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Abstract

Medical image classification is a complex and fascinating task that has significantly
benefited from advancements in deep learning techniques. This thesis focuses on the
specific challenge of multi-class multi-label medical image classification, also known as
medical image tagging. The objective is to accurately assign relevant medical terms (con-
cepts/tags) to images, which describe potential findings and ultimately assist clinicians
in the diagnostic process. Medical image tagging may involve analyzing images from
various modalities, such as X-rays, MRIs, CT scans, and ultrasonographies, to identify
and categorize different pathological conditions. To address the task of medical image
tagging, we develop and evaluate various deep learning models that encode the images

and combine them with both classification-based and retrieval-based approaches.

Ultimately, our goal is to develop a robust and reliable system for medical image tagging
that not only provides clinicians with supportive information but also assists them in

diagnosing diseases more accurately and efficiently.






[Teptindm

H to€vopnon toatpiuedv emdvov amotedel pia oo tntinn kot toAvdidotorn diadieacia,
7OV éxel emw@eAndel onpovtind amtd Tig e€eikelg otov Topéa NG Padidg pddnong. Tty
TAPOVOA EPYACLOL, ETIMEVIPWOVOHAGTE GTNV TPOXANGT) TNG TAELVOUN GG LATPLUADV ELUOVWV
OV QLVIUOLY TAVTOY POVA G€ TTOAAEG AT YOPLEG, 1) OTTOLOL ELVOLL YVOGTT] KO (OG KATIYOPL-
omoinomn atpwdv eidvev (biomedical image tagging). Xtoxog eivon 1) axpifric cvoxétion
TOV LALTPLUOV EWMOVOV HE TIG KATOAANAES eTéTES (LATPLKODG OPOUVG), OL OTTOoieg TepLypdi-
povv mdavd evprpata kol todoloyieg, LITOGTNPILOVTAG €TGL TOVG HALVIKODG LATPOVG

ot Sadwacio tng Syvwongc.

[Ipoxepévou va emitevydel avTdG 0 6TOYOG, AVATTOCCOVHE KoL AELOAOYOVLE TTPOTYHEVDL
pHovTéA Baddg Hadnong oL xwSHOTOLODV TIG EOVES KL EQAPHOLOVHE TOCO TEXVIHEG
XTI YOPLOTIOLNONG 000 MOl TEXVIMEG aAvOUTNONG AN PoPopL®dY. OL TEXVIKEG KT YOPL-
omoinong exmatdeouvv T povréda Podiag padnong wote v TPoPAETOLY e RUTOPATO
TPOTTO TIG HUTAAANAEG ETWMETEG QT TIG ELMOVES, OELOTOLOVTOG EMLOTHELWUEVO TUVOAX
dedopévav. Avtideta, oL TeEXVIHEG AVAUTNONG CLYXPIVOUV VEEG EXOVEG Je T)OT) ETTLOTHAC-
péveg edveg otn Paon Sedopévwv, YLa Vo EVTOTIGOUV TLG TTLO TTOPOHOLEG KO VOL GUVOLY Q-

YOuv TG eTéTeG PAoeL aLTHG TG CVYHPLOTG.

O andtepog otdOX0G eivar 1) dnpiovpyia evog AELOTIETOL KL ATTOTEAEGUATINOD GUOTH-
HOTOG TOELVOHUNONG LLTPAOV EWOV®VY, TO 0Tt0i0 XL poOvo Ja PedTicdver Tnv axpifeto xort
TNV ATOTEAECUATHOTNTA TNG LAYy VLOTG, aAAd Do TapéyeL ko TOADTIHEG TTANpOYOpleg

0TOUG YALVIKOUG LoTPOVS, Bond®dvTog Toug 6T ARYn aropdcewy.
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Introduction

Medical imaging plays a pivotal role in modern healthcare, providing critical insights
that aid in the diagnosis, monitoring, and treatment of various medical conditions. With
the advent of advanced imaging technologies such as X-rays, MRIs, PET/CT scans, and
ultrasounds, the volume of medical images generated has increased exponentially [Naj22].
This surge in data necessitates the development of efficient and accurate methods for

interpreting and managing medical images.

This thesis primarily focuses on large-scale multi-class multi-label medical image classifi-
cation, also known as medical image tagging, as shown in Figure 1.1. This task involves
assigning multiple relevant medical terms (tags) to an image, which describe potential
findings, anatomical structures, or pathological conditions present in the image. Such
terms can significantly aid clinicians by providing an initial diagnostic report or supporting
information, thereby enhancing the diagnostic process and improving patient outcomes.
Traditionally, medical image interpretation heavily relies on the expertise of radiologists
and other medical professionals. However, manual analysis is time-consuming, subject to
human error, and often impractical, given the sheer volume of medical exams that need to
be reviewed. Consequently, there is a growing need for automated systems that can assist

in the accurate and efficient interpretation of medical images.

In this thesis, we explore several deep learning architectures to encode medical images
effectively. We integrate these architectures with both classification-based and retrieval-
based methods to enhance the accuracy and efficiency of image tagging. Classification-
based methods involve training deep learning models to predict a set of medical concepts
(tags) directly from the images, while retrieval-based methods compare query images to a
database of labeled images to infer the most relevant tags. Additionally, we incorporate
advanced techniques such as data augmentation, transfer learning [Zhu+20], and ensemble
methods to further improve model performance. Data augmentation helps create a more
diverse training set, enhancing the model’s generalization capability. Transfer learning
allows us to leverage pre-trained models on large datasets, facilitating more efficient
training on medical images. Finally, ensemble methods combine predictions from multiple

models to reduce variability and increase accuracy.

Part of this thesis concerns the participation of the AUEB NLP Group in the 2024 Im-
ageCLEFmedical campaign [Sam+24], specifically in the Caption task [Ion+24; Riic+24al].

Each year, participants from around the world are invited to develop and test innovative
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algorithms capable of interpreting and classifying complex medical images, thereby con-
tributing to the improvement of automated medical image analysis systems. The task
is divided into two sub-tasks: Concept Detection and Caption Prediction. The former
focuses on medical image tagging methods, while the latter concerns diagnostic captioning
systems. The author’s main contribution was to the Concept Detection sub-task, which is
the primary focus of this thesis. Building on the group’s previous successful participations
[KPA19; KPA20]; [Cha+21; Cha+22], we achieved commendable results in this year’s

4™ in the Cap-

competition. We ranked 2"? in the Concept Detection (tagging) task and
tion Prediction (captioning) task among 9 and 11 research groups respectively [Sam+24].
We will discuss the tagging systems, present our results, and highlight additional work

conducted.

[Ultrasonography] [HeartVentricIe ] [ Cavitation ]

Fig. 1.1: This image illustrates medical image tagging, where key features from an ultrasound are
labeled, such as "Ultrasonography,' "Heart Ventricle," and "Cavitation". CC BY [Magdas et
al.(2021)]

1.1 Motivation and Problem Statement

This study is motivated by the need to improve biomedical image tagging, which is essential
for enhancing the accessibility and precision of Al-generated interpretations of medical
information. Current tagging methods have room for improvement in accuracy, with the
potential to enhance diagnostic processes and support smoother healthcare workflows.
By developing more innovative and effective tagging techniques, this research aims to
create systems that are both accurate and efficient, capable of managing the complexity
of biomedical images with minimal manual input. The ultimate goal is to contribute to
biomedical image processing by providing solutions that improve diagnostic speed, patient

outcomes, and healthcare processes in both clinical and research settings.

