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Resumo

A Estenose Lombar do Canal Vertebral (Lumbar Spinal Stenosis (LSS)) é uma condicao
degenerativa comum caracterizada pelo estreitamento do canal vertebral, que pode provo-
car dor, limitacao funcional e reducao da qualidade de vida. Apesar da disponibilidade de
técnicas avangadas de imagiologia, como a Ressonancia Magnética (RM), o diagndstico
e a classificacao da gravidade da LSS continuam a ser desafiantes devido a interpretacao
subjetiva, a variabilidade interobservador e a auséncia de critérios de avaliagao padroniza-
dos. Estes desafios evidenciam a necessidade de ferramentas automaticas e objetivas que
apoiem a tomada de decisao clinica.

Esta dissertagao propoe uma framework de visao computacional e aprendizagem pro-
funda para a detecao e classificacao automatica da LSS em imagens sagitais de RM lom-
bar. A abordagem segue duas etapas: primeiro, as vértebras sao localizadas através de um
modelo de detecao You Only Look Once Version 8 (YOLOVS); em seguida, sao extraidas
regioes de interesse ao nivel dos discos intervertebrais e classificadas com um modelo
baseado em Swin Transformer em trés categorias: Normal/Leve, Moderada e Severa. O
pré-processamento incluiu filtragem, redimensionamento, realce de contraste e anotagao
manual das vértebras. O desenvolvimento e a validacao foram realizados com o dataset
multi-institucional da Radiological Society of North America (RSNA) 2024, que contém
estudos diversificados de RM lombar com anotacoes padronizadas de gravidade.

A avaliacao experimental demonstrou que o modelo de detecao YOLOv8 alcancou
97,83% de precisao, 98,03% de revocacao e um Fl-score de 97,93% na localizacao de
vértebras. O classificador baseado em Swin Transformer obteve um F1-score ponderado
de 77,05% e um Fl-score macro de 67,98%, enquanto a framework integrada atingiu um
Fl-score ponderado de 77,15%. Adicionalmente, o sistema demonstrou viabilidade clinica
ao processar cada estudo em média em 1,64 segundos, confirmando o seu potencial de
integracao nos fluxos de trabalho radiolégicos.

Os resultados confirmam que métodos baseados em Inteligéncia Artificial (IA) podem
aumentar a precisao e a eficiéncia no diagnéstico da LSS. Sao ainda discutidas limitagoes,
como a diversidade restrita do dataset e a necessidade de validagao clinica prospetiva,
bem como perspetivas futuras, incluindo o uso de imagens multi-planares, datasets mais
extensos e arquiteturas avangadas baseadas em transformadores.

Keywords: Estenose Lombar do Canal Vertebral; Ressonancia Magnética (RM);
Aprendizagem Profunda; YOLOvS; Swin Transformer; Redes Neuronais Convolu-
cionais (CNN); Detegao de Objetos; Classificacao de Imagem Médica; Apoio a De-
cisao Clinica; Inteligéncia Artificial em Saude



Abstract

LSS is a common degenerative spinal condition characterized by narrowing of the
spinal canal, which can result in pain, functional impairment, and a diminished quality of
life. Despite the availability of advanced imaging techniques, such as Magnetic Resonance
Imaging (MRI), the diagnosis and severity classification of LSS remain challenging due
to subjective interpretation, inter-observer variability, and the absence of standardized
assessment criteria. These challenges underscore the need for automated and objective
tools to support clinical decision-making.

This thesis proposes a computer vision and deep learning framework for the automated
detection and classification of LSS in sagittal lumbar MRI scans. The framework adopts
a two-stage approach: first, vertebrae are localized using a YOLOvS object detection
model, and second, regions of interest at the intervertebral disc level are extracted and
classified by a Swin Transformer-based model into three severity categories: Normal/Mild,
Moderate, and Severe. Data preprocessing steps included filtering, resizing, contrast
enhancement, and manual annotation of vertebrae to ensure high-quality inputs. The
framework was developed and validated using the RSNA 2024 multi-institutional dataset,
which contains diverse lumbar spine MRI studies with standardized severity labels.

Experimental evaluation demonstrated that the YOLOv8 detection model achieved
high performance, with 97.83% precision, 98.03% recall, and an Fl-score of 97.93% in
vertebra localization. The Swin Transformer-based classifier achieved a weighted F1-
score of 77.05% and a macro Fl-score of 67.98%), while the integrated framework yielded a
weighted F1-score of 77.15%. Additionally, the system demonstrated clinical feasibility by
processing each study in an average of 1.64 seconds, supporting its potential for integration
into diagnostic workflows.

The findings of this study confirm that Artificial Intelligence (AI)-driven methods
can enhance diagnostic accuracy and efficiency in LSS assessment. Limitations, such as
restricted dataset diversity and the need for prospective clinical validation, are discussed,
along with future research directions, including the use of multi-plane imaging, larger
annotated datasets, and advanced transformer-based architectures.

Keywords: Lumbar Spinal Stenosis (LSS); Magnetic Resonance Imaging (MRI);
Deep Learning; YOLOVS; Swin Transformer; Convolutional Neural Networks (CNN);
Object Detection; Medical Image Classification; Clinical Decision Support; Artificial
Intelligence in Healthcare
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Chapter 1

Introduction

Lumbar Spinal Stenosis (LSS) is a medical condition characterized by the narrowing of
the spinal canal, often leading to compression of the spinal cord and nerve roots (Yabuki
et al., 2013). It is characterized by degenerative changes in the lumbar spine and can
result in symptoms such as lumbar pain, pain radiating from the lumbar region to the
lower extremities, and neurogenic claudication. The diagnosis of LSS typically involves a
combination of clinical evaluation and imaging studies, with Magnetic Resonance Imaging
(MRI) being a key diagnostic tool (Tomkins-Lane et al., 2020).

Despite the availability of diagnostic tools, evaluating the severity of LSS continues to
present challenges due to the absence of a single, universally accepted scale. As noted by
Abou-Al-Shaar et al. (2018), there is substantial variability in the methodologies utilized
to assess the severity of LSS, which contributes to inconsistencies in outcome measures
across studies. Similarly, Tumko et al. (2024) highlights the necessity for more objec-
tive and standardized methods to classify the severity of LSS, particularly through the
implementation of advanced imaging techniques.

To overcome these limitations, innovative solutions are being explored, with Artificial
Intelligence (AI) and Machine Learning (ML) emerging as promising tools. For instance,
Convolutional Neural Networks (CNN) have demonstrated high diagnostic accuracy, with
some models achieving an Area Under the Receiver Operating Characteristic (AUROC)
of over 90% in detecting LSS from radiographs and MRI scans (Bogdanovic et al., 2024).



1.1 Motivation

The motivation for this research stems from the need to improve the image diagnostic
process for LSS, ultimately enhancing patient outcomes and reducing healthcare costs.

Lumbar Spinal Stenosis (LSS) represents a debilitating condition associated with a
substantial reduction in quality of life, affecting 9% in the general population and up to
47% in people over 60 years of age (Tomkins-Lane et al., 2016). Diagnosis LSS remains
challenging due to the dependence on subjective clinical evaluations and qualitative imag-
ing interpretations. The variability in radiologists’ assessments of spinal canal narrowing
on MRI scans often leads to inconsistent diagnoses and treatment plans. This problem
is exacerbated by the lack of standardized criteria for visual evaluations (Lgnne et al.,
2014). These inconsistencies can result in delayed or inappropriate interventions, further
compromising patient outcomes (Schepper et al., 2015).

The integration of Al has been increasingly adopted in medical imaging, particularly
in data-intensive domains like radiology, to improve efficiency and accuracy in diagnostic
workflows (Ahmad et al., 2021). Al models, such as CNN, have shown high precision in
tasks like segmentation and classification, reducing inter-reader variability and improving
diagnostic consistency. The van der Graaf et al. (2024b) study demonstrated success in
spinal imaging tasks such as vertebral segmentation and disc herniation detection, however
is a notable lack of Al-driven tools specifically designed for the detection and severity
classification of LLSS. This gap presents a critical opportunity to leverage Al technologies,
offering clinicians a standardized, reproducible framework for assessing LSS severity. Such
advancements could transform patient care by enabling earlier, more accurate diagnoses,
which may reduce long-term disability and associated healthcare burdens (Tumko et al.,
2024).



1.2 Objectives

This thesis aims to develop and evaluate a Computer Vision (CV) and Deep Learning-
Based (DL-based) framework for the automated identification and classification of Lumbar
Spinal Stenosis (LSS) from MRI scans. The framework is designed to assist radiologists
in improving diagnostic accuracy and efficiency. Specifically, this research pursues the
following overall objectives:

Explore the State of the Art: Identify and analyze the current state of the art in
Computer Vision (CV) and Deep Learning (DL) techniques applied to medical imaging,
with a focus on their use in detecting and diagnosing lumbar spinal stenosis from MRI
scans.

Develop Algorithms for Automatic Detection and Classification: Design and
implement deep learning-based methods to enable the automatic detection of LSS in MRI
scans. This includes:

e To identify and segment key anatomical structures in MRI images, particularly those
associated with LSS;

e To reduce the workload and time demands on medical specialists by automating
diagnostic tasks and enabling a more efficient workflow;

e To evaluate the proposed methods in terms of accuracy, sensitivity, and specificity,
compared to expert diagnoses, to ensure clinical reliability and minimize subjectiv-

1ty.

Prototype a Clinical Decision Support System: Develop a proof-of-concept pro-
totype for a clinical decision support system aimed at assisting radiologists and healthcare
professionals. This system provided automated analysis of MRI scans and offered a second
opinion to improve diagnostic accuracy and support decision-making.

Evaluate the Framework’s Effectiveness: Conduct initial testing to assess the
performance, usability, and reliability of the proposed framework. This evaluation in-
volved comparing automated results to expert interpretations, with the goal of validating
its potential to enhance diagnostic processes and improve patient outcomes.

1.3 Scientific and Technical Contributions

This thesis makes the following computational and software engineering contributions
in the context of medical imaging and Lumbar Spinal Stenosis (LSS) diagnosis:

¢ Developed an Automated Deep Learning Framework: A CV- and DL-based
framework was created for the automated detection, classification, and segmentation
of LSS from MRI scans. This framework enhanced diagnostic accuracy and efficiency
by reducing reliance on subjective interpretations, minimizing human error, and
streamlining radiologists’ workflows. Additionally, a proof-of-concept prototype for



a clinical decision support system was developed, offering automated analysis and
second-opinion functionality to improve decision-making and patient outcomes.

e Reproducible LSS Severity Classification: A more objective and reproducible
method for classifying LSS severity was introduced, addressing the lack of a uni-
versally accepted scale. This standardization improved the comparison of research
findings and supported the development of standardized treatment protocols.

e Validated AI-Driven Tools in Medical Imaging: The effectiveness of Al-
driven tools in LSS diagnosis was rigorously evaluated. The framework’s accuracy,
sensitivity, and specificity were assessed against expert diagnoses, ensuring clinical
reliability and demonstrating its potential for real-world application.

1.4 Structure of the Thesis

e Chapter 1 (Introduction)

Introduces the research problem, focusing on the challenges in diagnosing
and classifying Lumbar Spinal Stenosis (LSS) and the need for more objec-
tive and efficient solutions. Outlines the motivation behind the study, the
research objectives, and the expected contributions. Provides an overview
of the clinical and technical context of LSS diagnosis, highlighting limita-
tions of current methods and the potential of Artificial Intelligence (AI)
and Deep Learning (DL) to address these challenges.

e Chapter 2 (State of The Art)

Reviews the relevant literature and technological advancements in medi-
cal imaging and Al-driven diagnostics. Provides an overview of existing
Computer Vision (CV) and Deep Learning (DL) techniques applied to
spinal imaging, with a focus on LSS detection and classification. Exam-
ines current challenges, gaps in the literature, and the potential of LSS to
improve diagnostic accuracy and standardization.

e Chapter 3 (Materials and Methods)

Details the design and development of the proposed Computer Vision
(CV) and Deep Learning-Based (DL-based) framework for LSS diagno-
sis. Explains the methodology, including data collection, preprocessing,
model selection, and training processes. Describes the development of a
proof-of-concept prototype for a clinical decision support system, outlin-
ing its architecture, functionality, and integration with existing diagnostic
workflows.

e Chapter 4 (Results and Discussion)



Presents the evaluation of the methods proposed for spinal stenosis clas-
sification and detection. First discusses the limitations observed in the
initial proposed approach and then details the development and results
of the final method, highlighting performance improvements and clinical
relevance.

e Chapter 5 (Conclusions and Future Work)

Summarizes the key contributions of the study, reflects on the limitations
of the proposed methods, and outlines directions for future research and
potential improvements.



