance.

23 E. Kouletou
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5. Future steps: The research in the context of this master thesis, could contribute
to the development of a comprehensive framework that will ultimately facilitate the
generation of comics in virtual reality or enhance the comic-reading experience by
infusing emotion and diverse voices. This innovation is particularly aimed at ensuring
that individuals who face challenges in reading can equally derive enjoyment from
comics. To achieve this objective, particular attention will be given to delineating the
crucial stages of development.

1.2 Problem Statement

This master thesis aims to investigate the boundaries of comic image segmentation using
computer vision principles and the latest and promising transformer-based models. The
central goal is to compare and test state-of-the-art (i.e., YOLO) and new well-presented
models (i.e., GroundingDINO & SAM) for autonomously identifying and separating distinct
elements within comic pages. Specifically, the proposed pipeline identifies the panels, the
characters, and the locations of dialogues and narratives. In addition, a heuristic approach
will be presented and tested for efficiency for the text area detection. Moreover, character
re-identification will be examined using neural networks and Machine learning models.
Last but not least, the research of this master thesis is accepted and will be presented at
the coMics ANalysis, Processing and Understanding (MANPU) workshop of the ICDAR
2024 conference, in Athens, Greece.

1.3 Organization

The structure of this master’s thesis is as follows: Chapter 2 begins with thoroughly exam-
ining the Related Work on Panel, Character, Text Detection, and the available datasets,
where it contextualizes its research within the existing scholarly landscape, addressing
how datasets have been previously utilized and the methodologies employed for detecting
various comic elements. The next section focuses on the ‘Theoretical background’ of the
methods used in the proposed system. Following this foundation, the ‘System Overview’
section describes the proposed system architecture, highlighting the integration of neural
networks and transformer models to innovate comic decoding. The ‘Experiments’ section
rigorously evaluates the system’s performance through various tests and scenarios, of-
fering quantitative and qualitative analyses to substantiate the research claims. Finally,
the master thesis concludes with ‘Conclusions and Future Work’, summarizing the key
findings and the implications of this study for the field of comic decoding and proposing
directions for future research to build upon the groundbreaking work presented.

E. Kouletou 24
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2. RELATED WORK

Comic images are a non-ordinary part of document images. They contain small images as
scenes of a story, called panels; inside them are the comic characters that "talk” to each
other, think something, or even do an action. So, digitizing a comic book should address
multiple tasks (panel detection, character detection and identification, text detection and
recognition). Many previous studies focused on specific tasks to propose an enhanced so-
lution. However, [13] presents an end-to-end comic indexing tool based on deep learning.
Its workflow involves panel detection, character/face detection, balloon localization and
association with characters, and text recognition. The produced annotations are stored in
an XML file following the Comic Book Markup Language.

2.1 Datasets

To develop modules for addressing these tasks, it is essential to utilize labeled data for
training and evaluation. The following sections provide descriptions of the most renowned
datasets that are accessible. Each dataset exhibits a label format and aligns with a subset
of comic-related tasks.

21.1 eBDtheque

eBDtheque [16] is the most compact dataset that contains labels for all comic tasks. The
main drawback is that the images are insufficient for training deep-learning models. It
consists of 100 images, each paired with a svg file. Annotations in this dataset cover four
classes: Panel, Balloon (with tailDirection), Character, and Line (with textType and text
inside). The dataset contains 100 images, 850 panels, 1550 characters, 1092 balloons,
and 4691 text lines. In our work, we used Version 3 - July 2019".

2.1.2 Digital Comic Museum 772 (DCM772)

DCM772 [13] comprises 772 annotated images sourced from 27 comics available in the
Digital Comic Museum. Each image is accompanied by a text file containing annotations
in the format "class id and bounding box coordination”. The dataset includes annotations
for Panel, Character, and Face classes (4470 panels, 8385 characters, 5438 faces), which
are publicly available?. The images could be downloaded from the Digital Comic Museum?
site.

'http://ebdtheque.univ-Ir.fr/download/v3/
Zhttps://gitlab.univ-Ir.fr/crigau02/dcm-dataset/-/tree/master
3https://digitalcomicmuseum.com/
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21.3 Manga109

Manga109 [17][18] encompasses annotations for 109 different manga volumes. Each
book has an XML file containing annotations for four classes: Frame (panel), Face, Body,
and Text. Annotations for all classes are represented as bounding boxes with their co-
ordinates. This dataset offers a comprehensive collection of manga book annotations,
facilitating research and applications in computer vision and comics analysis. In our work,
we used the 2021 released version*, which contains 10130 annotated images, 103850
panels, 157234 characters, and 147887 text areas.

2.1.4 ICDAR2019-FGC

The ICDAR2019-FGC® dataset serves a specific and intriguing purpose: to identify and
match similar characters. It is part of the challenge of the ICDAR 2019 Competition in
Sydney, Australia. This unique dataset is created by cropping character images from the
DCM772 dataset, where each character is meticulously labeled from 1 to 100. This dataset
is invaluable for tasks related to character identification, similarity analysis, and pattern
matching. It offers arich collection of character variations and is well-suited for researchers
and practitioners in the field of computer vision and image analysis who seek to develop
algorithms for character similarity assessment, text matching, or related applications. The
careful curation and labeling of characters make the ICDAR2019-FGC dataset a valuable
resource for advancing the capabilities of character identification systems and fostering
innovative research in the domain.

2.2 Panel Detection

The most essential task is panel detection, which is considered the root task for all the
following modules. In previous works, panels were identified using traditional image pro-
cessing techniques like connected components analysis and line detection. However,
some comics do not have a frame around each panel and these algorithms fall in fault.
Therefore, [13] proposed an object detection model with convolutional neural networks
(You Only Look Once, YOLO version 2) and trained it to identify the panels. To fine-tune
the model, two approaches were followed based on the pre-trained weights from Pascal-
VOCI[19]. The first is Anchor Boxes Learning using k-means clustering (k=5) to find five
representatives of bounding box shapes, and the second one is Representation Learning,
which is a type of transfer learning. In Representation Learning, the backneck (Darknet)
is trained on a different classification task and gets the weights to YOLO. Their research
showed that traditional methods [20] have a slight advantage, on average, compared to
YOLO. However, the more complex options, i.e., panels without a frame around them,
can be detected correctly only with deep learning. Another work is the Comic-MTL [8]

“http://www.manga109.org/
Shttps://fgc.univ-Ir.fr/itask/
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[6], which describes a model for multiple tasks at the same time (panel, face, character,
narrative boxes, balloon & balloon association to its speaker). Multitask learning used in
Comic-MLT reduces the computation time to analyze comic book images.