Chapter 1 Introduction



1.2 Thesis Structure

Chapter 1: Introduction

This chapter introduces the importance of medical image classification in healthcare,
discussing how advancements in imaging technologies and the sheer volume of medical
images have created the need for automated tagging systems. It outlines the research
motivation, problem statement, and the overall goals of this thesis, which focuses on
improving multi-label classification for medical images to assist in diagnosis and image

retrieval.

Chapter 2: Background and Related Work

This chapter provides an overview of existing methods and technologies in the field
of image classification, with a focus on medical images. It discusses traditional meth-
ods, machine learning approaches, and deep learning techniques. Related work in both
classification-based and retrieval-based techniques is reviewed, along with key challenges

in multi-label medical image tagging.

Chapter 3: Implemented methods and Systems

This chapter describes the models and systems developed during the thesis. It focuses on
deep learning-based methods, particularly Convolutional Neural Network (CNN) encoders
combined with Feed-Forward Neural Networks (FFNN), and retrieval-based methods using
k-nearest neighbors (k-NN). Details are provided on the architecture, design decisions, and

variations of these methods, along with descriptions of the implemented algorithms.

Chapter 4: Data
In this chapter, the datasets used in the study are presented, including the ImageCLEFmed-

ical 2024 dataset. The chapter covers the dataset’s structure, characteristics, and the
preprocessing steps applied to prepare the data for training and testing. An exploratory
analysis is also provided to highlight key trends and imbalances in the dataset, such as the

distribution of medical concepts and labels.

Chapter 5: Experiments and Results
This chapter presents the experimental setup and the results of applying the developed

models. It discusses the training process, the evaluation metrics used (such as F score),
and the performance of various models. Detailed results are provided for both classification-
based and retrieval-based approaches, comparing them in terms of their F; scores. The
chapter also explores the impact of data augmentation and transfer learning on model

performance.

1.2 Thesis Structure
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Chapter 6: Conclusions and Future Work

This final chapter summarizes the key findings and contributions of the thesis. It also
discusses the limitations of the current approaches and outlines potential directions for
future research, including further improvements in multi-label classification and retrieval-
based methods.

Chapter 1 Introduction



Background and Related Work

Image classification is a fundamental task in the field of computer vision. It involves
assigning one or more predefined categories (labels) to an image based on its visual
content. This requires analyzing the image’s patterns to determine the appropriate classes
from a predefined set of categories. The purpose of image classification is to organize
and make sense of large volumes of image data, enabling efficient search, retrieval, and
analysis. Modern advancements, particularly in Deep Learning (DL) and Convolutional
Neural Networks (CNNs), have significantly improved the accuracy of image classification,

making it an indispensable tool in numerous applications.

Image classification is particularly important in medical imaging, where vast amounts of
data need to be processed and analyzed to identify critical features or detect diseases. From
automated diagnostic tools to decision support systems, image classification plays a critical
role in advancing healthcare technologies. Furthermore, medical image taggers can be
particularly important in diagnostic captioning as well, when guided decoding is employed
to steer a Language Model (LM) to produce more medically accurate reports. Distance
from Median Maximum Cosine Similarity (DMMCS) [Kal+24] is a recently published
framework describing the process of controlled generation of Vision-Language Models
based on predicted concepts. It combines the original LM score with the DMMCS penalty

to get the final generation probabilities of the diagnostic reports.

2.1 Background

Image classification has undergone significant advancements over the years, driven by both
theoretical developments and technological innovations. From early manual techniques to
today’s automated systems, the field continues to evolve, addressing increasingly complex
tasks with greater accuracy. These advancements have broad applications across various

domains, including healthcare.

2.1.1 General Methods

There are two main ways to perform image classification:
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« Manual Classification involves human experts who inspect and label images based
on their knowledge and experience. While straightforward, this method can be
labor-intensive and inconsistent due to human error and subjectivity. It is typically
used when the number of images is small or when expert interpretation is required.
For instance, in rare disease diagnostics, human expertise is crucial in identifying
subtle anomalies. Manual classification tends to offer greater accuracy in cases that

require expert interpretation, though it is less scalable and more time-consuming.

« Automated Classification leverages computational algorithms to categorize im-
ages without human intervention. This approach is scalable, allowing the handling of
large datasets much more efficiently. Automated methods typically involve Machine
Learning (ML) and DL techniques. These approaches have significantly advanced
the field of medical imaging, where the automation of image labeling and analysis
is critical for improving diagnostic workflows and reducing clinicians” workload.
While automated classification is highly efficient and scalable, it may not always

match the precision of human experts in specialized cases.

2.1.2 Progress in ML-Based Image Classification

The rapid advances in image classification, particularly in the domain of medical imaging,
have led to significant developments. Early methods relied on feature extraction tech-
niques such as Scale-Invariant Feature Transform (SIFT)[Low04] and HOG (Histogram of
Oriented Gradients) [DT05], but these approaches had limited success when applied to
complex medical images. The introduction of CNNs, as popularized by Krizhevsky et al.
[KSH12] with the AlexNet architecture, marked a turning point in image classification.
This advancement opened new possibilities for automated feature extraction, allowing
networks to learn image features hierarchically. Since then, architectures such as ResNet

[He+16] and EfficientNet [TL19] have pushed the boundaries in classification accuracy.

In the context of biomedical imaging, CNNs have been instrumental in automating the
detection of diseases in medical images. For instance, they have shown remarkable success
in detecting tumors from mammograms, identifying diabetic retinopathy from retinal
scans, and classifying lung diseases from chest X-rays [Kas+24; BB22; Ift+24]. These
breakthroughs demonstrate the significant impact that deep learning can have in clinical

diagnostics, improving both speed and accuracy while reducing human error.

2.2 Image Classification

Image Classification problems can be distinguished into the following cases:

Chapter 2 Background and Related Work



+ Binary Classification: Binary classification involves categorizing images into one
of two classes. This is the simplest form of image classification where the goal is
to decide between two distinct categories. For example, in medical imaging, binary
classification can be used to determine whether an X-ray image indicates the presence
or absence of a disease. Another common application in binary classification tasks is,
when the system must decide between two possible outcomes, such as determining
whether a car is present in a given scenario or not. The nature of this task makes it
relatively straightforward to implement, but it requires high accuracy, especially in

critical applications like medical diagnostics [Lit+17].

» Multi-class classification: Multi-class classification extends the concept of binary
classification to scenarios where there are more than two classes. In this case, each
image is categorized into one of several possible categories. For example, a system
might classify images of animals into different species. This type of classification is
more complex due to the higher number of categories, each requiring a distinct set
of features for accurate identification. In the medical field, multi-class classification
could involve categorizing types of tumors or identifying different diseases from

medical scans [Lee+20].

« Multi-class, Multi-label classification (MCML): Unlike multi-class classification
where an image belongs to one category only, in multi-label classification, each
image can belong to multiple categories simultaneously. This is particularly useful
in scenarios where objects or certain features in an image are not mutually exclusive.
For instance, a single image might contain both ‘people’ and ‘vehicles’, and it should
be tagged with both labels. In medical imaging, an X-ray might show signs of
multiple conditions, such as both pneumonia and a broken rib. MCML classification
requires algorithms capable of handling the complexity of assigning multiple labels
to a single instance, ensuring that all relevant features are recognized and tagged

appropriately [Irv+19].

