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Y O L O P I P E L I N E S F O R L U N G
N O D U L E D E T E C T I O N

franciszek kaczmarek

Abstract

Lung cancer, as the leading cause of cancer-related deaths globally,
underscores the urgent need for early and accurate detection of lung
nodules. Lung nodules, small and well-defined masses of tissue
within the lungs, are often the earliest indicators of malignancies.
This thesis investigates applying state-of-the-art You Only Look Once
(YOLO) models for detecting lung nodules in computed tomography
scans, focusing on YOLOv5 and the recently introduced YOLOv10.

To support this investigation, a comprehensive pipeline was devel-
oped, which includes Hounsfield Unit windowing and bounding box
adjustments around nodules to enhance detection accuracy. The study
also evaluates the impact of YOLOv10’s architectural advancements
compared to YOLOv5. Using the LIDC-IDRI dataset, experiments
revealed that YOLOv10-l outperformed YOLOv5-l, achieving a higher
mAP@0.5 (0.61 vs. 0.54), faster inference times (6.8 ms vs. 8.6 ms),
and improved precision (0.66 vs. 0.62) and recall (0.54 vs. 0.53),
showcasing its suitability for clinical applications.

The findings demonstrate that optimizing windowing parameters
and bounding box sizes significantly enhances detection accuracy,
while error analysis highlighted challenges in detecting small nodules
and nodules near lung boundaries. These insights underline the
importance of preprocessing and model selection in addressing the
unique complexities of lung nodule detection.

1 data source , ethics , code , and technology statement

The dataset in this thesis, the LIDC-IDRI dataset, was acquired from a
publicly accessible online repository (Armato et al., 2015). This dataset
is fully anonymized, and its use complies with ethical guidelines for de-
identified medical imaging data research.

The implementation of this study employed openly available code
frameworks. The models were developed using the YOLOv5 and YOLOv10

architectures made easily accessible through ultralitics (Jocher et al., 2023).
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The Python libraries NumPy (Harris et al., 2020), Pandas (McKinney
et al., 2010), Matplotlib (Hunter, 2007), SciPy (Virtanen et al., 2020), Scikit-
Image (van der Walt et al., 2014), NiBabel (Brett et al., 2023), OpenCV
(Itseez, 2015), PyTorch (Paszke et al., 2017), Torchvision (maintainers & con-
tributors, 2016), and additional tools such as Albumentations (Buslaev et
al., 2020), TQDM (da Costa-Luis, 2023) were utilized for various aspects of
data processing, augmentation, visualization, and model implementation.

The specific versions of these libraries used in this work include NumPy
(v1.23.5), Pandas (v1.1.4), Matplotlib (v3.3), SciPy (v1.4.1), Scikit-Image
(v0.19.3), NiBabel (v5.1.0), OpenCV (v4.1.1 and v4.9.0.80), PyTorch (v1.8.0
and v2.0.1), Torchvision (v0.9.0 and v0.15.2), Albumentations (v1.0.3),
TQDM (v4.66.3), and PyYAML (v6.0.1). The lung segmentation task used
the R231 model (Hofmanninger et al., 2020).

The code used in this thesis is publicly available on GitHub at https://
github.com/franekaczmarek/YOLO-Pipelines-for-Lung-Nodule-Detection.

Writing assistance was provided through generative language models
(ChatGPT by OpenAI) and spell-checking software (Grammarly). These
tools were employed to improve language clarity and enhance grammar
and spelling accuracy. All technical content, experimental design, and
interpretation remain the author’s intellectual contributions.

The research relied on Tilburg University’s GPUs, ensuring computa-
tional efficiency for model training and evaluation.

2 introduction

2.1 Project Definition

Lung nodules, which are small, clearly defined tissue masses in the lungs,
frequently serve as the earliest signs of malignancies that may progress to
lung cancer (Loverdos et al., 2019). The application of advanced diagnostic
technologies, particularly Computerized Tomography (CT) scans, presents
a valuable opportunity for the early detection of cancer-causing lung
nodules, which could substantially improve patient outcomes and reduce
mortality rates (Gautam et al., 2022).

Recent advancements in deep learning, especially Convolutional Neural
Networks (CNNs), have significantly improved the analysis of CT images
(Grover et al., 2024). CNNs are adept at identifying complex patterns
within image data, making them invaluable for tasks like detection and
segmentation, where accuracy is paramount (Grover et al., 2024). Object
detection, a key task in computer vision, refers to the process of identifying
and locating objects of interest within an image using bounding boxes,
which correspond to rectangular shapes around the objects. Among these

https://github.com/franekaczmarek/YOLO-Pipelines-for-Lung-Nodule-Detection
https://github.com/franekaczmarek/YOLO-Pipelines-for-Lung-Nodule-Detection
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advancements, models like You Only Look Once, which are specialized
implementations of CNNs, have emerged as powerful tools for real-time
object detection, including applications in medical imaging. Unlike tradi-
tional CNN approaches that process image regions sequentially, YOLO
analyzes the entire image in a single forward pass, enabling faster and
more efficient detection without compromising accuracy (Sapkota et al.,
2024).

This study aims to develop a pipeline for detecting lung nodules from
CT scans, aiming to expedite lung cancer detection and optimize CAD
systems. The pipeline will leverage the YOLO framework for lung nodule
detection. By comparing YOLOv5 (Jocher et al., 2022) and YOLOv10, the
study will evaluate the effectiveness of YOLO-based detection techniques
for clinical applications.

While conducting this study, the Lung Image Database Consortium
image collection (LIDC-IDRI) (Armato et al., 2015) dataset will be used. It
is a freely accessible dataset that contains described lesions from CT scans
used in lung cancer diagnosis and screening.

2.2 Societal Motivation

In 2020, it was estimated that approximately 606,520 individuals would
lose their lives to lung cancer in the United States alone (Siegel et al., 2020).
Lung cancer remains the deadliest form of cancer, claiming more lives than
breast, prostate, colorectal, and brain cancers combined (Siegel et al., 2020).
These alarming statistics underscore the urgency of employing advanced
technologies to refine Computer-Aided Diagnosis systems designed to
support physicians in their diagnostic processes.

Medical imaging, mainly through CT scans, has become indispensable
in modern clinical practice. CT scans provide detailed, three-dimensional
visualizations of internal body structures, facilitating rapid and accurate
diagnoses and informing treatment planning. Their capability to deliver
high-resolution images swiftly enhances patient care by enabling timely
medical interventions (Alanazi et al., 2024). However, interpreting these
images remains mainly human-driven, which can introduce potential errors
and delay analysis times (Alanazi et al., 2024).

Early detection of lung cancer is crucial, as it significantly improves
overall survival rates and enhances progression-free survival and quality
of life for patients (Saeed et al., 2024). Identifying lung cancer at an early
stage allows for more effective treatment interventions, which can mitigate
the risks of treatment-related severe adverse events commonly associated
with late-stage diagnosis (Saeed et al., 2024). CT scans, in particular,
serve as a powerful tool due to their ability to detect various internal
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anomalies, including lung nodules, even when cancer is not the primary
focus of the scan. This incidental detection capability enables healthcare
providers to identify potentially malignant nodules during routine imaging,
opening pathways for timely medical action. Such advancements in early
diagnosis underscore the importance of integrating sophisticated detection
technologies within CAD systems, ensuring that life-threatening conditions
are managed as early as possible, thereby improving patient outcomes and
overall survival.

Driven by the need to address these challenges, this study seeks to
improve upon manual interpretation by constructing a pipeline designed
to detect lung nodules. This objective will be pursued by leveraging the
YOLO framework for early nodule detection.

2.3 Scientific motivation

Real-time object detection is a critical component across diverse applica-
tions, including autonomous driving, robotics, video surveillance, aug-
mented reality, and healthcare. Within this domain, the YOLO framework
has emerged as one of the top-performing algorithms, widely recognized
for its impressive blend of speed and accuracy that enables rapid and
precise object identification in images (Sapkota et al., 2024). Over time, the
YOLO framework has undergone numerous enhancements, with each new
version building upon the previous iterations to resolve challenges and
elevate overall performance levels, which will be discussed in chapter 3.1.