2.3 Character Detection / Identification

The next task is character detection, aimed at identifying the complete figures of comics’
protagonists. For this task, [13] also, proposed YOLOv2. It was further trained with the
DCM772 train set by adopting representative learning and anchor box learning strategies
using page or panel images as input. Both traditional image processing and machine
learning methods face difficulties in selecting features and generating heuristic rules for
generalized characters because characters in each comic will vary significantly across
comics (e.g., persons, animals, objects, etc.). Traditional methods are SIFT descriptor
[21], Frequent Subgraph Mining (FSM) techniques for comic image browsing using query-
by-example (QBE) model [22] and sketch-based query model [17]. Furthermore, a recent
study [23] explored the enhancement derived from integrating two datasets (eBDtheque
and Manga109) and examined the varying outcomes based on the resolution of page or
panel inputs. This research implemented data augmentation techniques to equalize the
sample representation between eBDtheque and Manga109. The findings indicate that
models trained with a combined dataset exhibited superior performance. Additionally, it
was concluded that training with panel-level data only (i.e., not including the whole comic
page in training sets) could be more efficient and increase processing time but without a
corresponding improvement in accuracy.

It is important to identify where are presented the same characters in a comic book with
different clothes and gestures in each panel. One work based on this cartoon Character re-
identification [24] used a histogram of oriented gradients (HOG) and efficient Subwindow
Search (ESS) with Color Names (CN) features. CAST (Character Labeling in Animation)
[25] introduces a self-supervised method for labeling characters in animations. It lever-
ages motion tracking to learn unique character representations across frames, enhancing
our understanding of animated content. Moreover, Zhang et al. propose an unsupervised
approach for comic character re-identification [26]. Their method extracts facial and body
features from static manga panels and utilizes clustering algorithms to achieve promising
character recognition results.

2.4 Text Area Detection

Another critical task is text area detection. Some research was focused on speech balloon
segmentation, others on text line detection, and others on text body detection. One previ-
ous work for balloon segmentation [27] used traditional techniques starting with adaptive
Threshold Selection (for binarization), followed by Balloon Candidate Selection (select-
ing white connected components, as candidate balloons, if they enclose black connected
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components, i.e. letters), and finally with Balloon Candidate Analysis (selecting thresholds
for removing “false alarms”). Another research obtains deep learning models for balloon
segmentation. The model in [28] combines the VGG-16 CNN model in a U-Net architec-
ture to predict a pixel-wise segmentation. Moreover, [13] combines the DeeplLabv2 model
with thresholding [27] to reduce false positive detected areas and increase true positives
specifically for open balloons. To this end, it keeps pixels that are proposed as inside
a balloon from both methods. The deep learning model was tested with the eBDtheque
dataset. However, the training dataset for the deep learning model is private.

E. Kouletou 28
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3. THEORETICAL BACKGROUND

Computer vision is a field of Artificial Intelligence (Al), that empowers computers to extract
meaningful insights from digital images and videos. In essence, computer vision operates
similarly to human vision, albeit with humans enjoying a significant head start. Human
vision benefits from a lifetime of experience to discern objects, estimate distances, de-
tect motion, and identify abnormalities within images. Computer vision trains machines
to perform these functions, but it accomplishes this feat in a much shorter timeframe us-
ing cameras, data, and algorithms rather than relying on retinas, optic nerves, and visual
cortex. This expedited training process allows computer vision systems tasked with in-
specting products or monitoring production processes to analyze thousands of items or
operations per minute, swiftly identifying imperceptible defects or anomalies, thereby sur-
passing human capabilities [8]. It started with classical machine learning algorithms and
evolved into deep learning models for many tasks. Some computer vision tasks are im-
age classification, object detection, object segmentation, object tracking, content-based
image retrieval, and some combination of images and natural language and speech.

3.1 Image Processing-Filters

Classical image processing techniques serve as the cornerstone of computer vision, play-
ing a pivotal role in its historical development and continued relevance in the modern era.
These fundamental methods have been instrumental in deciphering and manipulating vi-
sual data, paving the way for groundbreaking advancements in computer vision. From the
early days of edge detection and image enhancement to more sophisticated tasks like ob-
ject recognition and feature extraction, classical image processing techniques have been
indispensable tools for researchers and engineers alike. As we delve into the rich his-
tory and enduring significance of these techniques, it becomes evident that they form the
bedrock upon which the complex and ever-evolving field of computer vision has been
built, offering both a historical perspective and crucial insights into its contemporary appli-
cations.

Filters play a pivotal role in the real of computer vision, serving a critical purpose in en-
hancing image quality and mitigating noise. In this context, various algorithms, including
both linear and nonlinear approaches, are deployed to filter images, unlocking a multitude
of essential capabilities in image processing. These filters are instrumental in tasks such
as noise reduction and deblurring. It's worth noting that nonlinear filters exhibit distinct
behavior from their linear counterparts, deviating from the principles of scaling and shift
invariance and often yielding results that defy intuitive expectations. In this exploration
of filters in computer vision, we will delve into their significance and the diverse array of
applications they facilitate. Its filter contains the info of the neighbors’ pixels using a math-
ematical operation. How many neighbors should be used is defined based on kernel size.
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3.1.1 Average/ Mean filter

The most straightforward filter to implement is referred to as the average filter. Its primary
function is to perform average smoothing on an image, and its name aptly reflects this
operation. Essentially, each pixel within the image, denoted as ’l,’ is substituted with the
mean value derived from its neighboring pixels. This process effectively blends noise into
the overall image. example