Chapter 2

State of The Art

Reviews the clinical and technological foundations of Lumbar Spinal Stenosis (LSS)
diagnosis, starting with clinical background, epidemiology, and current imaging modal-
ities (Magnetic Resonance Imaging (MRI), Computed Tomography (CT), and X-rays).
Explores advancements in Artificial Intelligence (AI), focusing on deep learning tech-
niques such as Convolutional Neural Networks (CNN) and emerging Computer Vision
(CV) methodologies including vision transformers and Generative Adversarial Network
(GAN). Analyzes their application to automating LSS detection, classification, and sever-
ity assessment. By integrating clinical challenges with Al progress, evaluates how these
technologies address diagnostic variability, data scarcity, and the lack of standardized
protocols, establishing the foundation for an automated framework to enhance diagnostic
precision in lumbar spinal stenosis.

2.1 Lumbar Spinal Stenosis (LSS)

LSS is a degenerative condition characterized by the narrowing of the spinal canal or
intervertebral foramina, leading to compression of the spinal cord and nerve roots. This
narrowing is most commonly caused by age-related degenerative changes in the lumbar
spine, including intervertebral disc degeneration, facet joint hypertrophy, and thickening
of the ligamentum flavum (Katz and Harris, 2008). Less frequently, LSS may result from
congenital abnormalities, trauma, or spondylolisthesis (Wu et al., 2024).

Figure 1 illustrates an axial view of a lumbar vertebra, comparing a normal spinal
canal on the left with one affected by stenosis on the right. The left side shows a normal
spinal canal and nerve root canals, which are unobstructed and provide sufficient space
for the spinal cord and nerves. In contrast, the right side shows the pathological changes
associated with lumbar spinal stenosis, where the spinal canal narrows due to facet joint
hypertrophy, thickening of the ligaments, disc bulging, and bone spur formation. These
degenerative changes compress the spinal cord and nerve roots, leading to inflammation
and swelling of the affected nerves.

2.1.1 Clinical Background

The prevalence of LSS demonstrates a significant increase in individuals aged 60 years
and above (Deyo et al., 2010), which accounts for its predominant occurrence among older
adults (Ciol et al., 1996). Clinically, LSS is characterized by lower back pain and radiating
leg pain, which may manifest unilaterally or bilaterally (Fritz et al., 1998). A hallmark
symptom of LSS is neurogenic claudication, presenting as pain and weakness in the lower
extremities during walking or standing, with symptoms typically alleviated by sitting or
forward flexion (Watters et al., 2008). In rare cases, severe manifestations may include
bladder or bowel dysfunction (Ishimoto et al., 2012).



NORMAL STENOSIS

central
stenosis

foraminal
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Figure 1: Axial plane of a lumbar vertebra (Bohinski, 2021).

The diagnosis of LSS is primarily established through clinical evaluation, which in-
cludes a detailed patient history and physical examination. Key diagnostic criteria include
the presence of neurogenic claudication and relief of symptoms with forward flexion. It
is crucial to differentiate LSS from other conditions with similar presentations, such as
vascular claudication, which is associated with peripheral artery disease. Vascular claudi-
cation is typically relieved by rest rather than forward flexion and may be accompanied by
diminished peripheral pulses and skin changes (Fritz et al., 1998). While imaging studies,
such as MRI, are employed to confirm the diagnosis of LSS and evaluate the extent of
spinal canal narrowing, it is noted that radiographic findings do not always correlate with
the severity of clinical symptoms (Kalichman et al., 2009).

2.1.2 Imaging Techniques for LSS

Imaging plays a critical role in the diagnosis and management of LSS, offering detailed
visualization of the spinal canal and surrounding structures. The most commonly utilized
imaging modalities include X-rays, CT, and MRI (Steurer et al., 2011). Each technique
possesses distinct strengths and limitations, with MRI being widely regarded as the gold
standard for diagnosing LSS (Schepper et al., 2015).

X-rays are frequently employed as the initial imaging modality in the evaluation of
LSS due to their widespread availability and cost-effectiveness (Kalichman et al., 2009).
They provide essential information regarding spinal alignment, degenerative changes such
as osteophytes and disc space narrowing, and conditions like spondylolisthesis (Cheung
et al., 2014). However, X-rays are limited in their ability to visualize soft tissues, includ-
ing the spinal cord, nerve roots, and intervertebral discs, rendering them insufficient for
confirming the diagnosis of LSS. Despite these limitations, X-rays remain a valuable tool
for initial assessment and for ruling out other spinal pathologies (Ciol et al., 1996).

CT scans offer detailed imaging of bony structures, making them particularly useful
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for identifying structural causes of spinal stenosis, such as facet joint hypertrophy and
osteophytes. CT is often utilized as an alternative to MRI in patients who cannot un-
dergo MRI due to contraindications, such as the presence of certain implants or severe
claustrophobia. CT myelography, which involves the injection of contrast dye into the
spinal canal, can provide additional insights into spinal canal compression and is par-
ticularly valuable when MRI is not feasible. However, CT exposes patients to ionizing
radiation and is less effective than MRI in detecting soft tissue abnormalities (Schepper
et al., 2015).

MRI provides superior soft-tissue contrast, enabling detailed visualization of the spinal
cord, nerve roots, intervertebral discs, and ligamentum flavum. Thickening of the liga-
mentum flavum reduces canal volume, compressing nerve roots and causing inflammation
(Watters et al., 2008). It further permits integrated assessment of stenotic severity, disc
pathology, and neural element compromise, supplying critical information for diagnosis
and treatment planning (Kim et al., 2015).

Figure 2 shows a sagittal plane MRI image demonstrating lumbar spinal pathology,
including anterior disc degeneration and hypertrophy of the posterior ligamentum flavum.
These changes contribute to severe spinal canal stenosis at the L2-L3 and L4-L5 levels,
with milder narrowing observed at L3-L4. The stenosis is most pronounced at L4-L5,
where the anteroposterior diameter of the spinal canal is markedly reduced, consistent

with advanced LSS.

Figure 2: Sagittal plane of MRI (RSNA, 2024).

MRI is non-invasive, does not involve ionizing radiation, and can accurately differ-
entiate LSS from other conditions with similar symptoms, such as tumors or infections
(Cheung et al., 2014). Even with the disadvantages, MRI remains the most reliable and
widely used imaging modality for LSS, offering unparalleled insights into spinal pathology
(Moses et al., 2015).



2.2 Artificial Intelligence (AI)

Al encompasses computational methodologies that enable machines to perform tasks
requiring human-like reasoning, such as pattern recognition, decision-making, and predic-
tive analysis (Wang et al., 2023b). In medical imaging, Al has revolutionized diagnostic
workflows by automating complex analyses of high-dimensional data, including MRI and
CT scans (Karthik et al., 2024). These systems excel at identifying subtle anatomical and
pathological features—such as tissue abnormalities or structural deformities—with high
precision, achieving diagnostic accuracies of up to 90% in disease detection and demon-
strating high sensitivity in detecting conditions like lung nodules or diabetic retinopathy
(Aggarwal et al., 2021). By minimizing subjectivity and inter-observer variability, Al en-
hances diagnostic consistency, a critical advantage in conditions where qualitative assess-
ments dominate clinical practice. For example, AT tools like icolung(®) quantify interstitial
lung disease progression in systemic sclerosis patients, correlating imaging biomarkers with
pulmonary function tests to reduce variability in radiological assessments (Guiot et al.,
2025).

The evolution of Al in medical imaging has been propelled by advancements in com-
putational power, algorithmic innovation, and the availability of large annotated datasets.
Early AI applications in the 1960s-1980s focused on rule-based systems like Computer-
Aided Diagnosis (CADx) for basic image processing tasks such as chest X-ray and mam-
mography analysis (Buaka and Moid, 2024). However, the advent of Machine Learning
(ML) and Deep Learning (DL) has enabled more sophisticated analyses, including auto-
mated segmentation, classification, and predictive modeling (Liu et al., 2024).

2.2.1 Artificial Neural Network (ANN)

Artificial Neural Network (ANN) are computational models designed to simulate the
operational principles of biological neural systems. These systems aim to execute com-
putational tasks with enhanced efficiency compared to conventional architectures. ANNs
represent efficient computational frameworks whose foundational premise derives from
biological neural networks. In such architectures, neurons are interconnected through
synaptic connections, each assigned a synaptic weight that encodes information related
to input signals (Ansari, 2020).

Inspired by biological neural networks in both structural design and activation mech-
anisms, the artificial neuron was first conceptualized by McCulloch and Pitts (1943) as a
binary computational unit with inputs, outputs, and a fixed activation threshold, estab-
lishing the foundational mathematical model for neural computation. Haykin (2001) de-
scribes this computational unit as a critical component for information processing within
neural networks, outlining three fundamental components of an artificial neuron:

1. A set of synaptic connections, each characterized by a specific weight or strength. A
key distinction from biological neural synapses lies in their operational range: arti-
ficial synapses may assume positive or negative values, whereas biological synapses
predominantly operate through positive excitatory mechanisms;



2. A summation mechanism that calculates the weighted sum of input signals, per-
formed by aggregating the products of input values and their assigned synaptic
weights;

3. A nonlinear activation function, also termed a restrictive function, employed to
confine the amplitude of the output signal to a finite permissible range. This en-
sures normalization of the output signal and introduces critical nonlinearity to the
computational process.

The schematic representation of an artificial neuron, illustrated in Figure 3, comprises
input signals denoted as xy, xo, ..., x,. Synaptic weights associated with the neuron
k are represented by Wi, Wi, ..., Wi,. A bias term B, introduced externally to the
summation operator, modulates the net input to the activation function by either elevating
or suppressing its value. The linear combiner output Uy, derived from the weighted sum of
inputs and bias, is subsequently propagated through the activation function, represented
by ¢(.). The final output of the neuron, Y}, corresponds to the post-activation value.

Input Weights Bias

A
{ bk )

=y i \ \I/

Activation Function Output

— Wg P ] e l
| 5 S I
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[ ] [ ]

Figure 3: Artificial neuron example.

Such networks are typically organized into multilayer architectures, comprising an
input layer for data transmission without direct processing, hidden layers responsible for
computational transformations in function approximation, and an output layer delivering
processed results (Livshin, 2019). Neurons within hidden and output layers modulate
incoming signals through adjustable synaptic weights, while the input layer serve as an
interface to propagate unaltered signal components (Hristev, 1990).

ANN may incorporate an indefinite number of neurons organized into interlinked lay-
ers, with the input layer responsible for representing the dataset and initial conditions,
typically excluded from subsequent layers, as in applications such as image processing,
their output may correspond directly to individual pixel values (Vasilev et al., 2019). In
fully connected multilayer networks, as demonstrated in Figure 4, each neuron within
a given layer is interconnected to all neurons in adjacent layers, resulting in high com-
putational costs. However, the presence of repetitive patterns in data such as images
enables the implementation of smaller detectors, trained to identify these recurrences
across distinct regions, thereby optimizing computational efficiency without sacrificing
model performance (Teoh, 2023).
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Figure 4: Fully connected multilayer networks example (Bre et al., 2018).

2.2.2 Deep Learning (DL)

DL, a specialized subset of ML, utilizes hierarchical architectures of ANN to au-
tonomously extract high-level features from raw data through successive nonlinear trans-
formations. Unlike traditional ML models, which depend on manual feature engineering,
DL algorithms iteratively optimize their internal representations during training, as il-
lustrated in Figure 5. This capability enables the identification of complex patterns in
medical imaging data, including spatial hierarchies in volumetric scans and temporal de-
pendencies in dynamic imaging sequences (Lecun et al., 2015).

MACHINE LEARNING

i LSS Detected
LSS Not Detected

INPUT FEATURE EXTRACTION CLASSIFICATION OUTPUT

DEEP LEARNING +

LSS Detected
Level: L4/L5
Severity: Severe

LSS Not Detected

FEATURE EXTRACTION + CLASSIFICATION OUTPUT

Figure 5: Comparison of ML and DL workflows.