A recent review of the YOLO architectures in computer vision (Sap-
kota et al., 2024) traces the development of the YOLO family from its
initial release to its latest version, YOLOv10, highlighting the innovations
and unique approaches introduced for image analysis. These advance-
ments—focusing on improvements in speed, accuracy, and computational
efficiency—have raised considerable expectations for CAD applications
within the medical imaging field (Hendrix et al., 2023). Despite these de-
velopments, there has been limited exploration of YOLOv10’s capabilities
in specific areas of medical imaging, such as lung nodule detection, which
this paper seeks to investigate in depth to assess its potential contributions
to medical diagnosis.

This study focuses on advancing lung nodule detection by leveraging
YOLOv10’s capabilities and comparing its performance to the baseline ap-
proach, YOLOv5, which is a highly popular and frequently utilized object
detection algorithm renowned for its exceptional detection speed and accu-
racy (Tong & Zhang, 2023). By evaluating YOLOv10’s advanced detection
features, such as its improved feature prioritization and enhanced backbone
architecture with integrated attention mechanisms, this research aims to
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assess its effectiveness in accurately identifying lung nodules. Comparing
these two approaches will provide valuable insights into YOLOv10’s po-
tential for lung nodule detection, addressing a gap in the current literature
and exploring its suitability for early lung cancer diagnosis.

2.4 Research Question

The interest in applying Deep Learning to automate processes in radiology
has grown considerably, primarily due to its promising impact on medical
imaging (Zhang & Qie, 2023). However, despite significant progress in DL
methodologies, particularly in the YOLO family of models (Sapkota et al.,
2024), their effectiveness for lung nodule detection still requires further
exploration, especially with newer model iterations (X. Ma et al., 2024).
This development, including its relevance and applications, will be further
discussed in 3.1. The analysis of lung nodules presents unique challenges,
including variations in nodule size, shape, and density and the inherent
limitations of CT scan quality in routine clinical practice (Katase et al., 2022).
These factors contribute to the complexity of accurately identifying nodules
within lung tissue, underscoring the need to evaluate the performance of
YOLO-based approaches in this critical application.

Consequently, the main research question formulated for this study is
as follows:

RQ: To what extent can YOLO models detect lung nodules?

To delve deeper into these challenges, this thesis focuses on two critical
aspects that may significantly influence the performance of DL models:
the windowing technique applied during CT image preprocessing and the
size of bounding boxes used for annotating lung nodules. The windowing
technique affects the contrast and visibility of lung structures, which can
impact the model’s ability to detect nodules. Similarly, the bounding
box size determines the context provided to the model for each nodule,
influencing detection accuracy.

The windowing process in CT scans involves mapping the image’s
Hounsfield Unit (HU) values to a specific grayscale range to emphasize
particular structures. By selecting appropriate windowing parameters,
such as window width and window level, the visibility of lung tissues and
nodules can be enhanced, facilitating better detection by Deep Learning
models (Ain, 2021) as it will be further discussed in 3.3.

SQ1: How does the choice of windowing parameters in CT image
preprocessing affect the performance of YOLO models in detecting lung
nodules?
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Bounding boxes play a crucial role in object detection models like
YOLO by providing objects’ spatial location and extent within an image.
The size and scale of bounding boxes determine how much context around
the lesion is retained and how the model interprets this information during
training and inference. Adjusting these parameters can impact nodule
detection accuracy, particularly when scaling or cropping affects the sur-
rounding anatomical context.

SQ2: How do the size and scaling of bounding boxes used for anno-
tating lung nodules influence the accuracy of YOLO models in nodule
detection?

2.5 Research Strategy

This section outlines the methodological approach to address the RQ
and associated subquestions posed in this study. The research strategy
integrates model comparisons, systematic data handling to mitigate biases,
and error analysis to identify potential areas for improvement in lung
nodule detection.

Model Comparison

The thesis evaluates the performance of two state-of-the-art object detec-
tion models: YOLOv5 and YOLOv10. Specifically, three configurations of each
model (small, medium, and large) are compared to assess the trade-offs
between model complexity, computational efficiency, and detection accu-
racy. The focus is on understanding how architectural advancements in
YOLOv10 influence its ability to detect lung nodules compared to YOLOv5.

Data Splitting to Avoid Biases

To ensure unbiased evaluation and avoid data leakage, the dataset is
split subject-wise. This method prevents images from the same patient
from appearing in both the training and testing datasets, which could
artificially inflate performance metrics. The data is divided into three
subsets: training (70%), validation (20%), and testing (10%), with each
patient assigned exclusively to one subset. This approach reflects real-
world clinical scenarios where models encounter new patients during
deployment.
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Error Analysis

A detailed error analysis is conducted to gain insights into the model’s
limitations. This analysis focuses on identifying patterns in false positives
and false negatives, such as:

• Whether smaller nodules are more prone to misclassification.

• The impact of nodule location, particularly for nodules near lung
boundaries or in peripheral slices.

This analysis highlights areas where the model struggles and provides
valuable information for future iterations and improvements.

2.6 Summary of Findings

The findings demonstrate the superiority of YOLOv10 over YOLOv5 in
lung nodule detection. YOLOv10-l achieved the highest mAP@0.5 of 0.61,
with improved precision 0.66 and recall 0.54, outperforming YOLOv5

across all configurations. Additionally, YOLOv10-l demonstrated faster
inference times (6.8 ms) than YOLOv5-l (8.6 ms), making it more suitable
for real-time applications.

Preprocessing techniques played a crucial role in enhancing detection
performance. A windowing configuration with a center of −600 HU
and a width of 1500 HU significantly improved the visibility of lung
nodules. Bounding box adjustments, involving a 30% expansion and
5-pixel padding, further enhanced detection accuracy by incorporating
contextual information around the nodules.

Error analysis highlighted specific challenges in lung nodule detection.
Small nodules, nodules near lung boundaries, and peripheral slices were
primarily responsible for false negatives, while false positives often resulted
from the misclassification of blood vessels and image artifacts. These
findings underscore the need for further refinements to address these
limitations.

YOLOv10-l shows significant promise for accurate and efficient lung
nodule detection. However, addressing detection challenges related to
small nodules and boundary regions remains critical for further improving
clinical applicability.

3 related work

This section presents a structured review of existing research pertinent to
lung nodule detection using advanced imaging and computational tech-
niques. It begins with an overview of advancements in YOLO frameworks
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- a family of real-time object detection models is discussed, highlighting
their applicability to medical imaging tasks. The section then explores
Hounsfield Units and windowing techniques, focusing on their significance
in optimizing CT image analysis and enhancing the accuracy of detection
tasks. Finally, different approaches to bounding box optimization are re-
viewed, emphasizing their impact on improving detection accuracy in AI
models.

3.1 YOLO Frameworks

YOLO models were selected for this study due to their balance of speed and
accuracy, making them well-suited for efficiently processing large volumes
of CT scan data. Alternative frameworks, such as Faster R-CNN (Ren
et al., 2016), Swin Transformers (Liu et al., 2021), and Vision Transformers
(Dosovitskiy et al., 2021), offer unique strengths but were not included in
this evaluation due to specific trade-offs.

Faster R-CNN is a highly accurate two-stage detection model, ideal for
fine-grained localization tasks. However, its computational cost and slower
processing times make it less practical for analyzing large-scale datasets
(Ren et al., 2016). Swin Transformers leverage hierarchical attention mech-
anisms, excelling in capturing global context, but their complexity and
resource requirements can hinder performance on high-resolution medical
images (Yin et al., 2024). Vision Transformers provide state-of-the-art re-
sults in image analysis but often struggle with small-object detection, such
as lung nodules, due to their coarse tokenization approach (Mkindu et al.,
2023).

