
École polytechnique de Louvain

Optimizing deep learning-based
vertebra identification on CT
images for efficient clinical
deployment

Author: Alessandro Giansante
Supervisor: Benoît Macq
Readers: Sébastien Jodogne, Maxence Wynen, Mélanie Ghislain
Academic year 2025-2026
Master [120] in Computer Science





ACKNOWLEDGMENTS

This thesis would not have been possible without the help of many people, and I would like
to express my gratitude to everyone who contributed to it, whether directly or indirectly.

First and foremost, I would like to thank my supervisor, Professor Benoît Macq, for
his valuable guidance and advice throughout this work.

I am also deeply grateful to Estelle Loyens, Maxence Wynen, and Mélanie Ghislain for their
support, guidance, and insightful feedback, which were instrumental in shaping this thesis.

I would also like to thank Professor Sébastien Jodogne who has kindly accepted to
review this work and be part of my jury.

My sincere thanks go to the team at Telemis as well. To Bruno Piscaglia, without whom
this thesis would never have come to be. To Renaud Vander Stricht, for teaching me the
intricacies of vertebral anatomy. And to Guillaume Alber, for always being available to
answer my questions regarding the integration into their PACS viewer.

The training and evaluation of the models presented in this work were made possi-
ble thanks to the computational resources provided by the Consortium des Équipements
de Calcul Intensif (CECI), funded by the Fonds de la Recherche Scientifique de Belgique
(F.R.S.-FNRS) under Grant No. 2.5020.11 and by the Walloon Region.

Finally, I would like to thank my family and friends for their unwavering support, en-
couragement, and for all the moments we shared over these five years of study. It meant
more than I can say.

i



REGARDING THE USE OF ARTIFICIAL INTELLIGENCE

During this research, artificial intelligence tools were used to discuss and compare certain
approaches, as well as to better understand specific concepts from the literature.

For the writing process, I used DeepL, Gemini, and Claude AI as aids for translating,
restructuring, and condensing my text. The visuals for diagrams and plots were created
with the assistance of Claude AI.

ii



TABLE OF CONTENTS

Acknowledgments i

AI Usage ii

Table of Contents iii

List of Figures vi

List of Tables viii

List of Abbreviations ix

Abstract xi

1 Introduction 1
1.1 Motivation of automatic vertebra identification . . . . . . . . . . . . . . . . . 1
1.2 Aim of this master thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Thesis structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Prerequisite knowledge 4
2.1 Spine structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2 Medical imaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.2.1 Imaging modalities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2.2 File formats . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2.3 Coordinate systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.3 Vertebra identification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.4 Deep learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.4.1 Fundamentals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.4.2 Convolutional neural network . . . . . . . . . . . . . . . . . . . . . . . 7
2.4.3 U-Net . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.5 Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

3 Literature review 10
3.1 Evolution of identification methods . . . . . . . . . . . . . . . . . . . . . . . . 10

3.1.1 Traditional methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
3.1.2 Basic deep learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

iii



TABLE OF CONTENTS

3.1.3 Convolutional network-based approaches . . . . . . . . . . . . . . . . 11
3.1.4 Sequential and structural relationship modeling approaches . . . . . 12
3.1.5 Object detection-based approaches . . . . . . . . . . . . . . . . . . . . 13
3.1.6 Foundation model-based approaches . . . . . . . . . . . . . . . . . . . 13

3.2 The nnU-Net framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
3.2.1 Principles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
3.2.2 Self-Configuring Mechanism . . . . . . . . . . . . . . . . . . . . . . . . 14
3.2.3 Segmentation Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3.3 The nnLandmark framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.3.1 Landmark representation . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.3.2 Training adaptations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
3.3.3 Inference and postprocessing . . . . . . . . . . . . . . . . . . . . . . . . 18

4 Materials 19
4.1 Dataset presentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
4.2 Contents of the dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

5 Framework adaptation and baseline evaluation 21
5.1 Adapting nnU-Net to identification . . . . . . . . . . . . . . . . . . . . . . . . . 21
5.2 Configurations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
5.3 Measured time of pipeline parts . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
5.4 Selecting the best centroid extraction method from masks . . . . . . . . . . . 25

5.4.1 Quantitative results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
5.4.2 Qualitative result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

5.5 Results of both frameworks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
5.5.1 Performance measures . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
5.5.2 Efficiency measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
5.5.3 Verdict . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

6 Improvements of nnLandmark 38
6.1 Removal of background workers . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

6.1.1 Preprocessing workers . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
6.1.2 Export pool . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
6.1.3 Single-threaded pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . 39

6.2 New preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
6.2.1 Bounding box optimization . . . . . . . . . . . . . . . . . . . . . . . . . 40
6.2.2 GPU resampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

6.3 New postprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
6.4 Inference acceleration through model conversion . . . . . . . . . . . . . . . . 43

6.4.1 ONNX . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
6.4.2 TensorRT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

6.5 Minor improvements on identification rate . . . . . . . . . . . . . . . . . . . . 45
6.5.1 Training batch size . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
6.5.2 Centroids extraction based on center of mass . . . . . . . . . . . . . . 45

iv



TABLE OF CONTENTS

7 Results 46
7.1 Performances . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

7.1.1 Impact of batch sizes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
7.1.2 Analysis of the improvements . . . . . . . . . . . . . . . . . . . . . . . . 47

7.2 Measured times . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
7.2.1 New setup phase . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
7.2.2 New preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
7.2.3 Inference optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
7.2.4 New postprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
7.2.5 Total time improvement . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