« Hierarchical classification: Hierarchical classification involves organizing cate-
gories into a hierarchy and classifying images at multiple levels of this hierarchy.
This approach is particularly beneficial when dealing with complex datasets where
categories can be naturally grouped into subcategories. For example, an image
classification system might first determine if an image is of an animal or a plant. If
it is an animal, it might then classify it as a mammal, bird, reptile, etc., and further
down classify a mammal as a dog, cat, horse, etc. In the context of medical image tag-
ging, hierarchical classification can be very valuable. For instance, a medical image
classification system, as proposed by Zhou et al. [ZLZ20], might first categorize an
image into broad groups, such as normal or abnormal tissue. Subsequently, abnormal

images could be classified by their imaging modality (e.g., X-ray, ultrasonography,

2.2 Image Classification
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MR, or CT scan), followed by a finer classification of modality-specific features,

such as the body part depicted in X-ray images (e.g., chest, spine, or extremities).

2.3 Techniques Used in Automated Image
Classification

2.3.1 ML-based techniques

Supervised ML-based techniques use algorithms to learn patterns from labeled training data
and classify new images. Key ML techniques include decision trees, k-nearest neighbors
(k-NN), and random forests. These methods require feature extraction, where specific

characteristics of the images are identified and used for classification.

2.3.2 DLl-based techniques

DL, a subset of ML, employs neural networks with many layers (deep neural networks) to
learn features and classify images. CNNs, a kind of DL, are particularly effective for image
classification tasks. They automatically learn hierarchical features from images—ranging
from low-level features like edges to high-level features like shapes and objects. CNNs
have become the foundation for many state-of-the-art image classification systems due to
their ability to learn from large datasets, such as ImageNet [Rus+15], and generalize well

to unseen data.

Transfer Learning (TL) is often used to address the lack of large annotated datasets,
especially in medical image classification. In a TL setting, models pre-trained on large
datasets, such as ImageNet [Rus+15], are fine-tuned on smaller, domain-specific datasets
(e.g., medical images). This approach allows for efficient training and better performance,
even with limited labeled data, as the model has already acquired general knowledge
that can be adapted to the task at hand. TL has been particularly successful in medical
applications, where it helps address the challenge of limited data, speeding up model

development and improving accuracy [Taj+20].

2.3.3 Advanced Deep Learning Techniques

Following the success of Transformers [Vas+17a] in Natural Language Processing, with
BERT-based encoders [Dev+19] being vastly used for feature extraction from text, Vi-
sion Transformers (ViT) [Dos+21] are also becoming popular for encoding images into

dense numeric representations, especially for tasks requiring global feature understanding.

Chapter 2 Background and Related Work



However, CNNs have demonstrated superior performance compared to a ViT in semantic
segmentation and generic visual classification [AMT22], as well as in encoding medical im-
ages for concept detection [MF22; Mos22]. Generative Adversarial Networks (GANs) have
also been explored to augment data, enabling better generalization for medical imaging

tasks where data scarcity is an issue.

2.4 Architectures Used in Image Classification

The development of deep learning architectures has revolutionized image classification.
Here, we delve into some of the most widely used architectures - Multi-Layer Perceptrons
(MLPs), CNNs, and ViTs - by describing how they work and discussing their relevance to

image classification, and particularly medical imaging.

2.4.1 Multi-Layer Perceptrons (MLPs)

Multi-Layer Perceptrons (MLPs) [Ros57; Ros62] are one of the earliest forms of neural
networks, consisting of multiple layers of neurons connected in a ‘fully connected manner’:
each neuron in one layer is connected to every neuron in the subsequent layer. An MLP
generally includes three main components: an input layer, one or more hidden layers,
and an output layer. The input layer receives the raw data (such as pixel values of an
image), while the hidden layers process this input through weighted connections and apply
non-linear activation functions like ReLU (Rectified Linear Unit). Lastly, the output layer

produces the final predictions.

The learning process in MLPs involves backpropagation [RHW86], where the network’s
prediction is compared with the true label, and the resulting error is used to update the
weights to minimize the loss. Over time, the model improves its ability to classify the
input data correctly. However, MLPs have several limitations when it comes to image
classification. One significant issue is that they treat the input as a one-dimensional vector,
flattening the image and thereby losing crucial spatial information. Moreover, due to their
fully connected nature, they require a large number of parameters, which makes them
computationally expensive and prone to overfitting, particularly with high-dimensional

data like images.

In practice, MLPs are rarely used as encoders for image classification tasks. They are
often paired with other architectures that can better handle the spatial structure of image
data. The inefficiency of MLPs in this domain led to the development of more specialized

architectures, such as CNNs, which are designed to exploit the spatial locality of images.

2.4 Architectures Used in Image Classification
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Input layer Hidden layers Output layer

Fig. 2.1: Architecture of a Multi-Layer Perceptron (MLP) used for classification tasks. The network
consists of an input layer, multiple hidden layers, and an output layer. Each node in the
hidden and output layers is fully connected to the nodes in the previous layer through
learned weights and biases. The network takes input features (e.g., pixel values), processes
them through hidden layers, and outputs predictions for different categories such as, in
this case, "Mature,’ "Half-mature," "Immature,’ and "Rotten." Figure taken from [ZWL22]

2.4.2 CNNs

CNNs [LeC+89] represent a major leap forward in image classification by addressing the
shortcomings of MLPs. CNNs are designed to work with grid-like data, such as images, by
preserving spatial hierarchies. The primary building block of CNNs is the convolutional
layer, which applies filters (kernels) to the input image. These filters slide over the image,
performing a dot product between the filter and the local regions of the image, resulting
in a feature map that highlights specific patterns, such as edges or textures. This allows
CNN s to detect local patterns and combine them into more complex structures as the
network deepens. Another critical component of CNNs is the pooling layer, which reduces
the dimensionality of the feature maps by summarizing local regions. A common pooling
operation is max pooling, which takes the maximum value from each region of the feature
map, helping the network retain the most important features while reducing computational
load. After several layers of convolution and pooling, the feature maps are flattened and
passed through fully connected layers, similar to those in an MLP, to produce the final
classification output. CNNs are highly effective for image classification because they use
local receptive fields, meaning that each neuron only processes a small part of the image.

This enables CNNs to capture local features like edges and textures in early layers and

Chapter 2 Background and Related Work



combine them into more abstract features in deeper layers. Additionally, CNNs employ
parameter sharing, where the same filters are used across the entire image, drastically
reducing the number of parameters compared to fully connected networks. This not only
makes CNNs computationally more efficient than MLPs, but also allows them to generalize
better to unseen data. In the field of medical imaging, CNNs have been used to detect

abnormalities and diseases in various types of scans.

Some popular CNN architectures used in image classification include:

« LeNet: One of the earliest CNNs, originally developed for digit recognition but

foundational for later developments [LeC+98].

« AlexNet: The architecture that won the 2012 ImageNet competition, showcasing
the potential of deep CNNs [KSH12].