In contrast to these models, YOLO frameworks, or "You Only Look
Once," revolutionized object detection by reinterpreting it as a regression
task, allowing for real-time processing through a single pass over the
image. Unlike conventional CNNs, which typically classify or segment
objects after multiple processing stages, YOLO integrates object detection
and recognition into a single, unified framework. This design enables the
simultaneous identification of object boundaries and categories, achieving
unparalleled speed and making YOLO a foundational framework in real-
time object detection (Redmon et al., 2016). Building on this innovation,
YOLOv2 introduced anchor boxes, enabling the model to handle objects
of various sizes more effectively, thus improving detection performance
(Redmon & Farhadi, 2016). This development established a benchmark
for high-speed applications, making YOLOv2 a popular choice for tasks
requiring efficient, real-time analysis, including emerging applications in
medical imaging, such as lung nodule detection.
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YOLOv3 further improved upon the YOLO framework by incorporating
multi-scale detection, making it practical for detecting small objects through
different layers in the network (Redmon & Farhadi, 2018). Building on
this (Balaji et al., 2022), the MSF-YOLO model, an adaptation of YOLOv3,
was developed to enhance the detection of small and fine tumors in MRI
images. By integrating multi-scale feature fusion and optimizing anchor
box sizes with K-means clustering, MSF-YOLO achieves greater contextual
awareness and precision in identifying small tumors. Additionally, training
was accelerated using weight parameters from the COCO (Lin et al., 2014)
dataset, leading to substantial gains in detection accuracy. Experimental
results showed that MSF-YOLO achieved an accuracy of 98.67% and 97.51%
across two open datasets, outperforming traditional YOLOv3 and other
models in mean Average Precision.

YOLOv4 then optimized the balance between speed and accuracy by
implementing the CSPDarknet53 backbone alongside the Path Aggregation
Network (PANet) for refined feature extraction and enhanced training via
data augmentation and regularization techniques (Bochkovskiy et al., 2020).
In a notable adaptation, Mei et al., 2021 tailored YOLOv4 for lung nodule
detection by integrating DO-Conv layers for advanced feature extraction,
CBAM attention modules to emphasize nodule locations, and a focal loss
function to handle class imbalances in the data. The customized model,
designed for the LIDC-IDRI dataset, achieved an Average Precision (AP) of
90.5% and processed each image in 0.04 seconds, demonstrating YOLOv4’s
applicability in high-performance medical detection tasks.

YOLOv5 brought modularity with multiple model sizes (e.g., YOLOv5n,
YOLOv5s) tailored to different hardware requirements, broadening its use
across varied applications (Hussain, 2024). Hendrix et al., 2023 developed
a three-stage pipeline with YOLOv5 for lung nodule detection, involving
lung localization to narrow the search area, detection of nodule candidates
across CT slices, and a ResNet50-based false-positive reduction stage. This
multi-step approach achieved 92% sensitivity at 1 false positive per scan
using data from the LUng Nodule Analysis 2016 (LUNA16) dataset and
additional hospital data, underscoring YOLOv5’s versatility for layered
detection workflows.

YOLOv6 introduced quantization and self-distillation techniques, which
improved inference speed without sacrificing accuracy (Li et al., 2022).
This made YOLOv6 particularly suitable for real-time medical applications
where speed and efficiency are critical.

YOLOv7 further refined the architecture with the Extended Efficient
Layer Aggregation Network for enhanced feature integration across layers,
offering high precision and efficiency even on resource-constrained devices
(C.-Y. Wang et al., 2022). The optimization of feature extraction without
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added computational load allowed YOLOv7 to excel in high-resolution
imaging tasks, making it applicable to detailed diagnostic tasks such as CT
scans.

YOLOv8 introduced an anchor-free mechanism, advancing flexibility
and accuracy across various detection scenarios (Yaseen, 2024). Z. Ma
and Wu, 2024 adapted YOLOv8 for lung nodule localization by incor-
porating Receptive Fields Block (RFB) and Inner-IoU loss to fine-tune
nodule positioning in CT scans. Tested on a dataset of 3009 images from
Roboflow, these enhancements increased YOLOv8’s precision by 3.4% and
recall by 2%, demonstrating its efficacy for applications requiring precise
localization.

YOLOv9 focused on a lightweight architecture optimized for mobile
applications, maximizing detection with minimal computational demand
(C.-Y. Wang et al., 2024). Chien et al., 2024 implemented YOLOv9 for de-
tecting pediatric wrist fractures in X-rays, utilizing programmable gradient
information (PGI) and a generalized efficient layer aggregation network
(GELAN) for advanced feature extraction. In testing on the GRAZPEDWRI-
DX dataset, YOLOv9-E achieved a mean average precision of 43.73%,
surpassing YOLOv8+SA at 41.49%, highlighting YOLOv9’s potential for
precise imaging tasks requiring efficient resource usage.

YOLOv10 introduced refined CSPDarknet backbone with integrated
convolutional attention mechanisms, a decoupled anchor-free detection
head with dual-label assignment to eliminate Non-Maximum Suppression.
(A. Wang et al., 2024). Despite these advancements, studies have yet to
explore YOLOv10’s specific application to lung nodule detection. Given its
improved adaptability and robustness, YOLOv10 holds significant promise
for medical imaging applications, particularly for lung nodule detection,
where high accuracy and consistent performance across challenging imag-
ing conditions are essential (Y. Wang, 2024). The lack of research in this
area presents an opportunity to investigate YOLOv10’s potential in detect-
ing lung nodules, providing new insights into its effectiveness in clinical
diagnostics.

3.2 Identification of Differences Between the Baseline and Investigated YOLO
Architecture

YOLOv5 and YOLOv10 differ significantly in their architectural design
and innovations (Hussain, 2024), which might impact their application in
lung nodule detection. YOLOv5 employs a backbone based on CSPNet,
incorporating multiple spatial pyramid pooling (SPP) blocks and a path
aggregation network to optimize feature extraction and information flow
(Jocher et al., 2022). In contrast, YOLOv10 introduces a refined CSPDarknet
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backbone with convolutional attention mechanisms, enhancing precision
and robustness, particularly for detecting small or occluded objects (A.
Wang et al., 2024).

YOLOv10 eliminates non-maximum suppression by adopting a dual-
label assignment system, balancing inference speed and accuracy, which is
crucial for medical imaging tasks requiring real-time performance. Addi-
tionally, YOLOv10 incorporates advanced layers like partial self-attention
(PSA) and spatially constrained (SC) layers, enabling improved feature
refinement and higher adaptability to complex imaging conditions, such
as varying nodule shapes and sizes (Sapkota et al., 2024).

While YOLOv5 has demonstrated strong performance in detection tasks,
its anchor-based predictions may struggle with irregular or ambiguous
nodule boundaries. In contrast, YOLOv10’s anchor-free detection head and
optimized training processes allow for better handling of these challenges,
potentially leading to higher precision and recall in lung nodule detection.
These advancements suggest that YOLOv10 could outperform YOLOv5 in
both speed and accuracy, offering greater reliability in clinical diagnostics
(Sapkota et al., 2024).

While YOLOv10 introduces advanced features that often enhance detec-
tion performance, studies indicate that newer architectures do not always
guarantee better results across all tasks. For example, YOLOv10 excelled
in tasks like kidney stone detection due to its superior computational
efficiency and accuracy (Billah et al., 2024), yet it underperformed in steel
surface defect detection compared to YOLOv9 (Huang et al., 2024). Simi-
larly, a comparative study on knife safety detection highlights that YOLOv5,
despite being an older model, delivered more balanced performance across
multiple classes, achieving higher F1 scores in detecting specific objects,
while YOLOv10 struggled with accuracy in certain classifications (Geetha
& Hussain, 2024). These findings underscore the importance of aligning
model selection with task requirements. Therefore, further investigation
into YOLOv10’s potential for lung nodule detection is necessary, as its
advantages may depend heavily on the specific challenges and objectives
of the application.

3.3 Hounsfield units and windowing techniqe

The invention of a method to reconstruct cross-sectional images from X-ray
data laid the foundation for modern computed tomography by enabling the
visualization of internal structures in the body with unprecedented detail
(DenOtter & Schubert, 2023). HU values are crucial in medical imaging
as they help differentiate between various types of tissues and fluids. For
instance, fat typically has a negative HU value. In contrast, soft tissues
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like muscle and organs have values closer to zero, and dense materials
like bone can have values exceeding +1000 HU. This differentiation aids in
diagnosing conditions and assessing the composition of lesions or tumors
(DenOtter & Schubert, 2023).