This capacity is particularly transformative in clinical scenarios requiring the integra-
tion of multifactorial diagnostic criteria, such as differentiating malignant tumors from be-
nign lesions based on heterogeneous imaging textures or predicting disease progression via
longitudinal imaging biomarkers. For instance, Ronneberger et al. (2015) demonstrated

11



that DL architectures such as U-Net have significantly advanced biomedical image seg-
mentation, enabling precise anatomical localization. Similarly, Goodfellow et al. (2014)
highlighted that synthetic image generation using GAN facilitates the augmentation of
datasets for rare pathologies, addressing challenges related to data scarcity in medical
imaging research.

The efficacy of DL in medical imaging arises from its scalability with complex datasets
and capacity to generalize across diverse imaging modalities. However, its performance
depends on access to large-scale annotated datasets and rigorously optimized training pro-
tocols to minimize overfitting in high-dimensional parameter spaces. Techniques such as
transfer learning—Ileveraging pre-trained models on non-medical datasets and fine-tuning
them for domain-specific tasks—have proven effective in addressing data scarcity. For
example, Esteva et al. (2017) achieved dermatologist-level accuracy in skin cancer classi-
fication using a CNN trained on 129,450 clinical images, demonstrating the utility of this
approach. Attention mechanisms, which focus computational resources on diagnostically
salient regions, further mitigate these challenges while improving model interpretability.

The Figure 6 illustrates the principle of transfer learning in DL. A base model pre-
trained on a large-scale dataset transfers its learned weights, network parameters, to
initialize a custom model designed for a specialized task. During adaptation, frozen layers
retain the transferred weights to preserve generic feature extraction capabilities, while
fine-tuned layers are retrained on task-specific data to adapt hierarchical representations.
The fine-tuning process may involve hyperparameter adjustments, including learning rate
reduction, epoch configuration, or selective layer unfreezing, to optimize convergence on
the target dataset. By reusing and refining pre-trained weights, transfer learning reduces
computational overhead and alleviates data scarcity, thereby enabling robust performance.

Self-supervised learning frameworks, such as Contrastive Predictive Coding (CPC),
mitigate reliance on labeled data by exploiting inherent structures in high-dimensional
signals through contrastive loss and autoregressive modeling, as demonstrated by van den
Oord et al. (2018) across domains including speech, images, text, and reinforcement learn-
ing. These frameworks encode latent representations designed to maximize mutual infor-
mation between contextual observations. Parallel advancements include contrastive meth-
ods like SimCLR, proposed by Chen et al. (2020), which enhances representation learning
through comprehensive data augmentations such as random cropping and color distor-
tion, coupled with nonlinear projection heads. This approach achieves state-of-the-art
performance in unsupervised and semi-supervised learning paradigms by refining feature
discriminability in embedding spaces.

2.2.3 Convolutional Neural Networks (CNN)

A CNN is an approach based on training and extracting significant features from input
images, functioning similarly to a biological neural network. This capability enables
the CNN to identify portions of an image and recognize distinct features that remain
consistent even in the presence of transformations such as rotation, scaling, and translation
(Teoh, 2023). The core operation of the CNN is convolution, which involves two one-
dimensional functions of a real-valued argument and can be represented by an asterisk,
as shown in Equation 2.1. In this context, the function f represents the input data, while
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Figure 6: Transfer learning workflow example.

the argument g is known as the kernel, whose output results in a feature map (Goodfellow
et al., 2016).

s(t) = (f xg)(t) (2.1)

The Figure 7 from Goodfellow et al. (2016) illustrates the convolutional operation
applied to a two-dimensional input array, such as a grayscale image. A small kernel or
filter, represented as a weight matrix, is systematically slid across the input tensor with a
predefined stride, performing element-wise multiplication between the kernel values and
the corresponding local region of the input at each position. The products are aggregated
through summation to produce a single scalar value in the output feature map, a process
mathematically defined as discrete convolution. This spatial invariance is emphasized
by the kernel’s shared parameters, which detect localized features—edges, textures, or
patterns—regardless of their position.

Pooling is a downsampling operation in CNNs that reduces spatial dimensions while
retaining critical features. Common types include max pooling, which selects maximum
values from sub-regions, and average pooling, which computes regional averages (LeCun
et al., 1989). Region Of Interest (ROI) Pooling is a specialized technique used to stan-
dardize variable-sized candidate regions into fixed-size feature maps. Dividing each region
proposal into a grid of bins, applies max pooling within each bin, and concatenates the
results to preserve spatial hierarchies, as exemplified in Figure 8. Unlike standard pooling,
which operates on entire images, ROI Pooling focuses on regions extracted from feature
maps. This enables efficient training and inference by maintaining critical geological fea-
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Figure 7: Convolutional operation example (Goodfellow et al., 2016).

tures, such as rock textures or layer boundaries, in variable-sized regions (Girshick, 2015).
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Figure 8: ROI pooling diagram (Fu and Wang, 2024).

The layers of a CNN play a crucial role in its architecture, consisting of filters, also
referred to as kernels or feature detectors, which are applied to all regions of the input data.
Each filter can be understood as a set of weights that are adjusted during training (Vasilev
et al., 2019). According to Teoh (2023), the most common CNN architecture comprises
four main layers, as illustrated in Figure 9. The convolutional layer extracts essential
features through operations, while the pooling layer enhances efficiency by reducing the
matrix size. The convolutional and pooling layers form the network’s filter, whereas the
classifier is composed of fully connected layers.

Recent studies highlight the efficacy of CNN s in the diagnosis of LSS. For exam-
ple, Bogdanovic et al. (2024) developed a fully automated CNN model to measure spinal
stenosis on MRI, achieving diagnostic accuracy comparable to expert radiologists. Sim-
ilarly, Tumko et al. (2024) proposed a neural network framework for LSS classification,
leveraging multi-planar MRI inputs to capture axial and sagittal views of spinal compres-
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Figure 9: CNN layers example (Phung and Rhee, 2019).

sion. Challenges persist, however, including the need for large, diverse datasets to ensure
model generalizability and address class imbalance in stenosis severity grades.

2.2.4 You Only Look Once (YOLO)

Object detectors based on CNN are widely used in recommendation systems. For
instance, a system that detects empty parking spots using urban surveillance cameras is
typically powered by models that are often slow and have low accuracy. Improving the
accuracy of real-time object detectors is extremely important for managing autonomous
processes and reducing dependence on human resources (Bochkovskiy et al., 2020).

In order to improve accuracy and reduce processing time in real-time object detec-
tion, Redmon et al. (2015) developed a framework called You Only Look Once (YOLO).
The name refers to the fact that the framework looks at the image only once to predict
what objects are present and where they are located, essentially framing object detec-
tion as a regression problem. YOLO works in a straightforward prediction-based manner,
where a single CNN simultaneously predicts bounding boxes and the class probabilities
for those boxes. Training is performed directly on full images, which enhances detection
performance.

The main idea behind YOLO is to divide the input image into an SxS grid and perform
detections in each of the grid cells. In each cell, YOLO predicts B bounding boxes along
with a confidence score for each box. The confidence score is computed using Equation
2.2, indicating whether an object is present in the cell. The higher the confidence, the
thicker the box border. Furthermore, each cell predicts the probability distribution over
the C' possible classes for the object. Each cell results in 5 4+ C values, including the
coordinate pair (z,y), the box dimensions (w,h), the confidence score, and the class C.
Based on these predictions, the final image is generated with bounding boxes around the
detected objects, as illustrated in Figure 10 (Liu et al., 2020).

Confidence = Pr(Object) - IoU(Gt, pred) (2.2)

Over the years, YOLO has undergone several updates, improvements, and architec-
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Figure 10: You Only Look Once (YOLO) workflow Liu et al. (2020).

tural changes. Some of these versions were developed by the original creators with the
ongoing goal of enhancing detection performance and improving training, Mean Average
Precision (mAP), and Frames Per Second (FPS). Additionally, other versions were cre-
ated by different contributors, such as YOLOv4, developed by Bochkovskiy et al. (2020),
and YOLOvV7, developed by Wang et al. (2022). Figure 11 shows the evolution of the
YOLO versions over time.

YOLOX YOL
YOLOv1 YOLOv3 YOLOR YO‘I:.’O?J:S

PP-YOLOv2

2015 2016 2018 2020 2021 2022 2023

Sceied DAMO YOLO
YOL09000 g:';g‘(g PP-YOLOE
v2 N YOLOv7

YOLOvV5 YOLOV6
YOLOv6

Figure 11: Timeline of YOLO versions Terven and Cordova-Esparza (2023).

A recent version of the YOLO family is You Only Look Once Version 8 (YOLOvS),
the architecture of You Only Look Once Version 8 (YOLOvVS) can be subdivided into
two distinct parts, as illustrated in Figure 12. The first part, called the backbone, is
a modified version of the CSPDarknet53 architecture. This part consists of a 53-layer
convolutional network and employs cross-stage connections to improve the flow between
different layers. The second part is referred to as the head, and it is composed of several
convolutional layers followed by fully connected layers. These layers are responsible for

predicting bounding boxes, objectness scores, and class probabilities for objects detected
in the image (Mehra, 2023).

The convolutional layers in YOLOv8 are Conv2D layers, meaning they are two-
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Figure 12: YOLOvVS Architecture (RangeKing, 2023).

dimensional convolutional layers. Essentially, the kernel or filter of the layer slides over
the 2D input data, performing element-wise multiplication. The output is the sum of
these results in a single pixel. Additionally, YOLOvS includes the BatchNorm2D layer,
a ANN layer that normalizes activations between the 2D layers. The activation function
used is Sigmoid Linear Unit (SiLU) (Databricks, 2023).

This version of YOLO begins with a convolutional layer in the backbone that uses
a 3 x 3 filter. Unlike some previous versions, which featured Cross Stage Partial (CSP)
Bottleneck modules with 3 convolutional layers—known as C3 modules—the YOLOvS8
implementation uses C2f modules, which are CSP Bottleneck modules with 2 convolu-
tional layers. These offer increased speed compared to the standard C2. The Bottleneck
consists of two 3 x 3 convolutional layers with residual connections (Buhl, 2023).

Detection in YOLOVS is performed using a decoupled head, which consists of two
separate branches: one for object classification and another for bounding box prediction
through regression. It uses different loss functions: for the classification task, it employs
the Binary Cross-Entropy Loss (BCEL), and for bounding box prediction, it uses the
Distribution Focal Loss (DFL) and CIoU Loss. YOLOvS8 is an anchor-free detection
model, meaning it predicts the center of an object directly, making the detection process
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more flexible and efficient (Wang et al., 2023a).

The YOLOvVS architecture also includes parameters for the convolutional layers, called
Conv, such as k for kernel size, s for stride, p for padding, and ¢ for the number of channels.
The backbone concludes with a technique called Spatial Pyramid Pooling with Fused
Features (SPPF), which splits the output of the layer into several sub-regions. The head
also includes Concat layers, used to concatenate data from different sources, and Upsample
layers, which increase the spatial resolution of the data. Finally, the architecture ends
with detection layers, known as detect, composed of parallel Conv and Conv2D layers
that compute the loss and generate the bounding boxes for the detected objects.

2.2.5 Emerging Al Techniques in Computer Vision

Recent advancements in CV have expanded the capabilities of Al in medical imaging,
offering novel solutions to challenges such as data scarcity, diagnostic variability, and
anatomical complexity inherent to LSS diagnosis (Esteva et al., 2017). CNN enhanced
with self-attention mechanisms have demonstrated significant improvements in feature
extraction and global contextual analysis. For instance, hybrid architectures like the
Multi-Headed Self-Attention Module (MHSAM) refine CNN-based models by dynamically
weighting diagnostically salient regions, enabling holistic analysis of spinal structures
across MRI slices (Lin et al., 2024).

Transformers are self-attention-based architectures that have emerged as the predom-
inant model in Natural Language Processing (NLP), as demonstrated by Vaswani et al.
(2017). Their computational efficiency and scalability enable the training of models with
unprecedented scale, exceeding 100 billion parameters (Brown et al., 2020). In CV, CNN
architectures remain dominant; however, inspired by the success of Transformers in NLP,
Dosovitskiy et al. (2020) introduced the Vision Transformer (ViT), which applies a pure
Transformer architecture directly to image recognition tasks.