« ResNet: An innovative architecture with residual blocks that enables the training

of much deeper networks [He+16].

+ EfficientNet: A family of models that use a compound scaling method to balance
depth, width, and resolution, offering state-of-the-art performance with fewer pa-
rameters [TL19].

2.4.3 Vision Transformers (ViTs)

Vision Transformers (ViTs) [DBK+21] are a relatively recent innovation in image classifi-
cation, borrowing the Transformer architecture originally developed for natural language
processing (NLP). Unlike CNNs, which focus on local features through convolutional oper-
ations, ViTs treat an image as a sequence of patches, similar to how transformers process
sequences of words in text. An image is divided into fixed-size patches (for example, 16x16
pixels), each of which is flattened into a one-dimensional vector. These vectors are then

embedded into a higher-dimensional space and processed by transformer layers.

One of the key mechanisms in ViTs is multi-head self-attention [Vas+17b], which allows
each patch to attend to every other patch in the image. This enables the model to capture
long-range dependencies between different parts of the image. For example, in a medical
image, a ViT could recognize that distant patches correspond to different parts of an
organ or structure, allowing for a more holistic understanding of the image. To retain
information about the original spatial arrangement of the patches, position embeddings
are added to the patch embeddings. The final classification in a ViT is typically done by
using a special class token, which summarizes the information from all patches. This class

token is passed through a fully connected layer to produce the final classification result.

2.4 Architectures Used in Image Classification

11
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ViTs excel at capturing global relationships across an image, making them particularly
powerful for tasks where understanding long-range dependencies is critical. This contrasts
with CNNs, which primarily focus on local features. However, one challenge with ViTs
is their reliance on large amounts of training data to perform well. Without sufficient
data, they may struggle to generalize, particularly in comparison to CNNs, which are
typically more efficient with smaller datasets. Despite this, ViTs have shown promising
results in medical imaging because they can capture relationships between different parts
of an image, even if those parts are far apart. This makes them particularly useful for
detecting subtle patterns or conditions that span across different regions of an image.
While CNNs are also capable of learning complex patterns, they do so by first focusing on
small, local regions and gradually combining these features as the network deepens. ViTs,
on the other hand, process the image as a whole from the beginning, allowing them to
recognize broader patterns and interactions between different areas right away, which can
be especially beneficial in tasks where the connections between distant areas of the image

are important for accurate diagnosis.

2.5 Medical Image Classification

Medical image classification is a specialized subfield of image classification that focuses on
diagnosing diseases, identifying abnormalities, and aiding clinical decision-making through
the analysis of medical images. Unlike generic image classification, which benefits from
large and diverse datasets, medical image classification is constrained by data availability,
regulatory standards, and the need for high interpretability. This section reviews the
unique challenges and methodologies used in medical image classification, from traditional

approaches to cutting-edge techniques.

With the rapid advancement of deep learning, particularly CNNSs, there has been a trans-
formative shift in how medical images are processed and analyzed. CNNs, which have
become the cornerstone of medical image classification, have been successfully applied
to a variety of diagnostic tasks, ranging from detecting pneumonia in chest X-rays to

segmenting brain tumors in MRI scans [Rah+20; JS22].

One of the most notable examples of CNNs in medical imaging is CheXNet, proposed by
Rajpurkar et al. [Raj+17], a deep learning model designed to detect pneumonia from chest
X-rays. CheXNet was trained using transfer learning, leveraging a pre-trained model on
the ImageNet dataset [KSH12] and fine-tuning it on medical images. This approach is
common in medical imaging due to the scarcity of large, labeled datasets. Models that
have been pre-trained on large generic datasets can be adapted to medical applications
with significantly smaller amounts of domain-specific data. CheXNet, which was based on

DenseNet [Hua+17], provided a foundation for further experimentation and significant

Chapter 2 Background and Related Work



performance improvements in medical imaging tasks. Several works, including [KPA19;
KPA20; Kar+20; Cha+21; Cha+22], extended CheXNet by incorporating various CNN
architectures such as EfficientNet [TL19], VGG [LD15], and ResNet [He+16]. In addition
to CNNss, they also explored the impact of Transformer-based architectures, like ViT, for

image encoding.

These models were further optimized using ensemble methods, combining multiple in-
stances of these architectures to improve performance. Typically, a FFNN was used to
predict the presence of specific concepts in an image, where concept assignment depended
on whether the predicted probability exceeded a set threshold. Several of these approaches
secured top positions in the ImageCLEFmed concept detection task, achieving first place
in 2019 [Pel+19], 2020 [Pel+20], 2021 [PBG+21], and 2022 [RBG+22].

Regarding biomedical image retrieval, initial approaches with simpler non-neural methods
were also successful. For instance, Valavanis and Stathopoulos [VS17] achieved first place
in the 2017 ImageCLEFmed [Eic+17] concept detection task by utilizing traditional retrieval
techniques like Bag of Colours (BoC) and Bag of Visual Words (BoVW).

In most recent years, neural retrieval methods have dominated the ImageCLEFmed compe-
tition. In 2019, [KPA19] secured third place by leveraging a DenseNet-121 [Hua+17] image
encoder pre-trained on ImageNet [Den+09], paired with the £-NN algorithm [CH67] to
find the most similar images. The tags were then assigned based on a majority voting
strategy. Further approaches explored various encoding architectures like ResNet[He+16],
alongside different voting mechanisms, and also delivered competitive results. In 2023,
AUEB’s NLP group achieved first place in the ImageCLEFmed concept detection task with
their top-performing model. Their winning approach [Kal+23] was a union ensemble
that combined three instances of their CNN+FFNN system, utilizing different encoding
backbones for each instance: EfficientNetB0 [TL19], EfficientNetB0v2, and DenseNet121
[Hua+17].

In 2021, Charalampakos et al. [Cha+21] won the competition with an ensemble of several
variations of 1-NN classifiers, experimenting with different CNN image encoders such as
EfficientNet [TL19], DenseNet [Hua+17], and ResNet [He+16]. Meanwhile, AUEB’s NLP
group investigated a weighted k-NN technique, and in 2022, their ensemble—combining
two CNN+FFNN models and a CNN+wKNN architecture—placed fifth in the Image-
CLEFmed concept detection task [RBG+22].

In addition to performance improvements, interpretability remains a critical aspect of
medical image classification. Techniques like Grad-CAM [Sel+20] have been integrated
into CNN-based systems to provide heatmaps that highlight the regions of an image

contributing most to the model’s decision. This is particularly important in medical

2.5 Medical Image Classification
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applications, where clinicians might require an understanding of the model’s reasoning to

trust automated predictions.

Beyond 2D images, 3D CNNs have also emerged as a powerful tool for analyzing volumetric
medical data, such as MRIs and CT scans. These models capture spatial information in three
dimensions, making them particularly effective for tasks like brain tumor segmentation
and heart structure analysis. For instance, Milletari et al. [MNA16] introduced V-Net, a 3D
CNN architecture that uses a Dice loss function to improve performance on volumetric
medical image segmentation tasks. Similarly, Chen et al. [Che+19] applied 3D CNNs for
automated brain tumor segmentation, showing that 3D convolutions are essential for

accurate medical imaging analysis in certain applications.