The study conducted by Ain, 2021 showed that HU values improve
medical imaging detection and segmentation by offering precise density
data, enabling more accurate tissue differentiation during the segmentation
process. In lung nodule detection, Hounsfield units allow for precise
measurement and identification of nodules based on their density, which
is often higher than that of the lung tissue itself (Youssif et al., 2011). This
ability to differentiate tissues based on HU is essential in medical imaging
and diagnosis, providing a reliable method for detecting abnormalities like
lung nodules (Gould et al., 2015).

Abboud and Kadoury, 2023 study demonstrates that varying Hounsfield
Unit window levels significantly improves the accuracy of deep learning
models for liver lesion segmentation by optimizing contrast in the input
data. By systematically adjusting HU levels during training and testing,
the authors observed a notable enhancement in segmentation accuracy.
They also found that varying HU levels allowed the model to generalize
better across different contrasts and provided a practical way to estimate
uncertainty, improving its reliability in clinical applications.

The study by Viriyavisuthisakul et al., 2023 thoroughly evaluated 45 dif-
ferent fixed Hounsfield Unit windowing strategies applied to non-contrast
cranial CT images, focusing on optimizing HU values to improve diagnos-
tic accuracy for ischemic stroke classification. By systematically adjusting
HU window settings, the researchers aimed to enhance the ability of deep
learning models to distinguish between hyperacute, acute, and normal
brain conditions. Testing these strategies across 15 state-of-the-art models
revealed that certain HU windows significantly boosted classification accu-
racy, underscoring the impact of appropriate HU value selection on model
performance. This research highlights the critical role of HU windowing in
medical imaging preprocessing, offering clinicians insights into optimizing
HU settings to enhance diagnostic precision in stroke detection.

In a study by Karki et al., 2020, a distant-supervised method was
proposed to automatically determine optimal window settings for prepro-
cessing radiographic images, a crucial step for detecting abnormalities.
Adaptive window settings were predicted by integrating a window es-
timator module with a DCNN-based lesion classifier, and the top four
settings across the dataset were identified. Images were scaled based on
these settings, and lesion classifiers were trained on each. Testing different
combinations showed that using and combining predictions from the top
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four window settings significantly improved the detection of intracranial
hemorrhage in brain CT images.

3.4 Bounding Boxes in Object Detection

Bounding boxes play a pivotal role in object detection frameworks, serving
as the foundational mechanism for annotating and localizing objects within
an image. Their importance is amplified in medical imaging tasks, such
as lung nodule detection, where accurate localization directly impacts
diagnostic accuracy and subsequent clinical decisions. Recent research
by Madan et al., 2023 highlights the impact of bounding box size and
placement on the performance of anchor-based models, providing insights
that are particularly relevant for single-class detection tasks like lung
nodules.

The study by Madan et al., 2023 demonstrated that employing fixed-size
bounding boxes significantly improved the performance of object detection
models. In experiments using both real-world and synthetic datasets, fixed
bounding boxes enhanced mean Average Precision by approximately 50%
compared to randomly sized bounding boxes. An additional observation
from the study was the improvement in object localization accuracy when
fixed bounding boxes were used. For instance, YOLO Scaled v4 performed
better on a synthetic dataset of circular shapes when using fixed bounding
boxes compared to those adapted to object contours or randomly drawn.

A alternative approach was proposed by Zhong et al., 2020, focusing
on dynamic optimization of anchor boxes. Their method enables anchor
shapes to adapt automatically to data distribution and the learning process
of the network by treating anchor shapes as trainable variables. Through
backpropagation, the method minimizes localization errors, effectively
learning optimal anchor shapes during training without adding compu-
tational overhead during inference. This approach improved detection
accuracy by over 1% mean Average Precision on benchmark datasets such
as Pascal VOC, MS COCO, and Brainwash. Furthermore, their method
proved robust to variations in anchor shape initialization, greatly simplify-
ing the design process.

3.5 Literature Gap

While the YOLO framework has seen extensive research and development
in general object detection tasks, more studies are needed to evaluate its
latest iterations, such as YOLOv10, in medical imaging contexts (Y. Wang,
2024). Specifically, the application of YOLOv10 for detecting lung nodules
has not been systematically investigated, despite its potential to enhance
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the detection of small and irregularly shaped objects like lung nodules. As
Y. Wang (2024) emphasizes, "it is necessary to apply the YOLOv10 model
in this lung nodule detection task for more exploration and research, which
may further improve the clinical accuracy and reliability of deep learning
methods in X-ray lung nodule detection tasks."

Additionally, while preprocessing techniques, such as windowing (Ain,
2021) and bounding box adjustments (Zhong et al., 2020), are critical for
optimizing medical image analysis, their effects on YOLOv10’s perfor-
mance for lung nodule detection remain unexplored. This thesis addresses
these gaps by evaluating YOLOv10 compared to YOLOv5, analyzing its
performance on lung CT scans, and assessing the impact of domain-specific
preprocessing.

By focusing on YOLOv10 and its potential improvements for lung
nodule detection, this study advances the application of state-of-the-art
object detection frameworks in medical imaging.

4 methodology & experimental setup

As depicted in Figure 1, the research process follows a structured pipeline
to ensure a robust and unbiased evaluation of lung nodule detection
models. The pipeline begins with loading and preprocessing CT scans,
where images are normalized and windowed using Hounsfield Units to
enhance nodule visibility. Preprocessed images are resized and formatted
into YOLO-compatible labels with bounding box annotations, then split
into training, validation, and test subsets to prevent data leakage. Data
augmentation is applied to the training set to improve model generalization.
YOLO models are trained with optimized hyperparameters to detect lung
nodules, focusing on reducing false positives and negatives. Performance
is evaluated using metrics like Mean Average Precision, Precision, and
Recall, ensuring consistent and clinically relevant outcomes.

4.1 Dataset description

The dataset used in this study is the Lung Image Database Consortium
image collection (LIDC-IDRI) (Armato et al., 2015), a comprehensive re-
source for lung nodule analysis. The dataset contains anonymized thoracic
CT scans from multiple academic centers and medical imaging compa-
nies. Each case includes DICOM-format CT scans and corresponding
annotations provided by four thoracic radiologists.

Annotations were created through a two-phase process. In the blinded-
read phase, each radiologist independently marked nodules and catego-
rized them based on size and significance. The subsequent unblinded-
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Figure 1: The diagram represents the workflow of the implemented methodology.
The process begins with data loading and determining maximum lung dimensions
for future steps. Next step is data preparation involving normalization and the
application of specific windowing techniques to standardize the image data. The
data is then resized to the maximum lung dimensions, ensuring consistency across
samples, and reformatted to YOLO-compatible labels. Subsequently, the dataset
is partitioned into training, validation, and test subsets. Data augmentation is
performed on the training set. The YOLO framework is employed to train a
detection model on the training data, while performance evaluation is conducted
on the validation and test sets. Detection of lung nodules is carried out, and model
performance is quantified using metrics such as the Mean Average Precision.
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read phase allowed radiologists to refine their annotations after reviewing
anonymized marks from their peers. This process ensured high-quality,
non-consensus annotations of nodules.

All CT scans in this dataset are in DICOM format and are accompanied
by XML annotation files. These files detail the location and size of each
nodule, providing critical information for computer-assisted diagnosis and
DL applications.

Table 1 summarizes key statistics of the LIDC-IDRI dataset.

Table 1: Summary of LIDC-IDRI Dataset

Number of Patients 1,018

Total Nodules 7,371

Number of Nodules ≥ 3 mm 2,669

Number of Nodules < 3 mm 4,702

4.2 Data preprocessing

4.2.1 Lung segmentation and cropping

Lung segmentation was employed using the ’R231’ model (Hofmanninger
et al., 2020) to isolate lung regions within computed tomography images.
This model is specifically designed for lung segmentation tasks and fa-
cilitates accurate delineation of lung boundaries in volumetric medical
imaging data.

Initially, the maximum lung dimensions across all images in the dataset
were determined. This process involved applying the segmentation model
to each three-dimensional NIfTI image and calculating the maximum
width and height of the lung regions detected. A standardized size was
established for subsequent image processing steps by identifying these
maximum dimensions.