The ViT splits an image into fixed-size patches, as illustrated on Figure 13, linearly em-
beds them into tokens, and processes the sequence with a standard Transformer encoder.
Positional embeddings are added to retain spatial information, and a learnable [class]
token aggregates global features for classification. Unlike CNNs, the ViT lacks inherent
inductive biases, such as locality and translation equivariance, requiring large-scale pre-
training to achieve state-of-the-art performance. When transferred to downstream tasks,
ViT matches or surpasses CNNs while using fewer computational resources, demonstrat-
ing that Transformers can excel in vision without convolutional operations (Dosovitskiy
et al., 2020).
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In parallel, GANs have emerged as a transformative tool in medical imaging, partic-
ularly in addressing the challenge of limited annotated datasets. GANs consist of two
neural networks: a generator and a discriminator, as shown in Figure 14. The genera-
tor creates synthetic data that mimics real data, while the discriminator evaluates the
quality of generateed data, classifying them as real or synthetic generated data. This
adversarial process enables the generation of high-quality synthetic images, which can
significantly augment limited training datasets—a critical advantage in medical imaging,
where annotated Low-Sample-Size datasets are often scarce (Rusanov et al., 2022).

Real dataset
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Figure 14: Flowchart of a GAN architecture (Skandarani et al., 2023) .

Faster Region-based Convolutional Neural Network (Faster R-CNN) is favored over
single-stage detectors like YOLO due to its higher accuracy, particularly in applications
like medical image analysis. As shown in Figure 15, this two-stage approach first uses a
Region Proposal Network (RPN) to generate potential ROI by sliding over the feature
map and proposing candidate bounding boxes. These initial proposals are then refined
and classified in the second stage by a Faster R-CNN detection network, which performs
both classification and bounding box regression. This process allows Faster R-CNN to
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achieve precise localization of abnormalities in medical images, ensuring high detection
accuracy (Ma et al., 2023).
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Figure 15: Faster R-CNN workflow example (Ren et al., 2015).
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Chapter 3

Materials and Methods

Based on the conducted study on LSS, ANN, and their associated concepts and
methodologies, it is essential to establish the process that was adopted to achieve the
established objectives. Therefore, this chapter presents the materials and methods that
were employed throughout the development of the framework.

3.1 Dataset Description

The Radiological Society of North America (RSNA) 2024 Kaggle competition! dataset
is the primary source for training the AI model. The dataset is designed to identify
degenerative lumbar spine conditions in MRI scans. It contains multi-institutional data,
compiled from eight medical institutions across five continents, providing a diverse and
robust set of MRI images of the lumbar spine. The dataset includes five distinct lumbar
spine degenerative conditions:

e Left Neural Foraminal Narrowing

Right Neural Foraminal Narrowing

Left Subarticular Stenosis

Right Subarticular Stenosis

Spinal Canal Stenosis

Each condition is evaluated at five levels of the intervertebral disc (L1 / L2, L2 / L3, L3
/ L4, L4 / L5 and L5 / S1), with severity scores classified into three levels: Normal / Mild,
Moderate, and Severe, supplemented by spatial coordinates delineating the anatomical
center of the pathological region. The dataset consist with three different plane MRI
images: Axial T2, Sagittal T1 and Sagittal T2.

The dataset is structured based on studies and series, with each study corresponding
to an individual patient’s MRI examination. Multiple series may be associated with each
study, each representing distinct sequences or views of the patient’s spinal condition. The
dataset comprises 1,975 studies and 6,294 series. Each series consists of between 5 and
192 sequential images, as is typical in MRI studies, with the images representing slices
of the lumbar spine. In total, the dataset contains 147,218 DICOM files. Figure 16
presents an example study from the dataset, with all view planes corresponding to the
same patient and extracted from the center slice of the MRI volume. Panel (a) shows an
axial T1-weighted image; panel (b) a sagittal T1-weighted image; and panel (c) a sagittal
T2-weighted image.

"https://www.kaggle.com/competitions/rsna-2024-1lumbar-spine-degenerative-classification
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Figure 16: Study MRI scans from RSNA dataset.

3.2 Clinical Collaboration

A formal interdisciplinary collaboration was established between the Instituto Politécnico
de Setubal (IPS) and Hospital da Luz Setubal, a tertiary healthcare institution special-
izing in neurosurgical care, to advance translational research in LSS. The Neurosurgery
Department at Hospital da Luz Setiibal maintains a clinical focus on spinal pathology,
with expertise in the diagnosis and management of degenerative spinal disorders. This
department actively pursues research initiatives integrating multimodal gait analysis, ad-
vanced neuroimaging, and computational analytics into standard clinical workflows to
develop predictive frameworks for personalized therapeutic decision-making.

The heterogeneity in methodological approaches to assessing LSS severity—a critical
factor influencing treatment outcomes—has been identified as a source of variability in
cross-study comparability. To mitigate these limitations, this collaboration prioritized the
implementation of standardized, imaging-based diagnostic protocols augmented by CV
and DL algorithms. These computational methodologies aim to quantify pathoanatomical
features, such as dural sac cross-sectional area, foraminal dimensions, and correlate them
with clinical symptomatology, thereby enabling objective stratification of disease severity.

The partnership operationalizes a synergistic integration of technical and clinical ex-
pertise to ensure translational applicability of the proposed framework within existing
diagnostic workflows. For this thesis, no patient data from Hospital da Luz Setubal were
accessed or used; model development and experiments were conducted exclusively on
publicly available, de-identified datasets, and no protected health information was han-
dled. Any future studies that involve hospital data will require secure, GDPR-compliant
pipelines (including DICOM anonymization and pseudonymization), restricted access for
authorized personnel only, and prior approval by the Hospital da Luz Setibal Institutional
Review Board (IRB), in accordance with the Declaration of Helsinki.

By leveraging IPS’s computational resources and the hospital’s ongoing clinical exper-
tise, this initiative seeks to establish a robust, clinically informed predictive framework
and evaluation criteria, with prospective validation on institutional data contingent on
future approvals. The resultant framework is anticipated to contribute to evidence-based
standardization in LSS management, aligning with the broader objectives of precision
medicine in neurosurgical care.
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3.3 Proposed Method

During the initial phases of this research, an early methodological approach was de-
veloped and implemented based on preliminary insights and assumptions. This initial
method is presented in this section to document the reasoning, design, and limitations
that ultimately led to a revised strategy. While this proposed method did not yield op-
timal results or fully meet the study objectives, it played a critical role in shaping the
final approach. The inclusion of both methods in this thesis aims to provide a transpar-
ent account of the research process and highlight the iterative nature of methodological
development.

The workflow presented in Figure 17 systematically delineates the study methodology,
beginning with the ingestion of the dataset and progressing through a structured data
preparation phase, which comprises the filtering, preprocessing, and generation of the
bounding box. Following data preparation, model development is conducted through
a sequential process involving transfer learning, hyperparameter definition, preliminary
testing, and full-scale training with fine-tuning. The final phase involves a comprehensive
evaluation of the model.

Data Preparation Model Development

Transfer
Learning
v
Dataset f [ ——
Ingestion I AR L)
Definition

Preliminary
Tests

Figure 17: Overall proposed method workflow.

3.3.1 Data Preparation

For this study, a subset of the RSNA dataset was utilized to train the model, specifi-
cally focusing on sagittal T2-weighted MRI images of patients diagnosed with spinal canal
stenosis. The selection of T2-weighted sequences was based on their established efficacy
in visualizing spinal canal narrowing, intervertebral disc degeneration, and other key fea-
tures associated with LSS. These sequences were particularly advantageous due to their
high contrast and sensitivity in detecting soft tissue abnormalities, which were critical for
accurate diagnosis.

The dataset was filtered to include only studies meeting the predefined inclusion crite-
ria, resulting in 1,973 studies with 1 series each. Each series consisted of between 8 and 29
sequential images, culminating in a training corpus of 33,554 DICOM files. These images
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formed the basis for training the DL model developed for the detection and classification
of LSS.

As shown in Figure 18, the preprocessing stage began with resizing images to a reso-
lution of 512 x 512 pixels to ensure standardization. Subsequently, contrast enhancement
was applied using Contrast Limited Adaptive Histogram Equalization (CLAHE) to im-
prove visualization and enhance the distinguishability of relevant features.

Resize
image

=

Apply
CLAHE

320x320 .

512x512
Figure 18: Preprocessing stage workflow.

Figure 19 illustrates the final step, where bounding boxes were generated using the
spatial coordinates (X,Y) provided in the RSNA dataset. FEach coordinate defined the
center of a rectangular region measuring 70 x 50 pixels, ensuring that the pathological
region was fully encompassed for model training. Each bounding box was labeled accord-
ing to the severity classification annotated in the dataset. This process resulted in a fully
annotated and structured dataset, optimized for the model development phase.

Bounding
Boxes

Spacial
Coordinates

Figure 19: Generate bounding box stage workflow.

The dataset was partitioned into three subsets: 70% for training, 20% for validation,
and 10% for testing. This division was selected to balance effective model learning, hyper-
parameter optimization, and unbiased performance assessment. Allocating the majority
of the data to training exposed the model to sufficient examples to learn meaningful
features and patterns. The validation subset was used during training to monitor perfor-
mance, guide hyperparameter tuning, and mitigate overfitting through mechanisms such
as early stopping and model selection. The test subset remained completely isolated from
the training process and was reserved exclusively for the final evaluation of generalization
on unseen data.
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3.3.2 Model Development

The first stage involves using a pre-trained model provided by the Detectron2? frame-
work, an open-source library developed by Facebook AI Research (FAIR) for object de-
tection and segmentation tasks. The development and training of the model were con-
ducted using Python?, leveraging the computational resources of Google Colab Pro*. This
cloud-based platform was selected for its high-performance GPU/TPU support, such as
NVIDIA A100, V100, which accelerates the training of deep neural networks while mini-
mizing hardware constraints.

Detectron2 was selected for its modular design, computational efficiency, and robust
support for advanced architectures like Faster R-CNN, which are critical for handling the
nuanced complexities of medical imaging (Wu et al., 2022).

The selected pre-trained model is a Faster R-CNN with a ResNet-50 Feature Pyramid
Network (ResNet-50-FPN) backbone, which is an advanced DL model for object detection.
It is an extension of the previous Region-based Convolutional Neural Network (R-CNN)
architecture, and its key contribution is the introduction of a RPN, which significantly
improves the speed and performance of object detection (Ren et al., 2015).

The model is initialized with pre-trained ImageNet weights, leveraging transfer learn-
ing to accelerate convergence and improve generalization. This approach is particularly
effective in medical domains, where pre-training on large natural image datasets has been
shown to enhance performance even with small target datasets (Tajbakhsh et al., 2016).

The framework employs a ResNet-101 Feature Pyramid Network (ResNet-101-FPN)
backbone to power the Faster R-CNN model. ResNet-101’s residual learning architecture
mitigates the vanishing gradient problem in deep networks, enabling robust hierarchical
feature extraction (He et al., 2016)—a critical capability for capturing the fine-grained
details of spinal anatomy. The network was fine-tuned from pre-trained weights to adapt
its feature representations to the spinal stenosis detection task. Hyperparameters and
optimization settings were determined through empirical testing, with particular consid-
eration given to the dataset’s pronounced class imbalance.

The training configuration was designed to effectively adapt the pre-trained ResNet-
101-FPN backbone to the specific characteristics of the spinal stenosis dataset. A batch
size of 16 balanced GPU memory usage with gradient stability, while the AdamW opti-
mizer combined adaptive learning rates with weight decay to improve generalization. The
base learning rate of 0.0001 enabled stable fine-tuning without overwriting pre-trained fea-
tures. Training was performed for 250000 iterations to ensure convergence for the complex
detection task. To address the underrepresentation of Moderate and Severe cases, class
weights of [4.0, 0.5, 4.0] were applied for the Moderate, Normal/Mild, and Severe classes
respectively, increasing the loss contribution from minority classes and reducing that from
the majority class (Normal/Mild).