Generative models, particularly Generative Adversarial Networks (GANs), have also found
applications in medical image classification. GANSs are used for data augmentation, gener-
ating synthetic images to enhance training datasets and improve model performance. Shin
et al. [Shi+18] demonstrated how GANs can be used to augment medical image datasets,
leading to better classification results. More recently, diffusion models have emerged as
the state-of-the-art (SoTA) in image generation, surpassing GANs in quality and diversity
of generated images [DN21]. These models have shown remarkable success in generating
high-fidelity medical images, further advancing data augmentation and model training in
the field [Kha+22].
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Implemented methods and
Systems

This chapter presents the methods and systems that were implemented throughout the
course of this thesis. Specifically, it presents four distinct methodologies: the combination
of a CNN encoder with FFNNS, retrieval-based approaches, the integration of an image

encoder with k-NN retrieval, and an innovative variation of the k-NN algorithm.

3.1 CNN encoder + FFNN

This system is based on previous work of the AUEB NLP Group [Cha+21; KPA19; Kal+23].

The system utilizes a CNN as its backbone for feature extraction, followed by a FFNN for
classification, as seen in Figure 3.1. To generate an image embedding, we extract feature
maps from the last convolutional layer of the CNN and condense them into a feature vector
using the Generalized-Mean (GeM) pooling method [RTC19]. This method is a versatile
pooling mechanism used in CNNs for tasks such as image retrieval. It is based on the
generalized-mean and incorporates learnable parameters, which can either be applied
globally or individually for each output dimension. This flexibility allows GeM pooling
to generalize both max pooling and average pooling as special cases, enabling it to adapt
effectively to various tasks and improve performance over traditional pooling methods. For
a spatial activation map X}, corresponding to the k-th feature, the GeM pooling function

is defined as:

1 1/ps
(9) Pk
= —_— €T s

zeXy,

where | X | denotes the number of elements in X}, and py, is the pooling parameter. Special

cases of GeM pooling include max pooling when p;, — oo and average pooling when

pr =1

The differentiability of the GeM operation allows the pooling parameter pj, to be learned
during back-propagation, enabling the network to optimize pooling behavior for specific

tasks. This adaptability makes GeM pooling particularly effective for constructing compact
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image descriptors, as it balances emphasizing the most significant activations and generaliz-
ing across the spatial feature map. GeM pooling has been shown to outperform traditional

non-trainable pooling methods in tasks requiring robust image representations.

The FFNN serves as the classifier, outputting predictions across a set of unique concepts C.
The output layer consists of |C| neurons, each corresponding to a concept from the dataset.
Each neuron employs a sigmoid activation function to produce a probability score between
0 and 1 for the associated concept. A concept is assigned to an image if its probability
exceeds a predefined threshold ¢. This threshold, which is the same across all concepts,
was determined via grid search on the validation set, optimizing the competition’s primary
evaluation metric, which in this case was the F-score. The model is trained by minimizing
the binary cross-entropy loss, treating each concept as an independent binary classification
target. The total loss is calculated by summing the individual binary losses across all
concepts. Training is conducted using the Adam optimizer [KB17] with an initial learning
rate n = 1073, and a learning rate decay strategy. Early stopping is employed, monitoring

the validation loss with a patience of 3 epochs to prevent overfitting.

Input Image Pooling Pooling —
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Fig. 3.1: The system uses a CNN for feature extraction and an FFNN for classification, with GeM
pooling to generate image embeddings. Concepts are predicted using sigmoid probabilities,
with a threshold ¢ applied uniformly.

3.2 CNN encoder + k-NN retrieval

We experimented with various k-nearest neighbors (k-NN) approaches, including a weighted
k-NN method [Sam+24].The method described here yielded the best results. We utilized
image embeddings derived from the image encoder described in Section 3.1. After discard-
ing the dense classification head, we extracted embeddings (also known as feature vectors)
from the last GeM pooling layer [Cha+21]for all training images. These embeddings formed
the foundation for the retrieval process of the k-NN algorithm. For each test image, we
used the same encoder to generate its embedding and retrieved the k closest neighbors
from the training set. The resemblance between images was determined by calculating the

cosine similarity between their embeddings. From these retrieved neighbors, we selected
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which concepts to assign to the test image as follows: We identified its k£ nearest neighbors

from the training set and compiled the set of concepts associated with these neighbors.

We then ranked these concepts based on their frequency among the retrieved neighbors.

The concept with the highest frequency was always included in the predictions for the

test image.

To determine which additional concepts should be included in the predictions, we applied

two thresholds, ¢; and ¢5, which were optimized using grid search on our validation set.

Specifically, we computed the difference in frequency among the retrieved neighbors
between the most frequent and the second most frequent concepts, normalized by the
frequency of the most frequent concept. If this ratio was below ¢1, we included the second

concept in the prediction; otherwise we did not:

Fr(concept; ) — Fr(concept,)

<. 3.1
Fr(concept, ) ! 3.1)

Similarly, we evaluated whether to include the third most frequent concept in the prediction
by comparing the frequencies of the first and third most frequent concepts. We calculated
the difference in frequency between these two concepts, divided by the frequency of the
first concept. If this ratio was below the threshold ¢, the third concept was included in

the prediction as well:

Fr(concept;) — Fr(concepts)
Fr(concept, )

<. (3.2)

The same method was used to evaluate the difference between the frequencies of the
first and fourth most frequent concepts. This difference was compared to the threshold
to to determine whether the fourth most frequent concept should be included in the

prediction:

Fr(concept;) — Fr(concept,)

<ta. 3.3
Fr(concept; ) 2 33)

We chose to predict up to four concepts because the average number of concepts in the
training set was 3.08, as it is depicted in Figure 3.2. Our approach was to select concepts
with frequencies similar to the most frequent concept, while excluding those with a
significant drop in frequency compared to the previous ones. Initially, we considered using
three thresholds to refine the predictions further. However, during the tuning process, we
found that the third threshold consistently matched the second threshold’s value, making

it redundant. As a result, we simplified the approach to using only two thresholds, ¢;

3.2 CNN encoder + k-NN retrieval
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Fig. 3.2: Histogram illustrating the distribution of the number of tags (concepts) per image in
the ImageCLEFmedical dataset [Riic+24b]. Y-axis showing number of images and x-axis
number of tags per image.

and . We experimented with different values for ¢; and ¢ ranging from 0.3 to 0.9. The

validation results showed that the optimal parameters were t; = 0.58 and ¢, = 0.65.

3.3 CNN-FFNN + k-NN ensemble

To address cases where the classification confidence of CNN-FFNN is low, we extend
the CNN-FFNN model by incorporating a k-NN model. This hybrid architecture, termed
CNN-FFNN + k-NN, leverages the feature extraction capabilities of the CNN and the
classification power of the FFNN while refining predictions in uncertain regions using
k-NN. Specifically, we introduce a two-threshold strategy with a “grey zone” for uncertain

predictions.

3.3.1 Two-Threshold Decision Mechanism

In this enhanced model, concept assignment is determined by two thresholds, ¢; and ¢,

where 5 < t1. This approach divides the prediction space into three distinct regions:
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1. Confident Predictions (p > t1): If a concept’s predicted probability, as determined
by the CNN-FFNN model, exceeds t1, it is confidently assigned to the image based

on the system described in Section 3.1.