With the maximum dimensions defined, each image underwent a series
of preprocessing operations. The segmentation model was applied to
extract the lung regions from the CT images. Slices that contained no lung
tissue or exhibited only one lung were excluded to maintain consistency
and focus on bilateral lung representations. This ensured that the dataset
comprised images with complete and comparable anatomical structures.

For the remaining slices, the images were cropped to the bounding
box encompassing the lung regions. This cropping was based on the seg-
mentation masks generated, capturing the precise area of interest. The
cropped images were then resized to match the previously determined
maximum lung dimensions. To preserve the anatomical proportions, the
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resizing maintained the original aspect ratio of the lung regions. If nec-
essary, padding was added to align the images to the standardized size,
ensuring uniformity across the dataset.

4.2.2 Windowing and Normalization

In the image preprocessing pipeline, windowing and normalization were
applied to enhance the visibility of lung structures in the CT images.
The windowing process adjusted the intensity values based on specified
Hounsfield Unit parameters, followed by normalization to standardize the
pixel intensity range.

The window boundaries were determined using the window center C
and window width W as follows:

Wmin = C − W
2

(1)

Wmax = C +
W
2

(2)

Each pixel intensity I in the cropped image slice was then windowed
using the following function:

Iwindowed =


Wmin, if I < Wmin

I, if Wmin ≤ I ≤ Wmax

Wmax, if I > Wmax

(3)

Following windowing, normalization was performed to scale the pixel
intensities to an 8-bit grayscale range of 0 to 255:

Inormalized =

(
Iwindowed − Wmin

Wmax − Wmin

)
× 255 (4)

This linear transformation ensured that all images had consistent in-
tensity levels, facilitating effective training and analysis in subsequent
modeling tasks.

An evaluation was conducted to assess the impact of different win-
dow levels on the model’s performance, measured by the Mean Average
Precision. The results are summarized in Table 5.

4.2.3 Bounding Box Adjustments

After the windowing and normalization steps, the images were saved and
bounding boxes were created to annotate regions containing pulmonary
nodules. The process of creating bounding boxes involved several compu-
tational steps to accurately represent the location and size of the nodules
within each image slice.
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Bounding Box Creation

To identify the nodules in each label slice, connected component analysis
was performed. Each connected component corresponds to a potential nod-
ule. For each connected component i, the initial bounding box coordinates
were determined based on the pixel positions:

x(i)min = min{x(i)k } (5)

x(i)max = max{x(i)k } (6)

y(i)min = min{y(i)k } (7)

y(i)max = max{y(i)k } (8)

where (x(i)k , y(i)k ) are the coordinates of the pixels belonging to the i-th
connected component.

To ensure that the bounding boxes fully encompassed the nodules and
provided additional context, the width and height were increased by an
appropriate scaling factor e for each iteration. The expansion factor e was
adjusted as a parameter during experimentation to optimize detection
performance. The adjusted dimensions were calculated as:

w(i) = x(i)max − x(i)min (9)

h(i) = y(i)max − y(i)min (10)

w(i)
expanded = e × w(i) (11)

h(i)expanded = e × h(i) (12)

The center of each bounding box was determined to facilitate the
expansion:

x(i)center =
x(i)min + x(i)max

2
(13)

y(i)center =
y(i)min + y(i)max

2
(14)

Using the expanded dimensions and the center coordinates, the new
bounding box coordinates were calculated:
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x(i)min,new = x(i)center −
w(i)

expanded

2
− p (15)

x(i)max,new = x(i)center +
w(i)

expanded

2
+ p (16)

y(i)min,new = y(i)center −
h(i)expanded

2
− p (17)

y(i)max,new = y(i)center +
h(i)expanded

2
+ p (18)

where p represents the padding added to each side of the bounding
box. The padding p was also adjusted as a parameter in each iteration to
find the optimal value for detection performance.

An evaluation was conducted to assess the impact of different expansion
factors and padding values on the model’s performance, measured by the
Mean Average Precision. The results are summarized in Table 4.

Bounding Box Merging

To account for cases where bounding boxes were overlapping or in close
proximity, a merging algorithm was applied. Bounding boxes were merged
if the distance between them was less than a specified threshold dmax. The
overlap condition was evaluated as:

distance(B(i), B(j)) < dmax (19)

where distance(B(i), B(j)) represents the minimum distance between
bounding boxes B(i) and B(j). Merged bounding boxes were recalculated
to encompass all constituent boxes:

xmin,merged = min
(

x(i)min,new, x(j)
min,new

)
(20)

xmax,merged = max
(

x(i)max,new, x(j)
max,new

)
(21)

ymin,merged = min
(

y(i)min,new, y(j)
min,new

)
(22)

ymax,merged = max
(

y(i)max,new, y(j)
max,new

)
(23)

This ensured that closely situated nodules were annotated as a single
detection target, which can be beneficial for certain object detection models.
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Figure 2: The process of merging bounding boxes is illustrated. The top panel
shows bounding boxes before merging, where multiple boxes are present. The
bottom panel demonstrates the result after applying the merging algorithm, where
closely situated bounding boxes are combined into a single bounding box. This
step is crucial for annotating closely located nodules as a unified detection target.

4.2.4 Data Splitting and Augmentation

The dataset was divided into training (70% of patients), validation (20% of
patients), and testing (10% of patients) subsets using patient-wise splitting
to prevent data leakage and ensure generalizability. This approach, crucial
in medical imaging, ensures unbiased evaluation by segregating patients
entirely.

Data augmentation balanced the training dataset by increasing nodule-
containing images through geometric transformations such as rotation and
zooming. Images were rotated by 19◦ increments and zoomed starting at
1.25, with bounding boxes updated accordingly. Slices without lung tissue
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were excluded. Augmentation continued iteratively until a balanced class
distribution was achieved, enhancing the model’s detection capability.

4.3 Models

4.3.1 YOLOv5

As a baseline model, YOLOv5 was selected due to its balance between
accuracy and inference speed. Implemented in PyTorch, YOLOv5 is a well-
documented object detection framework offering multiple model variants
(small, medium, large, and extra-large) to accommodate different computa-
tional requirements. In this study, three configurations of YOLOv5 were
evaluated: YOLOv5s, YOLOv5m, and YOLOv5l, which contain 7.2M, 21.2M,
and 46.5M parameters, respectively. These configurations were used to
assess the trade-offs between detection performance and computational
cost.

YOLOv5 incorporates Cross-Stage Partial (CSP) layers and a Path Ag-
gregation Network (Hussain, 2024) for feature extraction and aggregation.
The CSP layers enhance learning efficiency by partitioning feature maps for
improved gradient flow, while PANet facilitates multi-scale feature fusion.
These architectural features make YOLOv5 well-suited for detecting small
objects, such as lung nodules, which present unique challenges due to their
small size and irregular shapes.

The model was initialized with pre-trained weights from the COCO
dataset (Lin et al., 2014) and fine-tuned on a domain-specific dataset of
annotated CT lung scans. This dataset poses challenges due to the high
spatial variability of lung nodules and their overlap with surrounding
anatomical structures. Adapting YOLOv5 to this domain serves as a
robust baseline for evaluating architectural advancements introduced in
YOLOv10.

4.3.2 YOLOv10

The performance of YOLOv10 was evaluated as an enhanced object de-
tection framework for detecting lung nodules in CT scans. YOLOv10

introduces several architectural innovations to improve small-object de-
tection, computational efficiency, and scalability. These enhancements
include a refined CSPDarknet backbone with integrated convolutional
attention mechanisms, a decoupled anchor-free detection head with dual-
label assignment to eliminate Non-Maximum Suppression (A. Wang et al.,
2024).

Three configurations of YOLOv10 were evaluated: YOLOv10-s, YOLOv10-m,
and YOLOv10-l, containing approximately 7.2, 15.4M, and 24.4M parame-
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ters, respectively. These configurations align with their YOLOv5 counter-
parts, enabling a fair comparison of the two architectures.

Both YOLOv5 and YOLOv10 were trained using identical datasets and
augmentation strategies to maintain consistency in evaluation. However,
YOLOv10’s improved feature prioritization and enhanced backbone archi-
tecture with integrated attention mechanisms are designed to address the
limitations observed in YOLOv5 when detecting small, irregularly shaped
objects. These advancements make YOLOv10 a promising alternative for
lung nodule detection, a task with significant implications for early-stage
lung cancer diagnosis.