3.1.2 Gaussian Blur Filter

For many applications, Gaussian blur is regarded as an ideal blurring method, provided
that the kernel support is sufficiently large to encompass the fundamental aspects of the
Gaussian distribution. When applying a Gaussian filter with a square support, it possesses
the property of being separable. In the context of 2D filtering, this means it can be broken
down into a sequence of 1D filtering operations, both for the rows and columns of an
image. In cases where the filter radius is relatively small, typically less than a few dozen,
the most efficient approach to compute the filtering result involves a direct 1D convolution.
It's worth noting that when convolution is performed, the result has a length of N+M-1,
where N represents the size of the signal, and M denotes the size of the filter kernel
(which is equivalent to 2r+1). In other words, the output signal ends up being longer than
the input signal as a consequence of this convolution process. example

3.1.3 Median filter

One effective method for achieving noise reduction is through the utilization of the me-
dian filter, a non-linear digital filtering technique that is frequently employed to eliminate
noise. This noise reduction step is a common preprocessing procedure aimed at enhanc-
ing the outcomes of subsequent processing steps, such as edge detection in an image.
The reason behind the widespread adoption of median filtering in digital image process-
ing lies in its ability, under specific conditions, to preserve the edges within images while
simultaneously eliminating unwanted noise. The median filter operates as a non-linear,
local filter, generating its output value as the middle element of a sorted array comprised
of pixel values from the filter window. This unique characteristic of selecting the median
value endows the filter with robustness against outliers, making it particularly effective for
reducing impulse noise. example

3.2 Morphological Operations

Morphological operations have an important role in the classical computer vision. The
erosion, dilation, opening, and closing are the basic morphological operations. They are
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developed for binary images and take as input the original image and one kernel which
decides the nature of the operation’.

3.2.1 Erosion

Erosion, a fundamental concept in image processing akin to soil erosion, involves the
gradual removal of the boundaries surrounding a foreground object, typically represented
in white. This operation entails the movement of a kernel across the image, similar to
the process of 2D convolution. When the kernel traverses the original image, a pixel
will retain its value of 1 only if all the pixels within the kernel’s span are also equal to 1.
Otherwise, it gets eroded and is set to zero. Consequently, what transpires is the removal
of pixels located near the object’s boundary, with the extent of this removal contingent
upon the size of the kernel. This effectively reduces the thickness or size of the foreground
object, leading to a reduction in the white region within the image. Erosion proves to be a
valuable technique for tasks such as eliminating small instances of white noise, which can
be observed in the color space, as well as detaching two connected objects from each
other.

3.2.2 Dilation

Dilation is essentially the opposite of erosion. In dilation, a pixel element is assigned a
value of ’1’ if at least one pixel within the kernel is ’1’. This operation results in the expan-
sion of the white region in the image or an increase in the size of the foreground object.
Typically, in scenarios like noise removal, erosion is followed by dilation. Erosion is used
to eliminate white noise, but it also causes the object to shrink. To counter this, dilation
is applied. Since the noise has been removed, it won’t reappear, but the object’s area
increases, restoring its original size. Dilation is also valuable for connecting fragmented
parts of an object, effectively repairing broken structures within the image.

3.2.3 Opening

The opening of A by B is obtained by the erosion of A by B, followed by dilation of the
resulting image by B. It helps to remove noise in the background.

3.24 Closing

The closing of A by B is the opposite of the opening. Dilation of A by B and then erosion of
the resulting image by B. It is used for removing small noisy points inside the foreground
area.

https://docs.opencv.org/4.x/d9/d61/tutorial_py_morphological_ops.html
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3.3 Edge Detection Algorithms

Edge detection algorithms are fundamental tools in image processing and computer vision.
They play a crucial role in identifying and highlighting the boundaries and transitions within
images, allowing computers to discern object shapes and structures. These algorithms
are essential in various applications, from object recognition and image segmentation to
medical image analysis and autonomous navigation. By detecting edges, these algorithms
provide valuable information for understanding and interpreting visual data, making them a
cornerstone of modern image analysis and computer vision systems. In this exploration of
edge detection algorithms, we will delve into their principles, techniques, and applications,
shedding light on their significance in the field of computer vision.

3.3.1 Sobel

The Sobel edge detection algorithm [29] is a discrete differentiation operator that computes
an approximation of the gradient of the image. The outcome of the process indicates
how abruptly or smoothly an image changes at a specific point, offering insights into the
likelihood of that region representing an edge and the probable orientation of the edge.
In practical terms, calculating the magnitude (likelihood of an edge) is more reliable and
easier to interpret than determining the direction. Mathematically, the gradient of the image
intensity function at each point is a 2D vector, with components representing derivatives
in the horizontal and vertical directions. The gradient vector at a given point points to the
direction of the largest possible intensity increase, and its length corresponds to the rate of
change in that direction. Consequently, in a region of constant image intensity, the Sobel
operator yields a zero vector, while at an edge, it produces a vector pointing across the
edge from darker to brighter values.

3.3.2 Canny

The Canny edge detection algorithm [30], often regarded as the optimal edge detector,
aimed to improve existing edge detection methods. Canny John established three key
criteria for edge detection: low error rate to avoid missing edges and false responses, well-
localized edge points, and a single response for each edge. To meet these criteria, the
Canny edge detector begins by smoothing the image to remove noise and then calculates
the image gradient to highlight areas with high spatial changes. It tracks along these
regions, suppressing non-maximum pixels. Next, a process called hysteresis is applied,
involving two thresholds: pixels below the lower threshold are considered non-edges,
those above the higher threshold are marked as edges, and those in between are set to
zero unless a path exists to a pixel with a gradient above the higher threshold.
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3.4 Object Detection Models

The object detection is a chapter on computer vision challenges. It is a technique for
computers to recognize and localize objects in an image or video, like humans. Object
detection algorithms typically leverage machine learning or deep learning to mimic human
recognition and produce meaningful results. Object detection applications? are shown in
our daily life like number plate recognition, face recognition and mask detection for COVID-
19 restrictions, object tracking at group games like baseball or cricket, self-driving cars as
Tesla cars and robotics.

The state-of-the-art object detection algorithms, in recent years, are: YOLO [2], MaskR-
CNN [31], FastRCNN [32]. However, traditional computer vision algorithms like image
filtering always help with preprocessing steps and for solving problems without labeled
data. What is more, the rapid development of Large Language Models (LLMs) especially
after the ChatGPT[33] release, changed the computer vision and object detection area.
Based on Transformer architecture, pretrained visual transformers were developed and
released as open-source software. The results of visual transformers are impressive.