2. Grey Zone (t < p < t1): For predictions that fall between ¢; and t9, the model
considers these concepts uncertain. This ambiguity is resolved by applying k-NN

based on image embeddings.

3. Unassigned Predictions (p < t9): If the predicted probability is below t3, the

concept is not assigned to the image.

3.3.2 Grey Zone Classification Using k-NN

When the predicted probability p for a concept lies within the grey zone (i.e.,, t2 < p <
t1), the ensemble defers to k-NN to refine the decision. For each concept in the grey
zone, k-NN retrieves the k nearest neighbors from the training set based on the cosine
similarity between their embeddings and the embedding of the test image. The tags of
these neighbors are then used to determine whether the concept should be assigned to
the image. Specifically, if a concept within the grey zone is also included in the prediction
set generated by the k-NN , it is included in the final set of predicted tags; otherwise it is
not included. This process improves the model’s ability to classify ambiguous cases by

leveraging similar cases from the training data.

3.3.3 Threshold Tuning

To optimize the classification performance, we perform threshold tuning on the valida-
tion set. Specifically, we tune the two thresholds, ¢; and t5, that determine the concept
assignment process. The thresholds ¢ and t5 are adjusted to maximize the £ score, which
balances precision and recall across all concepts. The tuning process involves experiment-
ing with all possible combinations of ¢; and ¢, within a predefined range (e.g., in [0.1, 1]

with a step size of 0.01) under the constraint t5 < ?;.

Once all threshold combinations are evaluated, the pair that achieves the highest F} score

on the validation set is selected as the optimal threshold configuration for the model.

3.4 Other Ensemble Systems

Subsequently, we implemented ensemble systems to improve the robustness and accuracy

of our model predictions. Ensemble learning combines multiple models to produce a

3.4 Other Ensemble Systems
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stronger, with better generalization ability classifier, leveraging the strengths of differ-
ent models to minimize individual model weaknesses. Our ensemble approach involved
integrating predictions from multiple model instances, which were obtained through a com-
bination of different model architectures as well as multiple variants of the same classifier
generated using different checkpoints or hyper-parameter configurations, by aggregating

their predicted concept sets. Two primary aggregation strategies were explored:

1. Union of Predictions: In this method, an image is assigned a concept if any of the
models in the ensemble predicts it. This approach tends to maximize recall, as more

concepts are included when combining predictions across models.

2. Intersection of Predictions: Here, a concept is only assigned to an image if all
models in the ensemble predict it. This method prioritizes precision by ensuring

that only confidently predicted concepts are retained.

By combining these strategies, we explored ensembles that utilized different combinations
of Union and Intersection operations on the predicted concept sets. For example, we applied
Union to merge predictions from two models, used Intersection to combine predictions
from another pair, or combined both approaches—such as taking the Union of two models’
predictions and then finding their Intersection with predictions from a third model. The
various aggregation strategies and model combinations employed are detailed in Table 3.1,
illustrating the methods used to balance precision and recall while leveraging the strengths
of each model to meet the task-specific evaluation metrics. Our ensemble models consisted
of combinations of different architectures, including CNN + FFNN and CNN + £-NN. The
CNN + FENN model used various CNN encoders (e.g., Densenet [Hua+17], EfficientNet
[efficientnet; TL21]) as feature extractors, followed by an FENN for classification.

Ensembles and Model Combinations
CNN+FFNN (DenseNet)

CNN+kNN
INTERSECTION(UNION(3xCNN+FFNN), CNN+KkNN)
UNION(2xCNN+FFNN)

CNN-+FFNN (EfficientNet)
UNION(CNN+FENN (EfficientNet), CNN+kNN)
CNN+wkNN
UNION(CNN+wkNN, CNN+FFNN (EfficientNet))
UNION(CNN+wkNN, CNN+kNN)
UNION(CNN+wkNN, CNN+FFNN (DenseNet))

Tab. 3.1: Overview of all ensembles and model combinations explored in our experiments.
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3.5 Discussion: Future Ensemble Strategies

While the ensemble strategies employed in this thesis demonstrated improvements in
model performance, there remain several promising directions for future research that
could further enhance robustness and accuracy. One such approach is “temporal averaging,”
where the weights of the best-performing checkpoints of a neural model are averaged to
create a single, more stable model. This technique can stabilize performance by reducing
the variability introduced by individual training iterations and has shown promise in

reducing overfitting [LA16].

Another potential direction involves training models with more diverse hyper-parameter
configurations, such as varying learning rates or dropout rates. Aggregating predictions
from these models could lead to better generalization by leveraging the unique strengths
of each configuration. Furthermore, ensemble methods could also involve weighted av-
eraging, where predictions from different models are assigned weights proportional to
their validation performance, creating a hybrid model that balances the strengths of each

component.

Stacking is another promising avenue, where a meta-classifier is trained to learn how to
best combine the predictions from different models. This meta-classifier can prioritize
specific models based on their performance in particular cases, potentially improving
performance in rare or challenging scenarios. Stacking has been widely studied and

applied successfully in ensemble learning, as discussed in earlier works [Wol92].

In addition to these strategies, combining models with fundamentally different archi-
tectures could provide complementary benefits. For instance, integrating CNNs with
retrieval-based methods or transformer-based architectures could enhance performance
by exploiting the unique strengths of each approach. Such combinations could prove

especially useful in tasks involving complex or imbalanced datasets.

These ensemble strategies have shown promise in previous ImageCLEF tasks. For example,
Charalampakos et al. [Cha+22] utilized retrieval-based methods alongside deep learning
classifiers to enhance medical image tagging. Similarly, Charalampakos et al. [Cha+21]
explored ensembles of CNN encoders and feed-forward neural network classifiers to
improve caption generation in medical datasets. Such approaches illustrate the potential
of combining diverse methodologies to tackle complex problems effectively. Incorporating
these advanced ensemble strategies in future research could lead to models with even
greater robustness, adaptability, and accuracy, particularly for tasks involving complex or

imbalanced datasets.

3.5 Discussion: Future Ensemble Strategies
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Data

In the context of this thesis, we utilized the ImageCLEFmedical 2024 dataset [Riic+24a],
which offers a diverse collection of annotated medical images designed for tasks such as
image classification, and retrieval. The following sections will provide a detailed overview
of the ImageCLEFmedical 2024 dataset [Riic+24b], along with an exploratory data analysis
to better understand its characteristics, before applying the methods discussed in Chapter
3 to the data.