4.3.3 Evaluation Metrics

The model’s performance is evaluated using three key metrics: mean
Average Precision, Precision, and Recall. These metrics are particularly
relevant in medical image analysis, especially for tasks such as nodule
detection, where accurate identification of pathological features is essential.

Mean Average Precision (mAP) provides a comprehensive assessment
of model performance by combining Precision and Recall across various
confidence thresholds. It is calculated as the area under the Precision-Recall
curve, summarizing the model’s effectiveness at different confidence levels.
Specifically, mAP is the average of the Precision values at different recall
thresholds and Intersection over Union (IoU) thresholds. The formula for
mAP is as follows:

mAP =
1
Q

Q

∑
q=1

APq (24)

where Q is the number of queries or classes, and APq represents the
Average Precision for each class q, averaged across all relevant recall levels.

Precision measures the model’s ability to avoid false alarms by deter-
mining the proportion of correct detections (true positives, TP) among all
positive predictions. A true positive (TP) occurs when the model correctly
identifies an object, and the predicted bounding box overlaps with the
ground truth bounding box by more than a predefined threshold, com-
monly set at 0.5 for Intersection over Union (IoU). Conversely, a false
positive (FP) occurs when the model predicts an object that does not corre-
spond to any actual object in the dataset. High precision indicates that the
model generates accurate predictions with minimal false alarms, which is
crucial in ensuring the reliability of the detection system.

Recall, on the other hand, evaluates the model’s ability to detect all
actual instances of a given class, focusing on minimizing missed detections.
A true positive (TP) for recall represents a correctly identified object, while
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a false negative (FN) occurs when the model fails to detect an existing
object in the dataset. High recall signifies that the model successfully
identifies the majority of relevant instances, which is essential for tasks
where missing an object can have significant consequences.

4.4 Model Implementation

This section describes the implementation of YOLO architectures opti-
mized for lung nodule detection. The models used include YOLOv5s,
YOLOv5m, YOLOv5l, and their counterparts in YOLOv10. These architec-
tures were evaluated under various training configurations to determine
their effectiveness.

The training process utilized key hyperparameters, including a batch
size of 32, an input image size of 502 pixels, which corresponded to the
maximum lung size detected in earlier steps, and a total of 100 training
epochs. Early stopping was employed with a patience of 20 epochs to
terminate training when performance stabilized, minimizing unnecessary
computations and reducing overfitting.

The training configuration employed YOLO pre-trained weights trained
on the COCO dataset. Built-in data augmentation techniques were applied,
including combining multiple images, flipping, and adjusting contrast
levels, to enhance the model’s generalization capabilities. Despite efforts to
improve accuracy through modifications such as learning rate adjustments,
changes to the optimizer, alterations in early stopping criteria, adjustments
to batch size, and the removal of YOLO’s inherent data augmentation,
these experiments did not yield better results and were excluded from
further analysis.

Overall, the models demonstrated robust performance for lung nodule
detection under the described configuration.

Model Parameters
Parameter Setting
Epochs 100

Batch Size 32

Image Size 502 pixels
Early Stopping Patience 20 epochs
Data Augmentation Scaling, Flipping, Mosaic
Optimizer SGD

5 results

This section presents the outcomes of the experiments conducted to evalu-
ate the effectiveness of YOLO models in detecting lung nodules from CT
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images. The experiments were designed to address the main research ques-
tion and the sub-questions posed in the study. The results are organized to
reflect the impact of different preprocessing techniques, the comparison
of model performances, error analysis, and the investigation of model
generalization.

5.1 Model Comparison

Table 2 summarizes the performance metrics for YOLOv5 and YOLOv10

models across their small (s), medium (m), and large (l) configurations.
The results clearly demonstrate the superiority of YOLOv10 models in
detecting lung nodules, addressing the central research question: To what
extent can YOLO models detect lung nodules?

Table 2: Performance Comparison of YOLOv5 and YOLOv10 Models

Model Params (M) mAP@0.5 (Validation) Precision (Validation) Recall (Validation) mAP@0.5 (Test) Precision (Test) Recall (Test)

YOLOv5s 7.2 0.48 0.54 0.49 0.49 0.58 0.50
YOLOv5m 21.2 0.51 0.54 0.53 0.52 0.59 0.52
YOLOv5l 46.6 0.54 0.61 0.55 0.54 0.62 0.53
YOLOv10-s 7.2 0.54 0.62 0.49 0.56 0.66 0.52
YOLOv10-m 15.4 0.55 0.63 0.50 0.57 0.64 0.53
YOLOv10-l 24.4 0.59 0.65 0.54 0.61 0.66 0.54

The results reveal that YOLOv10 consistently outperformed YOLOv5 in
lung nodule detection. YOLOv10-s achieved an mAP@0.5 of 0.56, surpass-
ing YOLOv5-l’s 0.54. This demonstrates that even the smallest YOLOv10

model exceeds the performance of the largest YOLOv5 model, highlighting
the impact of YOLOv10’s architectural improvements.

The highest-performing YOLOv10-l achieved an mAP@0.5 of 0.61, pre-
cision of 0.66, and recall of 0.54. This indicates that 66% of detected
nodule candidates were true positives (34% were false positives), while
only slightly more than half of all nodules were successfully detected. Stud-
ies from the literature, however, report mAP values exceeding 0.9, achieved
through the use of advanced techniques and preprocessing (Hendrix et
al., 2023; Mei et al., 2021). This comparison underscores that the overall
performance of the YOLOv10 model remains relatively low compared to
state-of-the-art methods.

It should also be noted that no post-processing steps were applied in
this study. Post-processing techniques, used in related studies (Hendrix
et al., 2023; Mei et al., 2021), are critical for refining the predictions and
improving detection accuracy. Without these steps, the results of this
study are not directly comparable to other approaches that employ such
enhancements.

However, these findings confirm YOLOv10’s superiority over YOLOv5

in this task. It is important to note that YOLOv10’s performance does not
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consistently surpass other YOLO versions across all detection tasks, as its
effectiveness depends on the specific application and characteristics of the
dataset (Huang et al., 2024). This variability underscores the importance
of tailoring models to task-specific requirements, particularly in medical
imaging, where precision and reliability are critical.

5.2 Effect of Windowing Parameters on Model Performance

To explore the sub-question SQ1: How does the choice of windowing
parameters in CT image preprocessing affect the performance of YOLO
models in detecting lung nodules?, several windowing configurations
were evaluated during preprocessing. Windowing adjusts grayscale inten-
sity values to enhance the contrast and visibility of specific tissues, making
it particularly critical for emphasizing lung nodules within CT scans.

Three different windowing settings were tested, as shown in Table 3.
Each model was trained using the YOLOv10l architecture with identical
training parameters to ensure a fair comparison.

Table 3: Windowing Parameters Used in Experiments

Window Center (HU) Window Width (HU) Description

no window center no window width CT scans not changed
−600 1500 Lung Window
−350 1000 Narrow Window

The performance of the models was evaluated using the Mean Average
Precision at IoU threshold 0.5. The results are presented in Table 4.

Table 4: Model Performance with Different Windowing Parameters

Window Center (HU) Window Width (HU) mAP@0.5 Precision Recall

no window center no window width 0.55 0.59 0.51
−600 1500 0.61 0.66 0.54
−350 1000 0.57 0.63 0.49

As shown in Table 4, the windowing setting with a center of −600
HU and a width of 1500 HU yielded the highest mAP@0.5 of 0.61. This
indicates that adjusting the windowing parameters to enhance contrast
improves the model’s ability to detect nodules.
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Figure 3: Effect of windowing parameters on CT image visualization. Each panel
represents a CT image processed with different windowing configurations: Top:
No windowing applied; Middle: Window Center −600 HU, Window Width 1500
HU, emphasizing lung tissues; Bottom: Window Center −350 HU, Window Width
1000 HU. The red bounding box highlights the lung nodule, demonstrating how
different windowing settings enhance or obscure the visibility of nodules and
surrounding tissues.
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5.3 Impact of Bounding Box Size and Scaling on Detection Accuracy

To address the sub-question SQ2: How does the size and scaling of
bounding boxes used for annotating lung nodules influence the accuracy
of YOLO models in nodule detection?, experiments were carried out
to evaluate the effects of varying bounding box expansion factors and
padding values on detection accuracy. The initial bounding boxes were
systematically expanded and padded to incorporate additional contextual
information around the nodules, aiming to enhance the model’s ability to
accurately differentiate nodules from surrounding anatomical structures.