For the master thesis, we are focused on YOLO-architecture and Transformer-based ma-
chine learning models. So, in the next subsections, it will be described briefly the models
that we used.

3.41 You Only Look Once (YOLO)

YOLO[2][3] model is a state-of-the-art model that was developed in 2015 by Facebook Al
Research team. After that, many modifications and improvements were made creating
different versions of YOLO with the latest one being in 2023 and maybe invented others
in the next years. The architecture of the YOLO is based on Convolutional Neural Net-
works which extract features from the input image and fully connected layers that predict
the output probabilities and coordinates. One high-level figure of the base architecture of
the YOLO v5 is figure 3.1. The backbone of version 5 is a convolutional neural network
CSPDarknet53 and of version 8 is EfficientRep. The neck is used to multi-scale the fea-
tures using Spatial Pyramid Pooling for version 5 and Feature Pyramid Network in version
8 combined with PANet to improve multi-scale feature aggregation. The head contains
MLP detection layers predicting at three scales in version 5 and Enhanced detection lay-
ers with an anchor-free mechanism for better performance in version 8.

Moreover, the Non-Maximum Suppression (NMS) is an important post-processing algo-
rithm that is used after the region proposal step to eliminate duplicate bounding boxes and
select the most relevant ones. The idea behind NMS is straightforward. It works by com-
paring the confidence scores of the proposed bounding boxes and eliminating the ones
that overlap significantly with a higher-scoring bounding box. NMS greatly decreases the
occurrence of inaccurate detection in object detection outcomes. False positives happen

2https://neptune.ai/blog/object-detection-algorithms-and-libraries
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Figure 3.1: YOLOVS5 high level architecture [1]

when a bounding box is created for an image region lacking an object. NMS tackles this
issue by picking only the most pertinent bounding boxes related to the identified objects.
Moreover, NMS aids in cutting down the computational workload of object detection algo-
rithms by removing duplicate detections.

Additionally, in version 2 was introduced the anchor boxes element. Anchor boxes, also
known as anchor priors or default boxes, are pre-defined bounding boxes with specific
sizes, aspect ratios, and positions that are used as reference templates during object
detection. These anchor boxes are placed at various positions across an image, often in
a grid-like pattern, to capture objects of different scales and shapes. During training and
inference, anchor boxes are used to predict the locations and shapes of objects relative
to these reference boxes®.

One timeline with the YOLO models was depicted in Fig. 3.3. The different versions
were facing a trade-off between speed and accuracy. YOLO versions, including YOLOv2
(YOLO9000) and YOLOV3, refined the real-time capabilities by introducing anchor boxes,
pass-through layers, and a multi-scale feature extraction architecture. As the YOLO frame-
work evolved with models like YOLOv4 and YOLOVS5, innovations such as new network
backbones and optimized training strategies led to significant accuracy gains without com-
promising real-time performance. From YOLOvS onwards, official models offer a fine-
tuned trade-off between speed and accuracy, providing different scales tailored to specific
applications and hardware. These versions often include lightweight models optimized for
edge devices, prioritizing reduced computational complexity and faster processing times
over absolute accuracy.

3https://medium.com/@nikitamalviya/object-detection-anchor-box-vs-bounding-box-bf1261f98f12
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Figure 3.2: Example of how the YOLO model works. It divides the image into an S x S grid and for
each grid cell predicts B bounding boxes, confidence for those boxes, and C class probabilities. [2]

3.4.2 Segment Anything Model (SAM)

In April 2023, Meta Al introduced a robust model for object detection and segmentation
known as SAM, short for the Segment Anything Model[4]. SAM has caused a signifi-
cant revolution in the field of object segmentation due to its ability to address zero-shot
challenges. Consequently, SAM eliminates the need for retraining for each task that is
content-specific. As far as the SAM architecture is concerned, the main components are
an image encoder, a prompt encoder, and a fast mask decoder. An overview is shown in
Fig. 3.4.

* Image encoder has the Masked Autoencoder (MAE) Visual Transformer (ViT) archi-
tecture. This means that the encoder in this approach is based on the ViT model,
but it is applied exclusively to visible, unmasked patches. Like a standard ViT, this
encoder projects patches linearly, adds positional embeddings and processes them
using Transformer blocks. However, our encoder focuses on a small subset (e.g.,
25%) of the complete patch set and excludes masked patches, eliminating the need
for mask tokens. This design enables the training of large encoders with signifi-
cantly reduced computational and memory requirements, with the complete patch
set being managed by a lightweight decoder.

* Prompt encoder has a different architecture based on the type of prompt. For prompt
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Figure 3.3: YOLO history flowchart [3].
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Figure 3.4: Segment Anything Model (SAM) overview [4].

points and boxes, it uses a model to represent them as positional encodings. Fortext
prompts, a CLIP type of model is performed to combine text and image embeddings.
Last but not least, for mask prompts, down-sampling is processed using convolution
layers with GELU activation function and layer normalization. After that, element-
wise addition runs with the image embeddings.

» Fast mask decoder (Fig. 3.5) consists of a Transformer decoder block with a dy-
namic mask detection head. It gets as input the prompt and image embeddings.
The architecture of the decoder block consists of prompt self-attention and cross-
attention in two dimensions (prompt-to-image and vice-versa) layer normalization
and dropout of 0.1. Using cross-attention in both prompt-to-image and image-to-
prompt directions helps the model to consider and weigh information from both the
prompt and the image when updating embeddings. It’s like making sure the decoder
not only pays attention to the details of the prompt but also incorporates relevant
features from the image. This two-way communication enhances the overall under-
standing of the context and improves the model’s ability to generate more accurate
and contextually relevant outputs. After two decoder blocks, the image embedding
is upsampled with two transposed convolutional layers and passed through a 3-
layer Multi-Layer Perceptron to dynamically calculate the output token with mask
foreground probability at each image location.
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Figure 3.5: Details of the lightweight mask decoder [4].
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Figure 3.6: The process of creating the SAM training dataset [4].