4.1 ImageCLEFmedical 2024

The ImageCLEFmedical Caption task [Riic+24a] is part of the broader ImageCLEF competi-
tion [Ion+24]. It aims to advance the state of the art in image analysis and retrieval through
challenging benchmarks that address real-world problems in the biomedical domain. In
this year’s ImageCLEFmedical Caption task, the dataset used is an enhanced and expanded
version of the Radiology Objects in Context (ROCO) dataset [Pel+18], which is derived
from biomedical articles within the PubMed Open Access (PMC OA) subset. This dataset,
utilized for both sub-tasks, comprises 80,080 biomedical images, each accompanied by
corresponding medical concepts represented as UMLS [Bod04] terms, along with detailed
diagnostic captions. The two sub-tasks are Concept Detection, which involves identify-
ing relevant medical concepts (tags) associated with each image, and Caption Prediction,
which focuses on generating diagnostic captions describing the findings in the image. The
original dataset provided by the organizers was divided into two subsets: a training set
comprising 70,108 radiology images and a validation set containing 9,972 images. To
better suit our evaluation needs, we merged these subsets and re-split the data into three
distinct groups: training, validation, and a development (our test) subset. We implemented
a 75% — 10% — 15% split, ensuring that the distribution of concepts remained relatively
balanced across all three subsets. As a result, our final split yielded 64,928 images for
training, 7,179 images for validation, and 7,973 images designated as the development set
(our own test set). Additionally, all our submissions were evaluated using the hidden official
test set, derived from the Radiology Objects in Context Version 2 (ROCOv2) [Riic+24b].
This updated and expanded version of the original ROCO dataset [Pel+18] includes 17,237

previously unseen images, providing a comprehensive and robust basis for testing.
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4.2 Concept Detection

Concept Detection in the ImageCLEFmedical Caption task is framed as a multi-class multi-
label classification challenge, covering a wide array of 1,945 distinct biomedical concepts.
These concepts are derived from the Unified Medical Language System (UMLS) [Bod04],
which serves as a comprehensive repository of medical terminology. The primary objective
of this sub-task is to accurately identify and assign the relevant medical concepts associated
with each image. These concepts can range from specific medical conditions to anatomical
structures, procedures, and imaging findings depicted within the images. Among the
extensive set of available concepts, several are directly related to imaging modalities,
including X-Ray Computed Tomography (CT), Ultrasonography, Magnetic Resonance
Imaging (MRI), and Positron Emission Tomography (PET)/CT scans. Each concept within
the dataset is represented by a unique Concept Unique Identifier (CUI) in accordance with
the UMLS standard. In this task, each image may be associated with multiple concepts,
meaning that an individual image can have several relevant tags reflecting different medical
conditions presented in the dataset. Illustrative examples of images along with their

corresponding ground truth concepts are presented in Figure 4.1.

CUI UMLS Term CuI UMLS Term CUI UMLS Term
C0041618 Ultrasonography C0040405 X-Ray CT C0002978 angiogram
C0025066 Mediastinum C0542331 Shunt Device C0015809 | Femoral vein
C0003489 | Aortic arch structure C0085590 catheter device C0018787 Heart

CC BY [Yagi et al. (2018)] CC BY [Muacevic et al. (2021)] CC BY [Awan et al. (2020)]

Fig. 4.1: Some example image-concept pairs from the ImageCLEFmedical2024 dataset. The concepts
are presented in their UMLS term form.

The distribution of concepts in the dataset is highly imbalanced. While some concepts
appear in over 25,000 images, others are linked to just a single image. Figure 4.2a illustrates
this long-tail distribution for the entire dataset (development, validation, and training sets
combined). The plot on the left shows the frequency of each concept (i.e., the number of
images associated with each concept) in descending order, mapped against their respective
class indices. Our thorough exploratory analysis of this year’s dataset revealed that certain
concepts are more frequently occurring (as seen in Table 4.1), and predominantly related
to types of medical examinations, such as "X-Ray Computed Tomography" or "Plain X-ray".
Most images in the ground truth are tagged with at least one of these broad concepts, in

addition to more specialized ones. The number of concepts assigned to a single image
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ranges from a minimum of 1 to a maximum of 27, with 8,567 images associated with just
1 concept, and only 1 image reaching the maximum. On average, each image is assigned

3.15 concepts. These observations are summarized in the histogram of Figure 4.2b.

Tab. 4.1: The ten most frequent concepts (CUIs) of the ImageCLEFmedical2024 dataset, along with
their corresponding UMLS terms, and the number of images they are associated with.

Most Common Concepts

Rank CUI UMLS Term Images
1 C0040405 X-Ray Computed Tomography 27,852
2 C1306645 Plain x-ray 22,104
3 C0024485 Magnetic Resonance Imaging 12,733
4 C0041618 Ultrasonography 11,476
5 C0817096 Chest 10,323
6 C0002978 angiogram 4,808
7 C0000726 Abdomen 4,292
8 C0037303 Bone structure of cranium 4,130
9 C0030797 Pelvis 3,678
10 C0023216 Lower Extremity 3,254
% 107 :3 1004
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(a) Number of tags per image. (b) Long-tail distribution of concepts.

Fig. 4.2: (a) Histogram with 25 fixed-size bins (horizontal axis) depicting the number of gold
concepts/tags per image. Note that 13 concepts do not have corresponding UMLS terms.
(b) Visualization of the dataset’s long-tail distribution. The y-axis shows the number of
occurrences of each concept, and the x-axis the concept’s class index.
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Experiments and Results

In this chapter, we present the experiments conducted to evaluate the performance of the

proposed methods for biomedical image tagging mentioned in Chapter 3.

The experimental setup includes several key phases, such as data pre-processing, model
training, evaluation, and comparison with baseline models. We also investigate the im-
pact of transfer learning techniques, as outlined in earlier sections, and compare the
classification-based approach to the retrieval-based approach in terms of performance

metrics such as PRECISION, RECALL and F} score.

5.1 Experimental setup

In this section, we describe in detail the setup used to run the experiments. We trained
and evaluated the models using the ImageCLEFmedical 2024 dataset [Riic+24a], which
consists of medical images labeled with (multiple) biomedical concepts, as described in
Chapter 4. The dataset was split into training, validation, and development sets with a
75%-10%-15% ratio.

5.1.1 Data Pre-processing

The pre-processing pipeline was designed to standardize the input data for robust model
training. Each biomedical image was resized to a fixed dimension of 224 x 224 pixels,
ensuring a consistent input size across the dataset. Pixel values were normalized using a
preprocessor specific to the CNN backbone architecture employed (e.g., EfficientNetV2B0).
This normalization adjusted the pixel intensity distribution to align with the expectations

of the pre-trained model.

5.1.2 Transfer Learning

Transfer learning was applied by fine-tuning pre-trained models (EfficientNet [TL19; TL21],
DenseNet [Hua+17]) on the medical images, leveraging their strong feature extraction
capabilities to enhance performance on the specific task. The fine-tuning involved training

all layers of the models, which were initialized with ImageNet weights, allowing the
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encoders to adapt to the medical domain while preserving their pre-trained knowledge.
Training was conducted for a maximum of 100 epochs, with early stopping applied to
halt training if the validation loss did not improve for 3 consecutive epochs. A learning
rate scheduler reduced the learning rate by a factor of 0.1 after one epoch of plateaued
validation loss, ensuring effective convergence. The models were optimized using the Adam
optimizer with an initial learning rate of 1 x 10~* and a batch size of 16. Dropout layers
and global pooling strategies, such as Generalized Mean Pooling (GeM), were employed to
mitigate overfitting and aggregate features effectively. Performance monitoring relied on
validation loss during training, while post-training evaluation included metrics such as F1

score to ensure a balanced trade-off between precision and recall.

5.1.3 Model Training

The models were trained [KSH12] using both CNN-based and retrieval-based approaches,
as discussed in Section 3. For the CNN-based method, we employed CNN encoder networks
combined with fully connected layers, optimized for multi-label classification. For the
retrieval-based method, k-NN retrieval was performed using image embeddings extracted
from CNN models.