Table 5 shows the mAP@0.5 scores for various combinations of expan-
sion factors and padding.

Table 5: Effect of Bounding Box Expansion and Padding on Model Performance

Expansion Factor (%) Padding (Pixels) mAP@0.5 Precision Recall

0 0 0.41 0.46 0.34
20 5 0.54 0.59 0.47
30 5 0.61 0.66 0.54
40 5 0.48 0.50 0.44

The combination of a 30% expansion factor and 5 pixels of padding
achieved the highest mAP@0.5 of 0.61. Increasing the bounding box size up
to this point provided sufficient contextual information without introducing
excessive background noise.

These results suggest that appropriately scaling bounding boxes en-
hances the model’s ability to detect nodules by including surrounding
anatomical features that may aid in recognition.
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Figure 4: Visualization of bounding box expansion and padding effects on CT
images. Top: Bounding box of normal size. Middle: Bounding box enlarged by
20% and 5 pixels. Bottom: Bounding box enlarged by 40% and 5 pixels. The red
boxes highlight the expanded regions around the nodules, demonstrating how
different configurations influence contextual information available to the model.
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5.4 Detailed Error Analysis

An error analysis was conducted to identify and quantify the types of
errors made by the models. This analysis focused on the YOLOv10-l model
due to its superior performance.

5.4.1 Error Types

The errors were categorized into two main types:
False Positives (FPs) refer to non-nodule structures incorrectly iden-

tified as nodules. An analysis of the FPs revealed that the model often
misclassified various structures or features that shared visual similarities
with nodules. These misclassifications could involve anatomical elements
or image irregularities, such as noise or artifacts, which contributed to the
model’s errors.

False Negatives (FNs) represent actual nodules that the model failed to
detect. The analysis of these errors highlighted several challenges. Small
nodules were often missed due to their subtle appearance in the scans.
Additionally, nodules located near the lung boundaries posed detection
difficulties, as their edges could blend with surrounding structures. Lastly,
nodules appearing on peripheral slices of scans were more likely to be
overlooked, as they were partially represented or less pronounced in those
regions.

5.4.2 Visualization of Errors

To better understand the errors identified during model evaluation, visual-
izations were created for representative examples of both false positives
and false negatives. These visualizations highlight key error patterns and
provide insights into potential areas for improvement in the model. Below
are examples corresponding to the different types of errors.
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Figure 5: False Negatives: Small Nodules. This figure shows example of small
nodule that were not detected by the model. The reduced visibility of these
nodules due to their small size likely contributed to their misclassification. Notably,
the small nodule visible in the upper left corner of the left scan was not detected
by the model, as evidenced by its absence in the corresponding right scan.

Figure 6: False Negatives: Nodules Near Lung Boundaries. This figure shows
an example of a nodule located close to the lung boundaries that was missed by
the model. Its location may complicate detection due to reduced contrast with
surrounding structures. The nodule situated in the central region of the left scan
is not detected by the model, as reflected in its absence in the corresponding right
scan.
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Figure 7: False Negatives: Peripheral Slices of Nodules. This visualization
highlights errors occurring on the peripheral slices of nodules spanning multiple
slices. The smaller portions of the nodule in these slices likely made detection
more challenging. The top row displays slice 78 on the left and the corresponding
model prediction on the right, while the bottom row shows the peripheral slice (in
this case the last slice containing the nodule) on the left and the model’s prediction
on the right, where the nodule remains undetected.

Figure 8: False Positives: Misclassification of Other Structures. Examples of non-
nodule structures, such as blood vessels or image artifacts, that were incorrectly
identified as nodules by the model. These errors highlight the need for improved
differentiation of nodules from other anatomical structures. In the figure, the left
scan shows a correctly identified nodule on the right side, while the right scan
displays a false positive on the left side, where a structure that should not have
been classified as a nodule was detected.
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5.5 Computational Efficiency

The inference time per image was measured for both YOLOv5l and
YOLOv10-l models to assess computational efficiency.

Table 6: Inference Time Comparison

Model Inference Time (ms)

YOLOv5l 8.6
YOLOv10-l 6.8

As the YOLOv10-l model achieves a shorter inference time, this improve-
ment enhances its efficiency, enabling faster analysis of medical images,
which contributes to streamlined workflows and improved throughput in
diagnostic settings.

5.6 Visualization of Results

To provide a comprehensive understanding of the model’s performance,
sample detection results are presented in Figure 9. The images show
the original CT slices, the ground truth annotations, and the model’s
predictions.
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Figure 9: The figure illustrates examples of accurate detections by the model, with
the ground truth displayed on the left and the corresponding predictions shown
on the right.
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6 discussion

This section critically evaluates the findings of this thesis, structured around
the research questions presented earlier. It discusses the results, compares
them with existing literature, and reflects on the strengths and limitations
of the methods employed. Finally, it highlights implications for future
research and practical applications.

6.1 Results

This thesis addressed the RQ: To what extent can YOLO models detect
lung nodules? by evaluating the performance of YOLO-based deep learn-
ing frameworks for detecting lung nodules in CT scans. The findings
confirm the effectiveness of YOLOv10 for this task, demonstrating its supe-
riority over YOLOv5 and the impact of critical preprocessing strategies on
detection accuracy.

The most notable result was that YOLOv10-l achieved a higher mAP@0.5
(0.61) compared to YOLOv5-l (0.54) while maintaining faster inference
times (6.8 ms vs. 8.6 ms). However, these results fall short of state-of-the-
art benchmarks reported in the literature, such as the Average Precision of
90.5% achieved by Mei et al., 2021 using a YOLOv4-based model or the 92%
sensitivity at one false positive per scan reported by Hendrix et al., 2023

with a YOLOv5 pipeline. These discrepancies likely stem from suboptimal
hyperparameter tuning or preprocessing limitations.

Despite these challenges, this study demonstrates that YOLOv10 signif-
icantly outperforms YOLOv5 in lung nodule detection, marking it a robust
and promising candidate for CAD systems. This evidence supports further
exploration of YOLOv10’s potential in clinical diagnostics and highlights
its relevance for improving automated detection workflows.

6.1.1 Effect of Preprocessing on Performance

Preprocessing played a key role in improving model performance and
directly addressed SQ1: How does the choice of windowing parameters
in CT image preprocessing affect the performance of YOLO models in
detecting lung nodules? and SQ2: How does the size and scaling of
bounding boxes used for annotating lung nodules influence the accuracy
of YOLO models in nodule detection?

Optimized windowing parameters, specifically a center of −600 Hounsfield
Units with a width of 1500 HU, improved model performance by 6% com-
pared to unmodified CT scans by enhancing nodule visibility and contrast
(SQ1). Adjusting bounding box configurations, particularly expanding
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them by 30% with a 5-pixel padding, led to a 20% performance improve-
ment by providing additional contextual information to better distinguish
nodules from nearby structures (SQ2).

These results confirm that domain-specific preprocessing, including
optimized windowing and bounding box adjustments, is critical for en-
hancing detection accuracy and addressing challenges in medical imaging
data.

6.2 Strengths and Limitations of the Methodology

6.2.1 Strengths

This study incorporates several methodological strengths that enhance its
reliability and impact. The comprehensive preprocessing pipeline, which
included lung segmentation, optimized windowing, and tailored bounding
boxes, ensured high-quality input data and contributed to robust model
performance. By implementing patient-wise data splitting, the study suc-
cessfully mitigated the risk of data leakage, ensuring that the evaluation
results are representative of real-world scenarios and generalizable to
unseen cases. Iterative augmentation strategies, such as rotation and zoom-
ing, were employed to balance the dataset, addressing the class imbalance
inherent in medical imaging data and improving model generalization. Fur-
thermore, the comparative framework, which directly evaluated YOLOv5

and YOLOv10 under identical conditions, provided a robust assessment of
architectural advancements and their impact on performance.