Modifying these parameters after unfreezing the layers is crucial for tailoring the pre-
trained model to the new task. Each task may have different requirements regarding data

’https://ai.meta.com/tools/detectron2/
Shttps://www.python.org/
“https://colab.google/

25


https://ai.meta.com/tools/detectron2/
https://www.python.org/
https://colab.google/

representations, model structure, and learning rates. Customizing these parameters helps

the model adapt to the new task, learn relevant features, and improve overall performance
(He et al., 2016).

3.3.3 Model Evaluation

The model evaluation is an important process, in this study some metrics were used
to evaluate and help to translate the results of the model. The evaluation of performance
in lumbar spinal stenosis localization necessitates the use of rigorously established metrics
that quantify both spatial accuracy and consistency.

Precision quantifies the reliability of a model’s positive predictions by measuring the
proportion of correctly identified positive instances among all instances classified as posi-
tive. This metric is expressed in Equation 3.1, True Positives (TP) represent cases where
the model correctly identifies a positive instance, while False Positives (FP) denote neg-
ative instances erroneously classified as positive. A high precision value indicates that
the model minimizes incorrect positive predictions, ensuring confidence in its affirmative
classifications (Faceli, 2011).

TP
Precision = —— 3.1
recision TP+ FP (3.1)

Recall evaluates a model’s ability to capture all relevant positive instances within a
dataset, thereby reflecting its sensitivity to true positives. It is defined in Equation 3.2,
False Negatives (FN) correspond to positive instances that the model fails to detect. A
high recall value signifies robust coverage of true positives, which is critical in applications
where missing positive cases carries significant risks (Faceli, 2011). Unlike precision, recall
prioritizes comprehensive identification of positives, often at the cost of increased false
alarms.

TP
l=—— 2
Reca TP T TN (3.2)

The F1-score harmonizes precision and recall into a single metric by computing their
harmonic mean. Given aggregated precision Precision and recall Recall for a classifica-
tion task, the Fl-score is defined in Equation 3.3. The harmonic mean penalizes large
disparities between precision and recall, ensuring that both metrics are balanced and
neither dominates the overall performance evaluation (Géron, 2019).

2 x Precision x Recall
F1 -

3.3
Precision 4+ Recall (3:3)

The efficiency of a system is a critical factor to consider, with execution speed and
runtime serving as key metrics for its assessment. The system’s performance must meet
predefined time constraints, which are primarily influenced by the underlying hardware
configuration (Garcia-Garcia et al., 2017).
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The clinical validity of the model was evaluated by comparing its predictions against
annotations from a specialist physician, ensuring consistency with real-world diagnostic
practices. Agreement metrics assessed how closely the model’s outputs aligned with the
specialist’s clinical judgments, a critical benchmark for its potential use in healthcare
workflows.

3.4 Final Method

A core scientific contribution of this work was the development of a revised and more
effective approach, born from the insights and limitations encountered with the initially
proposed method. As will be detailed in the Section 4.1, the initial single-stage model
was hindered by the dataset’s class imbalance and the inherent difficulty of perform-
ing detection and classification simultaneously. Therefore, the methodological pivot to a
decoupled, two-stage framework is a key contribution that directly addresses these chal-
lenges. This final method, integrates improvements in data annotation and model design
to successfully tackle the separate objectives of vertebra detection and spinal stenosis
classification.

The workflow depicted in Figure 20 outlines the methodology employed in this study.
It begins with dataset ingestion, followed by detection data preparation, which includes
filtering, preprocessing and manual annotation of vertebrae. These annotations are then
used to develop a vertebra detection model through transfer learning, hyperparameter
tuning, and preliminary evaluation.

Simultaneously, the vertebra annotations are leveraged to extract ROI at the inter-
vertebral disc level (e.g., L1/L2, L2/L3) for classification data preparation. The resulting
dataset serves as input to the classification model, which is also developed using transfer
learning, hyperparameter optimization, and initial testing. Both models are evaluated
independently to assess their performance in vertebra detection and spinal stenosis clas-
sification tasks.
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Figure 20: Overall final method workflow.

3.4.1 Detection Data Preparation

For the final method, the data preparation process was adapted from the initial ap-
proach described in Section 3.3.1, incorporating key modifications to better support ver-
tebra detection. Table 3.1 summarizes the stepwise filtering of the dataset, starting from
the original RSNA dataset and including the filtered subset introduced in Section 3.3.1.

In the final stage of dataset preparation, an additional filtering step was applied to ex-
clude all series containing only Normal /Mild classifications. This process yielded a more
balanced distribution across the severity classes and a total of 709 studies. Furthermore,
only the central slice from each MRI series was retained, ensuring a clear and representa-
tive visualization of the spinal canal for model training. This selection resulted in a final
dataset of 709 images.

As demonstrated in Figure 21, the pre-processing stage begins by resizing the images to
a resolution of 640 x 640 pixels to ensure standardization. Subsequently, contrast enhance-
ment is applied using CLAHE to improve visualization and enhance the distinguishability
of relevant features. This resolution was chosen as a compromise between computational
efficiency and detection accuracy, following the observations of the RA-YOLO study (Hao
et al., 2023), which reports that larger input images can improve accuracy but significantly
prolong training time, while smaller images accelerate training at the expense of accuracy.
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Table 3.1: Dataset filtering steps and class distribution.

Filtering Step Studies Series Images Normal/Mild Moderate Severe
Original RSNA dataset 1,975 6,294 147,218 37,612 7,949 3,081
Filter T2 sagittal with

. . 1,973 1,973 33,554 8,535 730 468
stenosis diagnosis
Exclude series with only
Normal /Mild labels 709 709 12,430 2,301 730 468
Select central MRI slice 709 709 709 2,301 730 468

Resize
image

=

Apply
CLAHE

320x320 .

640x640

Figure 21: Preprocessing stage workflow.

Figure 22 illustrates the final step of the process, in which bounding boxes were anno-
tated using the Computer Vision Annotation Tool (CVAT)?, an open source, web-based
platform developed by Intel for annotating image and video data in computer vision tasks,
including object detection, classification, and segmentation. The annotated labels corre-
spond to the vertebrae L1, L2, L3, L4, L5, and S1. This annotation process results in
a fully structured and labeled dataset, optimized for the subsequent model development
phase.

Finally, the annotated images and corresponding labels were organized into a dataset
compatible with the YOLO Ultralytics detection format. To ensure a reliable evaluation
protocol aligned with the full validation requirements of the framework, the data set was
first divided by studies, assigning 80% of the studies for training and 20% for validation.
This approach guarantees that images from the same study do not appear in both subsets,
preventing data leakage and enhancing the generalization of the model. To facilitate
reproducibility, the final dataset was uploaded to the Hugging Face Hub®.

3.4.2 Detection Model Development

The selection of YOLOVS for the vertebra detection stage was motivated by efficiency,
architectural fit, and empirical evidence. As a single-stage detector, YOLOvVS is faster
and less computationally intensive during both training and inference, aligning with the
goal of an efficient, clinically practical workflow. Architecturally, its modern anchor-free
design with a decoupled detection head provides greater flexibility across object sizes and

Shttps://www.cvat.ai/
Shttps://huggingface.co
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Figure 22: Example of an annotated image.

aspect ratios, which is well-suited to the consistent localization of vertebrae across diverse
patient anatomies in sagittal lumbar MRI.

The first stage of the phase involved using a pre-trained model provided by the Ul-
tralytics YOLOvVS framework’. Specifically, the YOLOv8m variant, the medium version,
was selected as a balanced option between model complexity and performance, offering
improved accuracy compared to the smaller variants while maintaining reasonable com-
putational efficiency.

The model was fine-tuned on the dataset described in Section 3.4.1. Training was
conducted for 200 epochs with an input image size of 640 x 640 pixels and a batch size of
16. The training process incorporated early stopping with a patience value of 20, meaning
the training would halt if no improvement in validation performance was observed over 20
consecutive epochs. The dataset was provided in a custom YAML configuration file, and
the training pipeline automatically handled data loading, augmentation, and evaluation.

3.4.3 Classification Data Preparation

The annotations described in Section 3.4.1 were used to construct the dataset for the
vertebral level classification task. Fach sample is generated by extracting a ROI corre-
sponding to a specific intervertebral level (e.g., L1/L2, L2/L3). The cropping process
begins with an assessment of the spine’s curvature to determine whether it deviates lat-
erally to the left or right. The centers of all annotated vertebrae are first extracted in
normalized image coordinates. A second-degree polynomial is then fitted to these points,

"https://yolov8.com
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with the vertical coordinate (y) defined as the independent variable and the horizontal
coordinate (x) as the dependent variable. This fitting models the overall spinal alignment
as a smooth curve extending from the uppermost to the lowermost vertebrae.

To quantify curvature, the fitted polynomial is compared with a straight-line ap-
proximation, and the sign of the quadratic coefficient is used to classify the direction of
deviation: a positive coefficient indicates a leftward curvature, with the spinal canal posi-
tioned on the right side of the spine, whereas a negative coefficient indicates a rightward
curvature, with the spinal canal positioned on the left side. This directional information
is subsequently used to guide horizontal adjustments to the cropping position, ensuring
that the ROI remains centered on the spinal canal even when lateral bending is present.
An example of a leftward curvature with the canal positioned on the right is shown in
Figure 23.

Vertebrae
—=—=- Fitted Curve

Figure 23: Spinal curvature assessment via polynomial fitting of vertebra centers.

Once the direction of curvature has been established, the centers of the two vertebrae
defining the intervertebral level of interest are calculated, and their midpoint is deter-
mined. This midpoint serves as the initial reference for the crop center and is subsequently
adjusted based on both the identified curvature and the anatomical level. Specifically, no
offset is applied at the upper lumbar levels (L1-12); a vertical shift is introduced at the
lower lumbar level (L5-S1) to accommodate sacral inclination; and a lateral shift is ap-
plied at the mid-lumbar levels to account for alignment variations. The Euclidean distance
between the two vertebral centers is then employed to define the side length of a square
crop, thereby ensuring proportional coverage across anatomical scales. The final crop,
centered on the adjusted midpoint, provides a standardized and anatomically relevant
ROI for subsequent classification. Figure 24 presents a schematic illustration of the ROI
extraction process.

An example of a resulting cropped image is shown in Figure 25. The cropped region is
subsequently resized to a standardized resolution of 256 x 256 pixels, ensuring uniformity
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Figure 24: Schematic overview of ROI extraction between two vertebrae L4 /L5.

for convolutional neural network training. This approach preserves anatomical relevance
while reducing variability unrelated to the target classification task.

Figure 25: Example of a cropped ROI between two lumbar vertebrae.

The final dataset was formatted to be fully compatible with TensorFlow and convo-
lutional architectures such as ResNet. To maintain consistency across experiments, the
same study-based split described in Subsection 3.4.1 was applied. This ensures that the
same studies are used in the training and validation subsets of both the detection and
classification datasets, each adapted to its respective format. To facilitate reproducibility,
the dataset was uploaded to the Hugging Face Hub.

3.4.4 Classification Model Development

For the classification task, a Swin Transformer architecture was chosen over a tradi-
tional CNN, such as ResNet. While CNNs excel at learning local features, we hypothesized
that the Swin Transformer’s self-attention mechanism would be more effective at captur-
ing the subtle, long-range anatomical variations that define spinal stenosis. Unlike the
fixed local view of CNNs, the transformer can model relationships between different parts
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of an image, which is crucial for a nuanced task like severity grading from complex MRI
scans.

Unlike traditional convolutional neural networks, the Swin Transformer processes im-
ages by partitioning them into non-overlapping windows and applying self-attention within
each region. By periodically shifting these windows across layers, presented in Figure 26,
the architecture achieves cross-window connections, enabling the model to integrate fine-
grained local details with broader contextual information. Furthermore, its hierarchical
design progressively merges image patches into larger representations, producing multi-
scale feature maps that are particularly well-suited for analyzing the subtle anatomical
variations present in medical images.

Layer 1 Layer [+1

]

A local window to
perform self-attention

A patch

l
EE T H
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Figure 26: Example of a shifted window approach in the Swin Transformer Liu et al.
(2021).

In this study, the base variant of the Swin Transformer with a patch size of 4 x 4 pixels
and a window size of 7 x 7 was used. The model was initialized with weights pre-trained
on the ImageNet dataset, providing a robust set of low- and mid-level visual features that
facilitated transfer learning to the medical imaging domain. The classification head of the

network was adapted to output three logits corresponding to the target severity classes:
Normal/Mild, Moderate, and Severe.