Some other important aspects of SAM are based on the training process. First and fore-
most, the training dataset contains 11 Million images with more than 1 Billion masks. The
masks are calculated using three stages: assisted-manual, semi-automatic, and fully au-
tomatic (Fig. 3.6). At the initial stage, SAM assists human annotators in the annotation
process. In the second stage, SAM takes on a more active role by automatically gener-
ating masks for a subset of objects. This automation is triggered by providing SAM with
probable object locations. The annotators then focus on annotating the remaining objects,
contributing to a more diverse set of masks. The idea here is to leverage automation for
efficiency while still maintaining human oversight and input. In the final stage, SAM oper-
ates fully autonomously. An interesting approach is taken here: SAM is prompted with a
regular grid of foreground points across the image. This systematic approach results in
the generation of approximately 100 high-quality masks per image, showcasing the ability
of SAM to annotate images independently and systematically with a significant degree of
automation.

Moreover, SAM learned and evaluated zero-shot problems in many different contents and
tasks compared and outperformed the SOTA models.

3.4.3 GroundingDINO

GroundingDINO [5] was also developed by Meta Al in March 2023 aiming to detect bound-
ing boxes from an image that are related to a text prompt. The Grounding DINO is an ex-
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Figure 3.7: GroundingDINO architecture [5].

tended version of DINO [34]. The main difference between DINO and Grounding DINO is
that Grounding DINO incorporates a grounding module that leverages textual information
to improve object detection accuracy. Specifically, Grounding DINO uses a Sub-Sentence
Level Text Feature to encode the input text in a way that eliminates the influence between
different category names while keeping per-word features for fine-grained understanding.
This helps the model better understand the input text and improve the accuracy of object
detection. Additionally, Grounding DINO outperforms DINO on the zero-shot transfer set-
ting and sets a new record on the COCO object detection benchmark without seeing any
COCO images during training.

The architecture of Grounding DINO is depicted in Fig. 3.7. The main components of the
model are:

» Text Backbone (BERT-like) to encode text input and then create Sub-Sentence
Level Text Features that eliminate the influence between different category names
while keeping per-word features for fine-grained understanding.

* Image Backbone (Swin-like) to encode image input.

* Feature Enhancer to fuse the vanilla image and text features obtained from the
image and text backbones, respectively, for cross-modality feature fusion.
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* Language-Guided Query Selection to select features that are more relevant to the
input text as decoder queries to guide object detection.

» Cross-Modality Decoder to probe desired features from the two modal features
using cross-modality text and image cross-attention layers and update the queries
for object detection.
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4. SYSTEM OVERVIEW

This chapter outlines the proposed methodology for the analysis of comic images. To
begin with, the adopted pipeline was based on the workflow in [13]. Our approach is
organized to encompass five fundamental components: panel detection, character detec-
tion, character identification, text area detection, and text recognition. These components
collectively constitute the underlying framework for our strategy to analyze comic images,
ensuring a comprehensive and efficient process. Notably, these tasks are interdependent,
with panel detection of paramount importance. Each panel represents a distinct scene,
typically containing one or more characters and speech balloons with text. Figure 4.1 illus-
trates the proposed pipeline’s workflow. Initially, both panels and characters are identified.
Subsequently, text areas of each panel are detected. Following this, text recognition via
OCR is performed. Simultaneously, character detection results for each comic book are
used to conduct clustering to identify the same characters across different panels.

In this master thesis, the tasks examined are the panel, character, and text area detection
using different models and compared with previous works. Research was also for char-
acter identification. Text recognition can be the future work to finalize the comic analysis
pipeline and get coherent content for each comic book. Having identified the critical com-
ponents of a comic through this pipeline, additional components could be employed to
bring comics into the digital era and improve the user-reader’s experience. For instance,
a machine translation subsystem could translate the identified and recognized text into
another language and replace it within the designated area it should cover (i.e., into a “bal-
loon or text caption®). Additionally, a text-to-speech component, separating the comics’
text information into dialogues and narratives, and character identification could transform
comics from an illustrated text into an audiovisual material/product and thus improve the
user-reader’s experience.

Y

Content and
metadata of
the comic
books

—» Panel Detection Text Area Detection —l-i Text Recognition E—|_.

Character o Character re-
Detection " identification

Figure 4.1: System pipeline
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4.1 Neural Network-based approach

For the first approach, given the fact that the paper [13] used the YOLOv2 architecture
to solve panel/character and face detection, we experimented with the fifth and eighth
versions of YOLO [35]. The training dataset contains a combination of the three open
datasets mentioned in section 2.1, which have the bounding boxes of both panels and
characters to be used as ground truth labels to handle multiple classes and not each
one detected with a different model. In particular, we used the same test set of DCM772
and Manga109 as shown in [6] (72 images), [7](880 images) and 10 of 100 images of
eBDtheque randomly selected. The remaining images were used for the training phase
(DCM772: 700 images, eBDtheque: 90 images, Manga109: 9250 images).

4.2 Transformer-based approach

The second approach focuses on two recently released state-of-the-art zero-shot Transformer-
based models for object detection. Our research examined the pre-trained models Seg-
ment Anything Model (SAM) [4] and GroundingDINO[5], which have open-source code
and pre-trained weights by the Meta Al team. SAM can separate an image into masks
and use prompts to focus on a specific area. In our case, this model cannot be used
stand-alone because the pre-trained weights of the model with the text prompt as input
have yet to be publicly available.

GroundingDINO is closer to our problem. It gets an input, text prompt (e.g. ‘panel’, ‘text’,
‘character), and image and gives the bounding boxes of elements like the text prompt.
Finding segmented masks of each detected component is valid in the character and text
detection case. For that reason, we performed the SAM, giving as input the image and
the GroundingDINO bounding boxes as prompt. We want to mention that the results of
segmented masks highly depend on GroundingDINO results. If GroundingDINO does not
find the bounding box, the segmented mask cannot be detected. However, it was noticed
that sometimes, even though a box was found from the GroundingDINO, SAM could not
find any mask. For that reason, we investigated the results of the GroundingDINO & SAM
as a different model.

4.3 Panel Detection

Panel detection can be examined as an object detection process. Two types of model
architectures were used to develop the detection model, described in the above sections
4.1, 4.2. First of all, a visual inspection was performed in the three datasets (Figure 4.2).