6.2.2 Limitations

This study faces several limitations that highlight areas for improvement.
YOLOv10 exhibited challenges in detecting nodules with very small di-
ameters or those located near lung boundaries, which may be addressed
by utilizing higher-resolution input images or exploring specialized loss
functions to enhance detection accuracy. The use of bounding boxes for
annotating nodules, while effective, may oversimplify complex nodule
shapes, suggesting that incorporating advanced segmentation techniques
could provide more precise representations. Additionally, the dataset
used in this study was sourced from a single collection, potentially lim-
iting the generalizability of the findings; thus, external validation using
independent datasets, such as LUNA16 or NLST, is crucial to establish
broader applicability. Furthermore, the study primarily relied on 2D slices,
underutilizing the full 3D nature of CT data, which could offer richer
spatial context. Employing an ensemble model that integrates data from all
three axes—axial, sagittal, and coronal—and combines predictions using
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majority voting may enhance model robustness and accuracy by leveraging
multiple perspectives of the nodule.

Moreover, the study exclusively focused on comparing YOLO-based
architectures and did not include other state-of-the-art deep learning frame-
works, such as Faster R-CNN or Swin Transformers, which could provide
valuable benchmarks. Future studies incorporating a broader range of
architectures would offer a more comprehensive assessment of YOLOv10’s
performance relative to alternative approaches in lung nodule detection.

6.3 Implications for Broader Society and Practical Applications

6.3.1 Societal Impact

This research has direct implications for lung cancer diagnostics. By
improving the detection of lung nodules, YOLOv10-based pipelines can
enhance the accuracy and efficiency of Computer-Aided Diagnosis systems,
reducing the burden on radiologists and enabling earlier interventions.
Early detection is critical in lung cancer, where survival rates decrease
significantly with disease progression (Saeed et al., 2024).

Furthermore, automated systems like the one proposed in this study
could expand access to high-quality diagnostic tools in resource-limited
settings. By deploying such systems in underserved regions, where ra-
diologists are scarce, it is possible to reduce global disparities in cancer
care.

6.3.2 Clinical and Industrial Applications

This study provides a foundation for integrating YOLOv10 into real-world
CAD workflows with several potential applications. One key application
is in triage systems, where the model can automate the initial review of
CT scans, prioritizing cases with suspected nodules for further analysis,
thereby streamlining radiologists’ workflows. Additionally, YOLOv10 can
serve as a valuable research tool, supporting large-scale epidemiological
studies by enabling high-throughput nodule detection across extensive
datasets. Furthermore, the model holds promise in training and educa-
tional settings, assisting radiologists in identifying nodules while enhanc-
ing their understanding of deep learning predictions, ultimately fostering
confidence and trust in AI-based diagnostic tools.
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6.4 Recommendations for Future Research

6.4.1 Addressing Model Limitations

Future research should focus on addressing the limitations identified
in this study by exploring innovative techniques that enhance detection
capabilities. One promising approach involves the integration of boundary
refinement modules directly into the model architecture. These modules
can dynamically adjust bounding boxes by analyzing edge information
and ensuring precise localization, especially for nodules located near lung
boundaries where contrast with surrounding structures is minimal.

Another avenue is the utilization of 3D context by incorporating vol-
umetric analysis across sequential CT slices. By leveraging the spatial
continuity of nodules across multiple slices, the model could better differ-
entiate nodules from non-nodule structures such as blood vessels or image
artifacts. This approach would provide richer context for detecting nodules
that may appear less distinct in individual slices.

These strategies offer practical solutions to the current challenges in
lung nodule detection and pave the way for further improvements in model
accuracy and reliability.

6.4.2 Expanding Dataset Diversity and Exploring Multi-Modality Approaches

Validating the proposed pipeline on larger and more diverse datasets is
essential for improving the generalizability of the results. Incorporating
datasets with varying scanner types, patient demographics, and pathologi-
cal conditions would ensure the robustness of the model across different
scenarios. Additionally, integrating CT data with complementary imag-
ing modalities, such as PET or MRI, could provide additional context,
enhancing detection accuracy. Multi-modal learning frameworks could
be explored to leverage the strengths of each modality and improve the
overall performance of the pipeline.

6.4.3 Advanced Techniques in Lung Nodule Detection

Future advancements in lung nodule detection can leverage cutting-edge
techniques to address existing challenges and improve model performance.
Two promising directions include the integration of Explainable AI (XAI)
and multi-modal learning frameworks.

Explainable AI (XAI) methods, such as Grad-CAM (Selvaraju et al.,
2019) and SHAP (Lundberg & Lee, 2017), provide insights into the decision-
making processes of YOLO-based frameworks by highlighting the regions
or features that influence predictions. These methods foster trust among
clinicians by ensuring that model predictions align with relevant anatomical



7 conclusions 38

structures, such as lung nodules. Moreover, XAI can help identify biases or
errors in the model, enabling targeted improvements and ensuring more
reliable predictions.

Another approach involves combining CT data with complementary
imaging modalities, such as PET or MRI, to provide additional context
that can enhance detection accuracy. Multi-modal learning frameworks
allow models to leverage diverse perspectives on nodule characteristics,
improving performance on challenging cases. For example, integrating
spatial information from 3D volumetric CT scans can help detect nodules
that are less apparent in individual slices, thereby reducing false negatives.

6.4.4 Benchmark Comparisons

While this study focuses on evaluating YOLOv10 for lung nodule detection,
future research should benchmark its performance against other state-
of-the-art object detection frameworks. Models such as Faster R-CNN,
Swin Transformers, and Vision Transformers have demonstrated strong
capabilities in various image analysis tasks and could provide valuable
points of comparison.

Benchmarking these models using standardized datasets, such as
LUNA16 or NLST, would offer a comprehensive understanding of their
relative strengths and weaknesses. Such comparisons can highlight sce-
narios where YOLOv10 excels or falls short, guiding further development
and optimization. Incorporating benchmark comparisons into future stud-
ies ensures a balanced evaluation of available methods and advances the
overall understanding of deep learning approaches in medical imaging.

7 conclusions

This thesis investigated the application of YOLOv5 and YOLOv10 deep
learning frameworks for detecting lung nodules from CT scans, with the
overarching goal of improving Computer-Aided Diagnosis systems in lung
cancer detection. The findings highlight the significant advancements intro-
duced by YOLOv10 and the critical role of preprocessing and architectural
design in enhancing model performance.

YOLOv10-l demonstrated superior performance compared to YOLOv5l,
achieving a higher mAP@0.5 and faster inference times. The study further
emphasized the importance of optimized preprocessing techniques, includ-
ing windowing parameters and bounding box adjustments, in enhancing
detection accuracy for challenging medical imaging tasks.

Despite these advancements, several limitations were identified. The
model struggled with detecting small nodules and those near lung bound-
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aries, reflecting challenges inherent in small-object detection. Additionally,
the study’s reliance on 2D data limited its ability to fully utilize the 3D
spatial context of CT scans. Furthermore, the dataset’s limited diversity
highlight the need for external validation to ensure broader applicability
of the findings.

The societal and clinical implications of this work are profound. By
demonstrating the potential of YOLOv10 for lung nodule detection, this
research paves the way for more accurate and efficient CAD systems, which
can reduce diagnostic delays and improve early intervention in lung cancer
cases. Moreover, the deployment of such systems in resource-limited
settings could address disparities in global healthcare access.

Looking forward, several directions for future research have been identi-
fied. These include exploring ensemble models that leverage the 3D nature
of CT data, validating the pipeline on diverse datasets, and integrating
multi-modal imaging approaches. Additionally, developing explainable
AI frameworks and benchmarking YOLOv10 against other state-of-the-art
architectures will further enhance its clinical relevance and adoption.

In conclusion, this study underscores the transformative potential of
deep learning in medical imaging, particularly in improving lung cancer di-
agnostics. While challenges remain, the insights gained from this research
provide a strong foundation for advancing CAD systems, ultimately con-
tributing to better patient outcomes and fostering innovation in healthcare
technology.
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