The model was implemented in PyTorch and trained with a batch size of 32 over
a maximum of 50 epochs. Optimization was performed using the AdamW optimizer
with an initial learning rate of 3e — 5 and weight decay of 5e — 4. A cosine annealing
learning rate schedule was applied to encourage smooth convergence, while early stopping
with a patience of seven epochs prevented overfitting by halting training when validation
performance plateaued. To address class imbalance, balanced class weights were computed
from the training data and applied within a weighted cross-entropy loss function. The
resulting class weights were 0.50 for Normal /Mild, 1.58 for Moderate, and 2.52 for Severe.

To enhance generalization, a set of carefully designed image augmentations was applied
during training using PyTorch’s online augmentation pipeline. These included random
resized cropping with a scale factor between 0.8 and 1.0 of the original image size, horizon-
tal flipping with a probability of 0.5, rotations up to 15°, and color jitter with brightness,
contrast, and saturation each varied within £20%. In addition, random erasing was
applied with a probability of 0.3. Importantly, all augmentations were designed to pre-
serve anatomical plausibility to avoid introducing unrealistic variations. Furthermore, the
Mixup technique (Zhang et al., 2018) was employed, where pairs of training samples were
linearly combined at both the image and label level. This strategy encouraged smoother
decision boundaries and reduced the risk of overfitting.
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3.4.5 Model Evaluation

Both the detection and classification models were evaluated independently, following
the same core methodology. The evaluation employed the set of carefully selected met-
rics defined in Section 3.3.3, Precision, Recall, and F1-Score, ensuring consistency with
the initial approach. These metrics were chosen to verify that the models meet clinical
expectations while maintaining high diagnostic relevance.

For classification tasks, the evaluation metrics are computed by directly comparing the
predicted class labels with the corresponding ground-truth labels for each input instance.
In this context, TPs refers to instances where the predicted label matches the ground
truth. FPs are cases where the model predicts a class incorrectly, assigning a positive
label to a negative instance. In contrast, FNs occurs when the model fails to identify a
positive instance, incorrectly classifying it as negative. These definitions are applied at the
instance level, making the calculation of Precision, Recall, and F1-Score straightforward
and directly interpretable in terms of classification accuracy.

Intersection over Union (IoU) is a widely used metric to evaluate the spatial accuracy
of object detection models. Measures the degree of overlap between a predicted bounding
box and the corresponding ground-truth bounding box. Specifically, IoU is calculated
as the area of the intersection between the predicted and ground truth boxes divided by
the area of their union. An IoU value ranges from 0 - no overlap to 1 - perfect overlap,
with higher values indicating better localization. In detection evaluation, a predicted
box is typically considered a correct detection, also known as TP, only if its loU with a
ground truth box exceeds a predefined threshold, set at 0.5. This threshold ensures that
the model not only identifies the correct object class but also localizes it with sufficient
precision. Figure 27 illustrates the calculation IoU between two overlapping boxes.

Ground Truth Box

loU = Area of Overlap _ Detected Box
O =—Area of Union

Figure 27: Ilustration of IoU in Object Detection.

The evaluation of the detection model uses the same core performance metrics as
the classification model - Precision, Recall, and F1-Score - but TPs, FPs, and FNs are
defined using the IoU-based matching strategy. A detection is counted as a true positive
only when it meets two criteria: the predicted class matches the ground truth, and the
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predicted bounding box exceeds the IoU threshold with the corresponding ground truth
box. Predictions that do not meet these conditions are counted as false positives, while
unmatched ground-truth objects are considered false negatives. By incorporating loU
into the evaluation, these metrics reflect both the classification correctness and the spatial
accuracy of the detection model.

3.4.6 Framework Evaluation

The evaluation of the framework, which integrates vertebra detection and stenosis
classification into a unified pipeline, was conducted using a study-based, end-to-end pro-
tocol. This evaluation did not involve retraining or re-evaluating the individual models;
rather, it relied on the outputs already obtained from the detection and classification
stages described in Sections 3.4.2 and 3.4.4. The aim was to combine these results to
assess the reliability and clinical relevance of the full system when considered as a system.

To ensure a rigorous and unbiased assessment, the framework evaluation was based
on a held-out validation set comprising 20% of the available studies. This split was
consistently applied at the study level across both tasks, preserving data independence
and preventing leakage. For each study, the central sagittal T2-weighted MRI slice was
used in accordance with the established preprocessing protocol.

The first level of evaluation was performed at the intervertebral scale. For each disc
space (e.g. L2-L3), detection precision was checked by computing the IoU between pre-
dicted and ground-truth bounding boxes of the two adjacent vertebrae. If both vertebrae
achieved an IoU of at least 0.5, the corresponding ROI was extracted and classified. The
classification output was then compared to the ground-truth stenosis label, and metrics
such as precision, recall, accuracy, and F1l-score were computed across all valid levels.

Beyond the per-level analysis, results were aggregated at the study scale to provide
a more clinically meaningful evaluation. For each study, the number of valid interverte-
bral levels (i.e., levels where both vertebrae were correctly detected and classification was
performed) was recorded. These results were then consolidated to measure how well the
framework performed across an entire case, enabling assessment of both partial and com-
plete success scenarios. This aggregation gave a high-level perspective on the robustness
and reliability of the system in practice.

By structuring the evaluation around both intervertebral levels and whole studies, the
framework’s effectiveness could be measured not only in terms of classification accuracy,
but also in its capacity to consistently integrate detection and classification outputs.
Finally, inference time per study was recorded to quantify the computational efficiency of
the full pipeline from image input to final classification.
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3.5 Development Environment and Computational Re-
sources

The development and experimentation for this project were carried out using the
Python® programming language, a widely adopted ecosystem in the machine learning and
computer vision communities due to its extensive library support and ease of integration.
All code was written and managed within the Visual Studio Code (VS Code)? integrated
development environment, which provided an efficient and customizable workspace for
debugging, version control, and task automation.

A number of open-source libraries and frameworks played a crucial role throughout
the pipeline:

e PyTorch! was the primary deep learning framework used for model development,
training, and inference. Its dynamic computational graph and high-level APIs fa-
cilitated rapid experimentation and fine-tuning.

e OpenCV!! was employed for image manipulation tasks such as resizing, normal-
ization and visualization of model outputs.

e NumPy'? and Pandas'® were essential for numerical operations, data preprocess-
ing, and managing structured metadata associated with the MRI scans and corre-
sponding annotations.

To manage dependencies and ensure reproducibility, the project environment was en-
capsulated using virtualenv, and all packages were version-locked using a requirements
text file. Code and experimental configurations were tracked using Git and GitHub,
supporting iterative development and collaboration.

Model training and evaluation were executed on the Vision supercomputer!# located at
the VISTA Lab, University of Evora. The Vision system is specifically designed for high-
performance computing tasks in computer vision and artificial intelligence. It comprises
two compute nodes and one management node, with each compute node featuring:

e CPU: Dual AMD EPYC 7742 (Rome architecture), providing a total of 128 physical
cores per node

e System Memory: 1 TB of DDR4 RAM, supporting large-scale parallel data load-
ing and in-memory preprocessing

e GPUs: 8 x NVIDIA A100 Tensor Core GPUs (40 GB HBM2 memory per GPU),

enabling massive parallelism and accelerated tensor operations

8https://www.python.org/

Ynttps://code.visualstudio.com/
Onttps://pytorch.org
Uhttps://opencv.org
2https://numpy.org
3https://pandas.pydata.org
Yhttps://vision.uevora.pt
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e Total GPU Memory: 320 GB per node

The Vision infrastructure allowed for efficient execution of large-scale training ex-
periments, particularly those involving 3D medical imaging data and class-imbalanced
datasets. Jobs were scheduled and managed via SLURM, enabling optimized resource al-
location and job queuing in a multi-user environment. In summary, the combination of a
powerful software stack and access to advanced computational infrastructure significantly
contributed to the scalability, reproducibility, and performance of the developed models.
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Chapter 4

Results and Discussion

This chapter presents the experimental results and critical analysis of the proposed
deep learning framework for the automated detection and classification of LSS in MRI
scans. Building upon the methodology described in Chapter 3, the results are organized
to address each component of the framework. Key evaluation metrics—including preci-
sion, recall, F1-score, and IoU are employed to assess both spatial accuracy and diagnostic
reliability across independent validation datasets. The discussion situates these findings
within clinical expectations, examines inherent limitations such as dataset heterogene-
ity and computational constraints, and compares the framework’s performance with that
reported in the existing literature. By integrating empirical evidence with both tech-
nical and clinical perspectives, this chapter demonstrates the framework’s potential to
contribute to the standardization of LSS diagnosis, while also outlining opportunities for
further refinement.

4.1 Proposed Method Results and Analysis

This section presents the outcomes of the initial object detection experiments con-
ducted using Faster R-CNN. The objective was to develop a unified model capable of
detecting and classifying LSS in sagittal MRI slices, addressing three severity classes:
Normal /Mild, Moderate, and Severe.

4.1.1 Experimental Setup

Several experiments were conducted to achieve the target performance in both de-
tection and classification tasks. Among these, three representative training runs were
selected to illustrate the incremental modifications made to the training strategy. The
configurations of these experiments are summarized in Table 4.1. Each experiment is
identified by a unique Run ID and includes details regarding the dataset version, the to-
tal number of images, class distribution, and key training hyperparameters. The dataset
versions represent incremental refinements of the annotations and data composition, and
their specific improvements will be discussed in detail later in this chapter.

Specifically, the table reports the dataset version used in each run, the number of
LSS severity classes, the total number of images, and the number of annotated instances
per class. Additionally, it includes the batch size and the number of training iterations
employed in each configuration. Certain configurations are not presented in the table, as
they were consistently applied across all experiments—namely, an image size of 512 x 512
pixels and an initial learning rate of 1le — 4.
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Table 4.1: Experiments Configurations

Annotations per Class Batch .
Run ID Dataset  Images ) . Iterations
Normal/Mild Moderate Severe Size
frenn 1 v1.0 57041 144490 12809 8306 4 5000
frenn 2 vl.l 46974 202286 17932 11628 4 5000
frenn 3 v1.2 82038 196938 62685 40590 16 150000

4.1.2 Experiments Analysis

The development of the Faster R-CNN model followed an iterative refinement process,
guided by systematic evaluation of performance limitations at each stage. Modifications
were informed by both quantitative metrics and qualitative inspection of failure cases.
Table 4.2 summarizes the key results for all three experimental runs.

Table 4.2: Quantitative evaluation metrics of the Faster R-CNN runs.

Per-Class Precision
Normal/Mild Moderate Severe

Run ID Precision Recall F1-Score

frenn-1 0.432% 11.200% 0.832% 1.296% 0% 0%
frenn 2 0.511% 13.700% 0.984% 2.532% 0% 0%
f rcnn 3 4.699% 46.600%  8.537% 6.673% 4.048%  3.377%

The initial experiment used dataset version v1.0, comprising 57041 images, with a
batch size of 4 over 5000 training iterations. Quantitative results were unsatisfactory:
overall precision, recall and F1 score in all classes were 0.432%, 11.2%, and 0.832%,
respectively, as shown in Table 4.2. At the class level, the Severe and Moderate classes had
0% precision, while Normal/Mild achieved only 1.296% precision. Qualitative inspection
of predictions revealed that the model consistently favored the majority class, failing to
detect minority-class instances. This outcome was primarily attributed to the extreme
class imbalance in the dataset, with Normal/Mild totaling 144490 instances versus 8306
Severe cases.

Training dynamics confirmed that the model converged smoothly, yet without mean-
ingful generalization. The total loss decreased from 2.245 to 1.518 as presented on Figure
28, with the classification loss dropping from 1.417 to 0.715 and the RPN classification loss
from 0.679 to 0.080. While the losses suggest stable training, they failed to translate into
effective detection for minority classes, indicating that the neural network had overfitted
to the majority class patterns and was insensitive to the underrepresented pathological
features. These findings highlighted the need for more targeted interventions, such as
augmentations or dataset curation, to address the imbalance and improve model general-
ization.
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Figure 28: Training loss curves for Run f_renn_1.