The results show that both the trained model YOLO and the pre-trained model Ground-
ingDINO can detect panels highly accurately. The difference is that the trained YOLO
model can be more generic in panels without a surrounding frame. However, the ground
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Figure 4.2: Panel Detection on eBDtheque (1st row), DCM772 (2nd row) and Manga109 (3rd row).
The first column contains the dataset labels, the second the results of YOLOv8 and the third the
results of GroundingDINO.

truth is questionable for those cases, and we cannot criticize any of them as wrong. The
GroundingDINO has been observed in the scanned images of the DCM772 (Fig.4.2 sec-
ond row), which considers the whole page as a panel. This prompted us to investigate
its results, removing the panels that fully involved the other panels. Furthermore, both
models perform well in Manga, which has more unstructured panels.
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4.4 Character Detection

The model architecture and processing we used are described in Section 4.1, 4.2. The
trained YOLO model returns as output the bounding boxes of the detected panels and
characters at the same time. Furthermore, the GroundingDINO runs without further fine-
tuning, giving as input the text prompt = ‘character’ and returning the bounding box of the
detected characters. Last, the GroundingDINO & SAM returns the segmented mask of
the characters. Examples for each dataset are depicted in Figure 4.3.

Figure 4.3: Character Detection on eBDtheque (1st row), DCM772 (2nd row) and Manga109 (3rd row).
The first column contains the dataset labels, the second the results of YOLOvVS, the third the results
of GroundingDINO and the fourth the results of GroundingDINO & SAM.

The main characters of each image are detected by every model. Only some small char-
acters in Fig. 4.3 in the first row were not detected and one character in the third row and
third and fourth column. What is more, the models found additional characters that are
not labeled in the original dataset (Fig.4.3 first and third row). It is worth mentioning that
there are some missing objects in the ground truth datasets.
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4.5 Text Area Detection

The primary challenge encountered pertains to the detection of text areas within images.
In our endeavors, a significant limitation was the need for labeled images, attributed to
the inadequacy of one of the three datasets (DCM772), which lacks annotations for text
or speech balloon areas. Conversely, the eBDtheque dataset includes annotations for
text lines and speech balloons, whereas the Manga109 dataset provides labels for text
area regions differing from text lines or balloons. The challenge of training exclusively
with the eBDtheque dataset is compounded by its limited volume of images, and training
with Manga109 is problematic due to its specificity to the Japanese language, rendering
generalization across different languages challenging. Consequently, we explored the use
of GroundingDINO and GroundingDINO & SAM and introduced a heuristic text detection
method inspired by the methodology presented in [27], which will be described deeply in
the next section.

Some examples are shown in Figure 4.4. We can observe that transformers detect the
text of all languages (i.e., French, Japanese, and English). The errors of the transformers
concern a small text in Fig.4.4 first row, and a small false positive area in Fig.4.4 second
row. As far as the heuristic approach is concerned, the Japanese language struggled
to be identified. Moreover, the words above the first panel in Fig.4.4 first row cannot be
predicted because the heuristic pipeline depends on panel detection and can identify only
the text inside the panel. Furthermore, the narrative box in Figure Fig.4.4 third row on the
panel above left does not match the specifications we perform in the heuristic approach
(i.e., the letters have high contrast with the background), so the algorithm fails. Finally,
some false positive masks are also presented.

4.5.1 Heuristic text detection method

The method is applied on each detected panel separately as depicted in Fig. 4.5. First, the
panel is binarized to create a distinction between potential text areas (foreground) and the
rest of the content (background). Connected components analysis is employed by using
kernel density estimation to map out the distribution of component areas. This analysis
facilitates the identification of patterns indicative of text (lobes in the pdf graph), with the
search for local maxima and minima within the distribution aiding in pinpointing probable
text regions. The algorithm applies to a multi-scale image pyramid, adjusting the scale of
the image and repeating the binarization and analysis until greater than two text regions
are detected. Once a sufficient quantity of potential text areas is detected, a specialized
filter is applied for refinement. This filter aims to enhance the precision of the identified text
regions. It operates by assessing the distinct connected components. These components
are evaluated within a kernel. The size of this kernel is not fixed; it dynamically adjusts.
The adjustment is based on the median area of the connected components.

In order to understand the steps of heuristic text detection, we can visualize the main tasks.
Firstly, we can see an example shown in the Fig. 4.6. More deeply, for the panel bottom
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Figure 4.4: Text Area Detection on eBDtheque (1st row), DCM772 (2nd row), Manga109 (3rd row).
The first column contains the dataset labels of the text lines/area (except for the DCM772, which
does not have text labels), the second the results of our heuristic approach, the third the results of
GroundingDINO, and the fourth the results of GroundingDINO & SAM.

left, we binarized the panel using k-means of 2 clusters and got the result of Fig. 4.7.
So, we have 2 images, one is the foreground (with text) and the other is the background
(with the balloon). To identify which cluster is in the foreground we perform a connected
component analysis based on the area of the components and the kernel density distribu-
tion of the components’ area shown in Fig. 4.8. The first image is the binary image that
performed the component analysis. The second plot is the histogram of the area of the
connected components of the first image in the range of 0-400 pixel area. The third plot is
the pdf graph and the last image is the mask of the connected components selected after
applying the conditions. The conditions are to choose the components that have an area
inside the second lobe of the pdf (between the local maximum and local minimum. After
selecting the binary image that has more connected components that fulfill the conditions,
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Figure 4.5: Heuristic text detection pipeline

we performed a final refinement of the results to remove false positive findings. Each con-
nected component selected corresponds to a word character, so, if it is correctly detected
there will be > 3 connected components one close to the other. Hence, we performed a
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Figure 4.6: The input image on the left and the masked output on the right, having visible only the
detected text areas using heuristic text detection.

count distinct filtering as shown in Fig. 4.9.