5.2 Perfomance Evaluation Metrics

To evaluate the performance of our systems, we used the F score as the primary metric,
which balances both precision and recall in multi-label classification tasks. This approach is
particularly useful for datasets with imbalanced label distributions, such as ImageCLEFmed-
ical. The F} score was the official evaluation metric used in the competition, and all results
were derived by calculating the F score for each test image and then averaging over the
test set. Specifically, the binary multi-hot predicted tags vector (y,eq) Was compared to the
ground truth vector (y¢) for each image, and fll denotes the individual F} scores that

were summed and averaged to obtain the final result. The F7 score calculation follows:

i Z fl (yp'redu ytrue) (5.1)
T

F =
Tl i

where (Ypreq) and (yirue) denote the predicted and ground truth concepts for image ¢, and
T is the set of test images. In addition to the primary evaluation metric, a secondary
F1-score was computed, which focused solely on manually selected concepts, including

categories such as anatomy, topography, and imaging modality. For this metric, predictions

'https://scikit-learn.org/stable/modules/generated/sklearn.metrics.
f1 score.html
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and ground truth concept lists were filtered to include only the selected concepts. Images
with no relevant ground truth concepts after filtering were excluded from the evaluation.
The F} score for each image was calculated by comparing binary vectors representing
the presence or absence of each concept, and the overall score was obtained by averaging

these per-image F} scores.

5.3 Results

For the Concept Detection sub-task, we identified our ten best-performing models by
evaluating them on the held-out development (test) set, and these models were then
submitted for evaluation on the official test set. The models consisted of various CNN-
based architectures paired with different techniques for classification, including CNN +
FFNN, CNN + k-NN, and CNN + weighted k-NN. Additionally, we employed ensemble
systems, combining predictions from multiple instances of these models by either taking

the union or intersection of their predicted concepts.

For our first system (CNN + FFNN) described in Section 3, we experimented with several
CNN architectures as the classifier’s backbone. Specifically, we experimented with Efficient-
Net [TL19; TL21] and DenseNet [Hua+17] to train the networks. These same CNN encoders

were also incorporated into our k-NN models to further extend our experiments.

Testing on the held-out development set revealed that models utilizing the EfficientNet
[TL19] image encoder achieved a marginally higher F}-score compared to other architec-
tures. Despite trying ensemble approaches, which combined predictions from multiple
models, the results did not show significant improvement over the individual models, with

only minor differences observed between the development and test sets [Riic+24b].

Tab. 5.1: Summary of our submissions to the ImageCLEFmedical2024 Concept Detection
sub-task. The table presents the primary Fj-scores of our systems on both our held-out
development set and the official test set. The rankings of our systems among all 38
submissions from the 9 participating teams are included and are based on the primary
Fy-score on the official test set. For the secondary F}-score, only results on the official
test set are included.

Individual Concept Detection Experiments

Run ID Method Primary F1 Secondary F1  Rank
Dev Test
619 CNN+FFNN (DenseNet) 0.6007 0.6240 0.9339 12
624 CNN+ENN 0.6007 0.6274 0.9375 8
640 INTERSECTION(UNION(3xCNN+FFNN),624) 0.6022 0.6272 0.9415 10
642 UNTION(2xCNN+FFNN) 0.6047 0.6304 0.9332 7
644 CNN+FFNN (EfficientNet) 0.6042 0.6319 0.9392 4
648 UNTION(644,624) 0.6045 0.6308 0.9321 6
651 CNN+wEkNN 0.5961 0.6135 0.9238 17
654 UNION(651,644) 0.6008 0.6207 0.9243 13
655 UNION(651,624) 0.5970 0.6155 0.9233 16
656 UNION(651,619) 0.5981 0.6162 0.9217 15

5.3 Results

29



30

5.4 Discussion

The results from our experiments reveal several key insights about the performance of
different models for the Concept Detection task. Overall, our systems performed exception-
ally well, achieving 2nd place among the 9 participating teams in the Concept Detection

sub-task and securing 4th place overall across all submissions from these teams.

First, models utilizing the EfficientNet [TL19; TL21] image encoder consistently outper-
formed those with other CNN backbones, including DenseNet [Hua+17]. In contrast,our
use of data augmentation techniques, which are typically employed to enhance generaliza-
tion and prevent overfitting, did not yield significant improvements. This may suggest
that the medical images in our dataset already contained enough variability, or that the
complex nature of biomedical images limited the effectiveness of standard augmentation

strategies.

Although our k-NN retrieval-based models performed well, especially in cases involving
rare or less frequent concepts, they did not consistently surpass the CNN + FFNN models in
the overall F-score. However, the performance of the k-NN models was closely compara-
ble to the CNN + FFENN models, indicating that retrieval-based methods can be competitive
for multi-label image classification. In fact, our k-NN models showed improvement over
last year’s approaches, largely due to the way we fine-tuned the number of tags included
in the predictions, suggesting that retrieval-based techniques have evolved and now offer
a viable alternative. There is still room for further exploration, particularly in optimizing
similarity measures or incorporating more advanced embedding techniques to enhance the
retrieval process and potentially outperform CNN-based classification approaches in future
iterations. The ensemble methods, which combined predictions from multiple models, did
not result in significant performance gains. This suggests that while individual models
were already making strong predictions, the current ensemble approach may not have fully
leveraged the potential benefits of combining models. Exploring alternative ensembling
methods, such as combining models with more diverse CNN architectures, could offer

better synergy between models and potentially improve robustness and accuracy.

Chapter 5 Experiments and Results



Conclusions and Future Work

6.1 Conclusions

This thesis explored several deep learning techniques to address the challenges of biomed-
ical multi-label image classification. The problem is critical in modern healthcare, where
automated systems are increasingly necessary to handle the growing volume of medical
images. By utilizing a combination of classification-based and retrieval-based methods, we

aimed to enhance the accuracy and reliability of medical image tagging.

We implemented a variety of model architectures, including a CNN-FFNN probabilistic
classifier and retrieval-based £-NN methods, and combined these in ensemble systems to
further improve performance. Through rigorous experimentation on the ImageCLEFmedi-
cal 2024 dataset [Riic+24a], we demonstrated that:

« EfficientNet-based models outperformed other architectures in terms of F-score,
demonstrating the effectiveness of scaling methods that balance network depth,

width, and resolution.

« Retrieval-based methods (k-NN), while competitive, k-NN-based models did not
consistently surpass CNN-based models but demonstrated potential, leaving room

for further improvement in the future.

- Ensemble models, which aggregated predictions from multiple systems, did not
yield significant performance improvements, indicating that alternative approaches
should be explored. Strategies like temporal averaging, weighted averaging, or
stacking, as well as integrating models with diverse architectures, could enhance

robustness and accuracy in future work.

Finally, we achieved competitive results in the ImageCLEFmedical 2024 competition,
ranking 2"? in the Concept Detection task, validating the effectiveness of our proposed

systems.
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6.2 Future Work

In the future, there is potential to further explore retrieval-based methods and integrate
more advanced architectures. While retrieval methods like k-NN showed promise, im-
provements can still be made by refining similarity metrics or combining them with
deep learning models, as discussed in Chapter 3. Future work should also investigate
the use of data augmentation techniques to address class imbalances and improve model

generalization, especially for under-represented concepts.

Chapter 6 Conclusions and Future Work
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