To improve generalization in the second experiment, the dataset v1.0 training set was
augmented using horizontal flips, small rotations, and brightness/contrast adjustments,
expanding the dataset to 46974 images, generating the v1.1 dataset. The augmentations
were specifically applied to increase the representation of minority classes, Moderate and
Severe, aiming to mitigate the extreme class imbalance that had caused the unsatisfactory
performance in the first run.

No changes were made to the model architecture or hyperparameters, the batch size
and number of training iterations remained the same. Quantitative results showed modest
improvement, the overall precision improved to 0.511%, recall improved to 13.7% and F1
Score improved to 0.984% compared to the previous run. At the class level, Normal /Mild
precision increased to 2.532%, while Severe and Moderate classes still had 0% precision.
Qualitative inspection indicated that the model slightly diversified its predictions but con-
tinued to favor the majority class, revealing that simple augmentations were not sufficient
to fully correct the imbalance.

Training dynamics confirmed stable convergence over 5000 iterations. Figure 29
presents the training loss curves, showing that the total loss decreased from an initial
2.238 to 1.048, the classification loss decreased from 1.494 to 0.448 and the RPN classifi-
cation loss from 0.663 to 0.014. Overall, while the neural network demonstrated improved
convergence and slightly better generalization to Normal/Mild, it failed to detect minor-
ity classes, highlighting the need for further targeted interventions such as more extensive
dataset curation and enhancing class distribution by augmentation, oversampling, or ar-
chitectural modifications.
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Figure 29: Training loss curves for Run f_renn_2.

The third experimental run was conducted using a newly curated dataset, version v1.2,
derived from v1.1. A detailed inspection of the data revealed two major sources of bias
and noise: (i) the initial and final slices of the MRI volumes often contained no relevant
anatomical features, and (ii) several studies included only Normal/Mild annotations across
all vertebrae, further exacerbating the imbalance. To address these issues, all studies
containing exclusively Normal/Mild labels were removed, and 25% of the initial and final
slices of each MRI were discarded, yielding 12430 useful images.

The curated dataset provided a cleaner and more focused representation of spinal
canal stenosis severity. To further enhance minority class representation, the training
set was expanded by a factor of nine through a diverse augmentation pipeline, including
random rotations, motion blur, grid distortion, random shadow, elastic transformations,
and brightness/contrast adjustments, resulting in 82038 images.

In addition to dataset curation, the training configuration was also modified to increase
the model’s learning capacity. The maximum number of iterations was tripled to 150000,
allowing the network more opportunities to converge on meaningful patterns, while the
batch size was increased to 16 in order to stabilize gradient updates and make more
efficient use of available computational resources. These adjustments were intended to
complement the improvements in dataset quality and provide a fairer assessment of the
model’s ability to generalize.

Quantitative results showed a substantial improvement compared to previous experi-
ments, with an overall precision of 4.699%, recall of 46.6%, and F1-score of 8.537%. While
these values remain very low in absolute terms, they mark the first time the model was
able to detect all three severity classes. Specifically, Normal /Mild achieved 6.673% preci-
sion, Moderate 4.048%, and Severe 3.377%. This indicates that the curated v1.2 dataset
partially mitigated the bias toward Normal/Mild present in earlier runs.

41



Training dynamics, as shown in Figure 30, were also markedly more stable compared
to earlier runs. The total loss decreased smoothly from 1.581 to 0.348. Classification
loss dropped from 0.861 to 0.184, while RPN classification loss converged to near-zero,
from 0.694 to 0.005, indicating a highly consistent region proposal process. Overall, these
training metrics confirmed that the longer optimization schedule, combined with a curated
dataset, improved both numerical stability and generalization.

f_rcnn_3 - Combined Loss Metrics
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Figure 30: Training loss curves for Run f_renn_3.

Across the three experimental runs, Faster R-CNN demonstrated a clear but limited
evolution. While early attempts completely collapsed to the majority class, the curated
and augmented v1.2 dataset enabled the model to produce predictions across all severity
classes for the first time. These results illustrate the importance of careful dataset design
and the impact of targeted augmentations. However, even with several configurations
tested beyond the three representative runs presented in this study, the model never
achieved an average precision higher than 5%. This indicates that the data set lacked
sufficient discriminative features for the task or that the chosen architecture and training
pipeline were not well suited or were too complex to reliably detect and classify the severity
of spinal stenosis in sagittal MRI slices.

In summary, although the Faster R-CNN experiments confirmed that the network
could learn basic patterns, the overall performance remained far from acceptable for clin-
ical or research deployment. These limitations motivated the design of a final method
aimed at separately addressing detection and classification in a more direct and special-
ized manner.
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4.2 Detection Model Results and Analysis

The YOLO-based detection model was evaluated for its ability to localize the lumbar
vertebrae (L1-S1) and the corresponding spinal canal regions. Table 4.3 presents the
overall performance metrics. The model achieved exceptionally strong results, with both
precision and recall exceeding 97%. The resulting Fl-score of 97.93% is not only a high
value but also a key technical contribution of this work. Accurate vertebral localization
is a fundamental prerequisite for any automated multi-stage diagnostic system, and this
robust performance provides a reliable foundation for the subsequent classification stage,
mitigating the risk of error propagation throughout the pipeline.

Table 4.3: Overall performance metrics.

Precision Recall F1-Score
97.831% 98.033% 97.928%

Figure 31 shows the normalized confusion matrix with per-level detection outcomes.
Performance remained consistently high across all six vertebral levels. Slightly lower
accuracy was observed at L1, reaching 96.06%, while S1 achieved the highest value of
98.92%. These results suggest that anatomical variability at the uppermost vertebra
introduces additional challenges for detection, while performance in the central and lower
regions of the lumbar spine is more stable.
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Figure 31: Normalized confusion matrix across vertebral levels.

The training dynamics were also examined to evaluate convergence and model stabil-
ity. Figure 32 illustrates the evolution of the primary loss components: box regression,
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classification, and distribution focal loss. The training process was configured for a max-
imum of 200 epochs with an early stopping patience of 20. Training concluded at epoch
123, with the optimal model identified at epoch 102. The loss values decreased steadily
throughout training. Box regression started at 1.36 and reached 0.40, classification de-
creased from 2.68 to 0.23, and distribution focal loss declined from 1.44 to 0.86. These
results confirm stable optimization and effective convergence.

Box Regression Loss Classification Loss Distribution Focal Loss

0.5

80 100 120 20 40 80 100 120 20 40 80 100 120

60 60 60
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Figure 32: Training loss curves.

To complement the quantitative evaluation, Figure 33 presents a representative test
image with predicted bounding boxes compared against ground-truth annotations. This
visual example demonstrates the model’s ability to precisely localize the vertebrae, show-
ing strong agreement between predicted and reference labels.

Ground Truth Predictions

Figure 33: Representative detection result.

In summary, the detection model demonstrates excellent reliability in localizing in-
dividual lumbar vertebrae from L1 to S1. The consistently high detection rates across
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all vertebral levels indicate that the model can accurately and robustly identify each
anatomical region. This reliable vertebral-level detection provides a solid foundation for
the subsequent classification stage, ensuring that the extracted regions correspond pre-
cisely to the intended vertebrae. Furthermore, the strong performance across both the
upper and lower vertebrae highlights the model’s ability to handle anatomical variability,
which is critical for practical applications in clinical or research settings.

4.3 Classification Results and Analysis

Table 4.4 summarizes the overall performance of the Swin Transformer classifier using
both macro and weighted averages. The weighted averages, which account for class im-
balance by considering the proportion of instances in each class, indicated a precision of
78.65%, recall of 76.06%, and Fl-score of 77.05%. Macro averages, which treat all classes
equally, were 66.45% for precision, 70.25% for recall, and 67.98% for Fl-score. The rela-
tively small gap between macro and weighted averages suggests that the model performs
more consistently across all classes.

Table 4.4: Overall performance metrics.

Macro Average Weighted Average
Precision Recall F1-Score Precision Recall F1-Score
66.450%  70.250%  67.980% 78.650%  76.060%  77.050%

Figure 34 presents the normalized confusion matrix for the three severity classes. The
model achieved its highest accuracy on the Normal/Mild class, correctly predicting 83%
of samples, while 14% were misclassified as Moderate and 3% as Severe. For the Moderate
class, 56% of samples were correctly classified, 21% predicted as Normal /Mild, and 24%
as Severe, reflecting some confusion with both neighboring classes. The Severe class
exhibited improved recall, with 72% correctly identified, 24% misclassified as Moderate,
and 4% as Normal/Mild. Overall, these results indicate that the model achieves a more
balanced performance across severity levels, with improved ability to distinguish severe
cases.

The observed confusion, particularly within the Moderate class, represents a critical
finding. It likely reflects the inherent ambiguity of this diagnostic category in clinical
practice. The visual features distinguishing a ”severe” Normal/Mild case from an ”early”
Moderate case can be extremely subtle in a single 2D sagittal view. The model’s difficulty
in this regard suggests that information contained within a single MRI slice may be
insufficient to reliably differentiate these borderline cases. This limitation highlights not
only constraints of the model but also the potential shortcomings of relying on individual
2D slices for such a nuanced classification task.

Training dynamics, illustrated in Figure 35, show a steady decrease in training loss
from 1.0127 at epoch 1 to 0.7005 at epoch 16. Validation loss decreased from 0.8168
to 0.6985 at epoch 15, which corresponds to the best-performing checkpoint of the 50
planned epochs. The convergence of both training and validation losses, along with the
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Figure 34: Normalized confusion matrix across severity classes for the Swin Transformer.

relatively small gap between them, demonstrates effective learning and generalization
without significant overfitting.
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Figure 35: Training and validation loss curves for the Swin Transformer.

To illustrate the model’s limitations, Figure 36 shows representative misclassified cases.
Moderate and severe cases remain partially confused, reflecting overlapping features and
subtle class boundaries. This indicates that incorporating additional contextual infor-
mation, such as multi-slice or volumetric data, could help the model better distinguish
borderline cases.
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True: MODERATE | Predicted: NORMAL_MILD
Confidence: 45.689%

Figure 36: Example of a misclassified case by the Swin Transformer.

In summary, the Swin Transformer achieved strong classification performance, partic-
ularly in distinguishing Severe cases, while maintaining strong accuracy for Normal/Mild
and reasonable performance for Moderate. While the model demonstrates the capacity to
differentiate between severity levels, the distribution of classes and the subtle anatomical
variations in MRI images continue to limit performance for less represented cases.

4.4 Framework Results and Analysis

The performance of the integrated vertebra detection and stenosis classification frame-
work was evaluated at both the study level and the intervertebral level using the held-out
validation set. All results are based on valid intervertebral levels, i.e., levels where both
vertebrae were correctly detected and classified. The total number of valid levels analyzed
was 692.

The overall performance of the framework, summarized by macro and weighted av-
erages across all valid levels, is presented in Table 4.5. The macro-average F1-score of
67.316% reflects a balanced consideration of all classes, while the weighted average F1 of
77.151% accounts for the class distribution, highlighting the dominance of the majority
Normal /Mild class.

Per-class performance metrics, shown in Table 4.5, further illustrate how the frame-
work performs across individual stenosis severity levels. Normal/Mild achieves the highest
F1-score, while Moderate and Severe classes are more challenging due to class imbalance
and fewer examples. These results highlight the strengths and limitations of the pipeline
at the class level.
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Table 4.5: Per-class performance metrics of the framework.

Class Precision Recall F1-Score Support
Normal /Mild 89.410% 87.060% 88.220% 456
Moderate 48.950% 51.090% 50.000% 137
Severe 61.900% 65.660% 63.730% 99

Macro Average 66.757% 67.938% 67.316% 692
Weighted Average 77.468% 76.879% 77.151% 692

Performance at the intervertebral level is summarized in Table 4.6. Macro and weighted
F1-scores are reported for each disc level, showing variability across the spine. In par-
ticular, the lower macro-F1 at L5_S1 reflects increased anatomical variability and fewer
examples for the Severe class, while higher weighted F1 at some levels is influenced by
the majority class presence.