4.6 Character identification

The Character re-identification is a different task than the previous ones. Finding the same
characters in different panels and pages, which may have different poses and clothes,
is important. It is based on the recognition of the same detected characters. It will be
treated as an unsupervised task. For that, we experimented with CNN-based feature
extraction and clustering algorithms. The CNN model we used is the VGG16 pre-trained
to the ImageNet. The features we used are the output of the VGG16 on the layer before
the classification layer (4096 features) and then doing a dimensionality reduction using
PCA the features were the 200 most important features. So, using the 200 features of
each image, we performed K-means clusterings until we found out the most appropriate
K number according to the elbow method. The dataset ICDAR2019-FGC (Section 2.1.4),
we used, was designed for this task, to identify and match similar characters. Moreover,
one other option to identify similar characters is to use as a reference a cropped character
image and then try to find image areas that present the same extracted features in the
same image or other images. In this way, it is easy to identify the areas that depicted the
protagonists of the comic book.
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Figure 4.7: The binary and inverse binary image using k-means clustering.
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Figure 4.8: The component analysis of each binary image.
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Figure 4.9: Refinement of text area.
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5. EXPERIMENTS

The main concept of the experiments for the object detection tasks is to evaluate the con-
volutional neural network YOLO retrained in a comic-specific combined dataset, the zero-
shot pre-trained transformer-based models, and a heuristic image processing approach
in text area detection, compared with previous work.

For the neural networks, we trained a YOLOv5-large and YOLOv8-large model using a
combined dataset of the three available datasets (eBDtheque, DCM772, Manga109) sep-
arating the same test set as the [13] and [7] mentioned for the DCM772 (72 images) and
Manga109 (880 images), respectively. For the eBDtheque, 10 of 100 images were ran-
domly selected for the test set. The training set was randomly separated into train and
validation sets with a ratio of 90%/10% in each dataset. After transforming the ground truth
labels to the YOLO input format, the model trained for 250 epochs, batch size 32, and re-
sized the images with a maximum size of 256 pixels. The same model was introduced to
identify panels and characters with different class identifiers.

The next model we tested on panel, character, and text area detection is the Ground-
ingDINO. This model was used without further training on comic-oriented images. As in-
put, the model gets the text prompt 'panel’, ‘character’ and ’text’ respectively and returns
the bounding boxes that were similar to that prompt. We experimented using SwinB and
SwinT weights, box, and text thresholds. After experiments, the thresholds selected are
box threshold 0.35 and text threshold 0.25, the backbone of SwinB' and keep the results
with confidence greater than 35%. Model was trained using data from O365[36], VG[37],
RefCOCOI[38], COCO[39], Openimage[40], Cap4M[41] and ODinW-35[42].

The combined GroundingDINO and SAM model was also used to find the segmented
characters and text areas. The pipeline of this model is to get the bounding boxes of
the GroundingDINO predictions and passed to SAM as a prompt to find the proper mask.
The parameters selected for SAM are the Visual Transformer(ViT) huge weights ? and
multimask output argument equal False to return only the best result for each bounding
box.

To evaluate the performance of the models, the Precision and Recall metrics were calcu-
lated to compare them with previous work. We also used the Average Precision metric
as PASCAL-VOC[19] mentioned. To provide comparable results, we adopted Intersection
over Union (loU) for calculating these metrics and set the success threshold to 50%. We
performed a small change in this threshold for GroundingDINO & SAM, and the heuristic
approach, because the masks are included in the bounding boxes, without covering all
their areas. Experimentally, we decided to reduce the threshold to 30%.

'https://github.com/IDEA-Research/GroundingDINO/releases/download/v0.1.0-alpha2/groundingdino_
swinb_cogcoor.pth
2https://dl.foaipublicfiles.com/segment_anything/sam_vit_h_4b8939.pth
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Table 5.1: Panel and Character detection Precision/Recall for YOLO, GroundingDINO and Ground-
ingDINO & SAM for DCM772 (72 images on test set based on [6])

Panel Character
Model Precision Recall Precision Recall
Rigaud [43] 86.78 74.84 - -
Rigaud [44] 85.22 74.41 - -
Nguyen-YOLOvV2 [13] 84.75 86.62 - -
Faster R-CNN [6] 92.10 93.21 78.93 65.25
Comic MTL - optimized [6] 96.84 97.76 76.21 67.56
YOLOvV5 98.25 98.9 61.56 68.09
YOLOvS8 97.41 99.12 82.99 63.58
GroundingDINO 90.97 92.97 79.77 84.04
GroundingDINO-post 93.17 92.97 - -
GroundingDINO & SAM - - 77.8 87.09

Table 5.2: Panel, Character and Text Area detection AP@50 YOLO and GroundingDINO with previous
work based on [7] for Manga109 same test set (880 images)

Model Panel Character Text Area
Faster R-CNN 96.1 63.9 23.8
SSD300 97.1 79.1 82.0
YOLOv2 90.2 46.9 64.6
SSD300-fork 96.9 79.6 84.1
YOLOvV5 80.5 58.5 -
YOLOv8 83.5 61.9 -
GroundingDINO 85.2 77.6 45.9
GroundingDINO & SAM - 78.7 59.8

Table 5.3: Panel, Character & Text Area detection Precision/Recall GroundingDINO with previous
work for eBDtheque. The results are for the whole dataset.

Panel Character Text Area
Model Precision Recall Precision Recall Precision Recall
Nguyen-YOLOv2 [13] 83.44 58.96 - - - -
Rigaud [43] 86.55 81.24 40.5 21.6 - -
SSD300-fork [7] 73.30 76.40 58.0 42.2 - -
Heuristic approach - - - - 33.64 61.07
GroundingDINO 92.23 83.76 83.52 67.59 93.92 82.77
GroundingDINO-post 93.52 83.18 - - - -
GroundingDINO & SAM - - 86.26 72.47 74.61 80.47
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Table 5.4: Panel and Character detection Precision/Recall for eBDtheque test set for YOLO, Ground-
ingDINO, GroundingDINO & SAM compared [8][6] used 5-fold cross-validation.

Panel Character
Model Precision Recall Precision Recall
Comic MTL [8] 73.19 76.95 71.79 62.17
Faster R-CNN [6] 91.52 90.77 71.23 61.56
Comic MTL-optimized [6] 92.11 90.91 71.79 62.17
YOLOvV5 95.08 89.23 63.91 92.39
YOLOvVS8 98.39 93.85 82.18 90.22

5.1 Panel Detection

The models we evaluate for panel detection in the three datasets are YOLOv5, YOLOVS,
GroundingDINO and GroundingDINO combined with a post-processing step to reduce
this error by removing the proposed panels that fully involved the others. The results are
presented in Tables 5.1, 5.3, 5.4, 5.2 comparing with previous work.