Table 4.6: Intervertebral-level metrics.
Disc Level Macro F1 Weighted F1 Support

L1.L2 47.513% 88.605% 417
L2_L3 57.366% 72.903% 426
L3.1L4 65.617% 68.692% 426
L4.L5 66.872% 67.617% 426
L5.S1 42.860% 86.932% 423

The proposed framework achieves efficient end-to-end inference performance, as de-
tailed in Table 4.7. On average, the vertebra detection step requires 0.345 seconds per
study, while stenosis classification takes approximately 0.260 seconds per disc level, re-
sulting in a mean classification time of 1.295 seconds per study. Consequently, the overall
processing time per study amounts to 1.640 seconds, which highlights the computational
efficiency of the framework and supports its suitability for near real-time clinical deploy-
ment.

Table 4.7: Average computational time of the proposed framework.

Metric Time (s)
Mean detection time per study 0.345
Mean classification time per disc level 0.260
Mean classification time per study 1.295

Mean total processing time per study 1.640

Overall, the results show that the framework is effective in combining detection and
classification to provide reliable study-level predictions, while also allowing identification
of more challenging disc levels and stenosis classes. The combination of study-level and
intervertebral-level evaluation ensures a comprehensive understanding of both clinical
relevance and technical performance.
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4.5 Discussion of Key Findings and Limitations

Having presented the quantitative performance metrics of the developed framework,
this section now turns to a critical discussion of the key findings and their implications.
The research evolved from an initial monolithic deep learning model into a refined two-
stage framework for the automated analysis of LSS from MRI scans. This iterative devel-
opment process not only highlighted the challenges inherent in this diagnostic task but
also revealed effective strategies to mitigate them.

The initial attempt employed a single Faster R-CNN model to detect and classify
LSS severity simultaneously. This approach proved ineffective, with average precision
remaining below 5%. The poor performance was primarily attributable to the extreme
class imbalance within the dataset, which caused the model to overfit the majority Nor-
mal/Mild class while failing to reliably identify Moderate and Severe cases. This outcome
highlighted the difficulty of unifying detection and classification in a single architecture
and motivated the development of a more specialized, decoupled pipeline.

The final two-stage framework successfully addressed these challenges by separating
anatomical localization from pathological classification:

e High-Fidelity Vertebra Detection: The first stage, powered by a YOLOv8 model,
achieved excellent results in localizing lumbar vertebrae (L1-S1). With a precision
of 97.83%, recall of 98.03%, and Fl-score of 97.93%, the model provided a highly
reliable foundation for the subsequent analysis by ensuring accurate ROI extraction
across all vertebral levels.

e Effective Stenosis Classification: Building on this reliable detection, the Swin Trans-
former model achieved a weighted average Fl-score of 77.05% for severity classifi-
cation. Performance was strongest for Normal/Mild cases with 83% accuracy and
improved notably for Severe cases with 72% accuracy, representing a substantial
gain compared with the initial approach.

When integrated, the end-to-end framework produced a weighted average F1-score of
77.15% across all valid intervertebral levels. Equally important, the system demonstrated
computational efficiency, processing an entire study in an average of 1.640 seconds. This
rapid inference supports the potential for near real-time clinical use, directly addressing
the thesis objective of improving diagnostic efficiency.

A central strength of this work is the demonstration that a specialized, decoupled
pipeline is a more effective strategy for LSS analysis than monolithic designs. By lever-
aging sagittal T2-weighted MRI sequences alone, the framework establishes a proof-of-
concept for achieving standardized and reproducible severity classification. While axial
acquisitions remain clinically important for comprehensive assessment, this sagittal-based
approach highlights the potential for reducing dependence on time-consuming protocols
in selected scenarios. Such a streamlined strategy may contribute to lowering diagnostic
costs and accelerating clinical workflows, while providing radiologists with an objective
and reproducible assessment to complement traditional interpretation.
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Despite these strengths, two main limitations must be acknowledged. First, the persis-
tent confusion between Moderate and Severe cases indicates that features extracted from
individual sagittal slices may not fully capture the nuanced anatomical detail required
to distinguish between these clinically critical categories. This limitation is not merely
academic, in patient management, the distinction between Moderate and Severe stenosis
often determines whether surgical intervention or conservative treatment is pursued. A
model that cannot reliably make this distinction cannot yet be trusted as a standalone
diagnostic tool, though it may still be valuable as an initial screening or second-opinion
system.

Second, the framework is restricted to lumbar central canal stenosis and does not
incorporate other relevant pathologies such as foraminal or lateral recess stenosis, limiting
its comprehensiveness in real-world clinical settings. Finally, the dataset was derived from
curated central slices of the RSNA 2024 competition, which constrains the generalizability
of the results. Broader validation on larger, multi-sequence, and volumetric datasets will
be essential to confirm robustness across diverse patient populations, imaging protocols,
and slice orientations.

4.6 Comparison with Literature

This thesis aligns with a growing body of research emphasizing the value of Al-based
tools in improving the efficiency and consistency of spinal MRI interpretation. Similar to
the observations of Won et al. (2025) and Yilihamu et al. (2025), this work demonstrates
that Al can accelerate image analysis and reduce the repetitive burden on radiologists.
The rapid inference time of 1.640 seconds per study represents a tangible contribution to
this broader goal of enhanced workflow efficiency.

A recurring challenge identified in the literature is class imbalance in LSS datasets, a
factor that was also central to this study. Won et al. (2025) explicitly noted the limita-
tions imposed by imbalanced data, while Mousavi (2024) described it as a key obstacle
requiring approaches such as data augmentation and tailored loss functions. The dif-
ficulties encountered in the early Faster R-CNN experiments of this thesis corroborate
these observations, underscoring the necessity of robust strategies to manage imbalance
in medical imaging tasks.

A distinctive contribution of this research is its exclusive reliance on sagittal T2-
weighted MRI scans for stenosis classification. In contrast, many prior studies—including
those by Bogdanovic et al. and Won et al. (2025)—have relied primarily on axial T2
images. The present approach therefore challenges conventional reliance on axial views,
aligning more closely with Baek and Chung (2023), who likewise demonstrated that sagit-
tal sequences alone can support accurate classification. This divergence highlights the
potential for more streamlined and resource-efficient diagnostic workflows.

The performance of the framework is summarized alongside comparable studies in Ta-
ble 4.8, where all reported values correspond to the Fl-score metric. This thesis achieved
a weighted average Fl-score of 77.15%, which is competitive with the F1-scores of 78.4%
and 75.7% reported by Won et al. (2025) and slightly lower than the F1-score of 90.51%
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reported by Mousavi (2024) and the Fl-score of 69.84% reported by Baek and Chung
(2023). The table provides a concise overview of the main metrics, input modalities, and
reported outcomes, allowing for a direct comparison with existing approaches.

Table 4.8: Performance comparison with related studies on automated LSS classification.

Study Input Modality Performance
This thesis  Sagittal T2 MRI 77.15%
Won2025 Axial + Sagittal T2 MRI 78.4%, 75.7%
Mousavi2024 Sagittal T1/T2 + Axial T2 90.51%
Baek2023 Sagittal T2 MRI 69.84%

The differences in reported performance largely reflect methodological variations, for
instance, Baek and Chung (2023) utilized a Swin Transformer architecture that relies on
implicitly learned hierarchical image features through meta-learning, whereas conventional
methods such as YOLACT or YOLOS often rely on more explicit, handcrafted feature
extraction pipelines.

Similarly, Mousavi (2024) integrated multiple MRI modalities (Sagittal T1, Sagittal
T2, and Axial T2), which likely provided richer information than the single-modality
Sagittal T2 design adopted in this work. Together, these comparisons emphasize both
the strengths of the current framework—competitive performance and efficiency—and
areas where multi-modality or feature-based approaches may achieve higher metrics.

A principal innovation of this work is the development of a highly effective vertebral
detection stage, setting it apart from related literature. For example, Mousavi (2024)
reported unsatisfactory performance in their detection pipeline, which represented a crit-
ical bottleneck for their overall system. In contrast, the YOLOv8 model developed in this
study achieved Fl-scores exceeding 97%, providing a robust solution to the foundational
localization problem and enabling more reliable and accurate downstream analysis.

In summary, this thesis contributes to the field by demonstrating a novel, fully de-
coupled pipeline that delivers competitive classification accuracy using a more efficient
sagittal-only workflow. Its principal innovations lie in the highly accurate vertebral detec-
tion stage and the effective application of a Swin Transformer for implicit feature learning
in LSS severity grading. These contributions not only confirm the feasibility of sagittal-
only approaches but also provide a promising direction for developing practical, real-time
AT tools to support spinal imaging in clinical settings.
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Chapter 5

Conclusions and Future Work

This chapter summarizes the main findings of the research, highlights the contributions
made, and acknowledges the limitations encountered. In addition, it provides recommen-
dations for future research directions aimed at extending and strengthening the proposed
framework for the automated analysis of LSS.

5.1 Conclusions

This thesis presents the successful development and validation of a novel, two-stage DL
framework for the automated diagnosis of LSS from Sagittal T2-weighted MRI. The study
demonstrated that a decoupled approach, wherein vertebral localization and stenosis clas-
sification are addressed as separate, specialized tasks, effectively mitigates the challenges
of class imbalance and task complexity that rendered initial single-stage models ineffective.

A primary scientific contribution of this work is the design of a highly accurate and
computationally efficient pipeline. The framework’s first stage, employing a YOLOvS8
model, achieved an F1-score exceeding 97%. The selection of YOLOVS8 over more complex
architectures like Faster R-CNN was a deliberate methodological decision, prioritized for
its anchor-free design and rapid inference speed, which are critical for practical clinical
workflows. This robust detection performance provided a reliable foundation for the
subsequent classification stage.

Building upon this accurate localization, the classification model, based on the Swin
Transformer architecture, achieved a weighted Fl-score of 77.15%. This result affirms
the viability of transformer-based methods for spinal pathology analysis, as their atten-
tion mechanisms are well-suited for capturing the subtle, long-range anatomical variations
that define stenosis severity. A key finding is that this level of performance was achieved
using single Sagittal MRIsequence. This outcome challenges the conventional reliance on
axial sequences and suggests a potential for more streamlined and cost-effective imaging
protocols. From the perspective of clinical adoption, the framework demonstrates high ef-
ficiency, processing an entire patient study in approximately 1.64 seconds, which supports
its viability as a tool for near real-time diagnostic support.

Despite its strengths, the framework exhibits a critical limitation in its ability to con-
sistently distinguish between moderate and severe stenosis. This classification ambiguity
is clinically significant, as this distinction often dictates treatment pathways, including
the decision between conservative management and surgical intervention. This weakness
is likely attributable to the inherent ambiguity in 2D single-slice images, which may not
capture the full three-dimensional complexity of the spinal canal required for the precise
classification of borderline cases.

In summary, this research presents a successful proof-of-concept for a clinical decision-
support system. By offering an objective and reproducible method for LSS assessment, the
framework has the potential to enhance diagnostic efficiency, reduce radiologist workload,
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and mitigate the inter-observer variability associated with subjective interpretation.

5.2 Recommendations for Future Research

In light of the findings and limitations of this study, the following directions are rec-

ommended for future research to advance the automated analysis of LSS:

1. Incorporation of Volumetric Data: A critical next step is the training of models on
full three-dimensional volumetric MRI or multi-slice inputs. This approach would
provide richer contextual information regarding spinal canal morphology, which is
essential for reducing the ambiguity between moderate and severe cases and improv-

ing overall diagnostic accuracy.

2. Expansion of Pathological Scope: The current framework is limited to central canal
stenosis. Subsequent research should extend the model to include other clinically
relevant conditions, such as foraminal stenosis and subarticular stenosis, in order to

create a more comprehensive diagnostic tool.

3. Multi-modal and Multi-sequence Analysis: The integration of additional MRI se-
quences, such as sagittal T'1 or axial T2 scans, could provide complementary anatom-
ical information and enhance classification performance. An investigation of data
fusion techniques represents a promising direction for improving model robustness

and accuracy.

4. Clinical Validation on Diverse Datasets: As this framework was developed using a
curated dataset from a single competition source, rigorous validation on larger and
more diverse datasets is essential for establishing clinical readiness. Such efforts
must include data from multiple institutions, covering a wider range of patient

demographics, scanner protocols, and pathologies to ensure generalizability.

By pursuing these research avenues, the contributions of this thesis may be extended
toward the development of a clinically validated and comprehensive Al-assisted system

for the diagnosis and management of lumbar spinal pathologies.
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