In Tables 5.1 and 5.2 the results concern evaluation on the same test set as the previ-
ous work mentioned. In DCM772 (Table 5.1), YOLO models have the highest Precision
and Recall, and GroundingDINO has remarkable results, too. Only Comic MTL outper-
formed GroundingDINO, but it should noticed that Comic MTL - optimized, Faster R-CNN,
and YOLOV2 are trained using the DCM772 training dataset. Regarding the results on
Manga109 (Table 5.2), it is obvious that the dedicated models (e.g. SSD300) outperform
the others. Nevertheless, GroundingDINO has slightly better results than YOLO models,
aside from the fact that it has never seen Manga images.

Table 5.3 shows the metrics about the 100 images of eBDtheque, and the comparison is
with models that are not trained using this dataset. We can clearly identify that Ground-
ingDINO has better results, and the exclusion of the identified panels that involved others
contributes on reducing false positives (precision increased by 1.2%) while removing only
a few true positive predictions (recall reduced by 0.6%).

Table 5.4 shows the results of our models in the test set compared to the 5-fold results
of the other models. Obviously, YOLO attained higher scores but it should be noted that
their evaluation is based on only 10 comic images. However, because the other mod-
els performed cross-validation and our results do not, our results are not highly reliable.
GroundingDINO & SAM are missing, since it does not make sense to evaluate them on
these 10 images. We have evaluated them on the whole eBDtheque dataset.

5.2 Character Detection

For the character detection, we evaluate YOLOv5, YOLOvS8, GroundingDINO, and Ground-
ingDINO & SAM in the three datasets. Table 5.3, 5.4, 5.1, 5.2 present the results. The
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GroundingDINO & SAM outperforms both in precision and recall the other models in the
eBDtheque dataset, has a higher F1 score in DCM772, and is closely (-0.9%) to the best-
performing model (SSD300-fork). Once more, we mention that SSD300-fork is trained
specifically for Manga images, while GroundingDINO has never seen Magna comics.

As we mentioned in the panel detection, Table 5.4 is not highly reliable for our results
because our test set is small and the previous work performed cross-validation. Also, the
SSD300-fork is trained specifically for Manga images, so the results have a benefit. The
SAM model helps GroundingDINO to accelerate its performance. Our YOLO models also
have a good position after GroundingDINO, except for the Manga109.

5.3 Text Area Detection

The last component investigated is text area detection. We evaluate the results of the
heuristic approach compared with GroundingDINO and GroundingDINO & SAM on the
eBDtheque dataset. The eBDtheque has labels about the text lines and the speech bal-
loons. On the other hand, our models locate the text region either as a bounding box
(GroundingDINO), or a segmented mask of (heuristic approach and GroundingDINO &
SAM). To compare the results with the ground truth, we applied morphological closing on
the textlines in order to merge them in case they are relatively close (i.g. less than 10 pix-
els). The first approach compares the labels and results using the loU threshold of more
or equal to 50% as in the previous tasks (See Table 5.3). The second one uses pixel-wise
metric segmentation accuracy, i.e., the ratio of true positives to the sum of true positives,
false positives, and false negatives (See Table 5.5). For that comparison, we observed
that GroundingDINO and GroundingDINO & SAM managed to detect a good amount of
text area. In contrast, the heuristic approach underperformed, finding out around many
false positive components (low precision in Table 5.3) and many false positive and false
negative pixels in Table 5.5. So, it may detect text but not the accurate text area mask
close to the labels.

Furthermore, the GroundingDINO and GroundingDINO & SAM evaluated in Manga109
using AP getting around 60% compared with SSD300-fork that achieved 84.1%.

Table 5.5: Text area detection on eBDtheque dataset pixel-level metrics.

Model Segmentation accuracy Precision Recall
Heuristic 31.78 47.66 48.82
GroundingDINO 66.49 93.70 69.60
GroundingDINO & SAM 60.30 70.84 80.21
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5.4 Character identification

For this task, we examined extracting characters using a character detector from the
previous step and using a pre-trained convolutional neural network (VGG16) we create
encoded features that represent the images, do dimensionality reduction using Principal
Component Analysis (PCA) method (from 4096 features to 200) and perform a K-means
clustering exploring the best K using elbow criteria to separate them into groups.

Some clusters are coherent results as shown in the Fig. 5.1, 5.2 and some others are
not the same character 5.3, 5.4. Mainly in most clusters, we do not have 100% the same
characters but it seems that they have similarities in colors or contain a character which
is close in many images with the main character of the cluster (e.x. in couples we have
a cluster with the main character the woman but have some other images with the man
near with her).

19T Rz &

e

Figure 5.1: Clusters with similar characters

From my point of view, this task cannot be applied across different comic books but should
focus on the characters of a comic book, or books of the same series. In addition, to the
best of my knowledge, there is no related labeled dataset. However, | applied the proposed
approach to the available dataset, which contains characters from different comic books
together, in order to get an idea of what could be achieved by combining extracted features
and clustering algorithms. The results are not really satisfying but if we have only the
character of one book the separation would be easier and the model may have better
performance.
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Figure 5.2: Clusters with similar characters
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Figure 5.3: Clusters with confused characters
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Figure 5.4: Clusters with confused characters
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6. CONCLUSIONS AND FUTURE WORK

Based on our experiments, it becomes clear that zero-shot transformers GroundingDINO
and SAM accomplished impressive results without any fine-tuning to comic-specific datasets.
The most challenging dataset for them is the Manga images. This may be explained by the
distinctiveness of these comics in terms of complex layout and the Japanese language.
However, we consider that the performance would be improved after feeding transformers
with comic images.

Thus, future work could be fine-tuning GroundingDINO and SAM in comic images. A good
approach to creating a larger training dataset is to collect more comic images, use the
GroundingDINO as a semi-supervised annotator, and then train them in a large amount
of comic data. These models seem to have immense potential, but the process requires
many computational resources and costs.
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