7.3 Efficiency measurements in different conditions . . . . . . . . . . . . . . . . . 55
7.3.1 Context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
7.3.2 Measurements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

8 Conclusion 58
8.1 Summary of key findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
8.2 Contributions to the field . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
8.3 Limitations and future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

A Distribution of vertebrae across VerSe 2019 61

B Inference times scaling with image size 63

C Influence of batch size on generalization 65

Bibliography 66

v



LIST OF FIGURES

FIGURE Page

2.1 Diagram of the spine showing the different regions and vertebral labels [14]. . . 5

2.2 Anatomical planes of the human body: sagittal, coronal and transverse [15]. . . 5

2.3 2D example that shows the meaning of origin and spacing [23]. . . . . . . . . . . 6

2.4 Example of coordinate systems. The arrows of axes indicate the positive direc-
tions [21]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.5 Architecture of the original U-Net [30]. . . . . . . . . . . . . . . . . . . . . . . . . . 8

3.1 Illustration of the self-configuration mechanism of nnU-Net [57]. . . . . . . . . . 14

3.2 Diagram of the nnU-Net pipeline divided into four phases. . . . . . . . . . . . . . 17

5.1 Diagram showing the structure of a vertebra that consists of an anterior verte-
bral body, and a posterior vertebral arch [62]. . . . . . . . . . . . . . . . . . . . . . 22

5.2 Comparison between the centroids calculated based on the center of mass on
the mask predicted by nnU-Net and the ground truth in sagittal view. . . . . . . 22

5.3 Illustration of background workers and the main thread running in parallel. . . . 25

5.4 Centroids extracted from the segmentation mask produced by
nnUnet_3d_lowres_2.0 using the three proposed methods, compared with
the ground truth. The colored overlay on the vertebrae represents the predicted
segmentation mask, with one color per label. . . . . . . . . . . . . . . . . . . . . . 27

5.5 Boxplot of identification rates across configurations. P-values from pairwise
Wilcoxon signed-rank tests against nnLandmark_3d_coarse_2.0 are shown
above each comparison (n.s. = not significant). . . . . . . . . . . . . . . . . . . . . 37

6.1 Diagram of the ONNX to TensorRT conversion. A trained model from a frame-
work is first exported to the ONNX format, then optimized and compiled by the
TensorRT optimizer into a serialized plan file. The file is loaded by the TensorRT
runtime for inference [71]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

vi



LIST OF FIGURES

7.1 Comparison of the argmax and center of mass centroid extraction on the pre-
dicted heatmap of vertebra C5. Left: the three positions on the slice with the
ground truth (cyan), argmax (red) and center of mass (green). Middle: the full
predicted heatmap on its peak slice. The heatmap spreads over two vertebrae
and its peak is in the intervertebral disc, so the argmax (red) is placed below the
C5 body, away from the ground truth (black cross). Right: the cumulative prob-
ability across all slices after keeping only the voxels above 50% of the peak. The
region is more compact and its center of mass (blue) falls back onto the correct
vertebra. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

A.1 Overview of vertebrae distribution. Each column represents a CT image. Each
row represents the presence of one of the 25 vertebrae, from C1 to L6. . . . . . . 62

B.1 Inference time versus number of voxels for each configuration. Each point is a
single image. Here the y-axis range is the same for every subplot so the linear
trend is visible even for nnLandmark, where inference takes only a few seconds 63

B.2 Same data as Figure B.1, but with a shared y-axis to show how much faster nn-
Landmark is compared to nnU-Net in absolute terms. . . . . . . . . . . . . . . . . 64

C.1 Example of a flat and sharp minima. The Y-axis indicates value of the loss func-
tion and the X-axis the variables (parameters) [75] . . . . . . . . . . . . . . . . . . 65

vii



LIST OF TABLES

TABLE Page

5.1 Key parameters of the 2D and 3D full-resolution configurations determined by
the nnU-Net and nnLandmark self-configuring mechanisms. . . . . . . . . . . . 23

5.2 Comparison of centroid extraction methods. . . . . . . . . . . . . . . . . . . . . . 26
5.3 Landmark identification rate and distance error per configuration. . . . . . . . . 28
5.4 Total setup phase execution time breakdown covering both framework initial-

ization and model loading (in seconds). . . . . . . . . . . . . . . . . . . . . . . . . 29
5.5 Time spent on each step of the preprocessing per case for each configuration (in

seconds). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
5.6 Inference time per case (in seconds). . . . . . . . . . . . . . . . . . . . . . . . . . . 32
5.7 Time spent on each step of the postprocessing per case for each configuration

(in seconds). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
5.8 Total pipeline execution time breakdown (in seconds). . . . . . . . . . . . . . . . 35

7.1 Landmark identification rate and distance error per batch size. . . . . . . . . . . 47
7.2 Incremental model configurations. . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
7.3 Landmark identification rate and distance error per model configuration, com-

pared with other methods evaluated on VerSe 2019 test set. . . . . . . . . . . . . . 48
7.4 Total setup phase execution time breakdown covering both framework initial-

ization and model loading (in seconds). . . . . . . . . . . . . . . . . . . . . . . . . 50
7.5 Time spent on each step of the preprocessing steps per case for each configura-

tion (in seconds). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
7.6 Inference time per case (in seconds). . . . . . . . . . . . . . . . . . . . . . . . . . . 52
7.7 Postprocessing time breakdown per case (in seconds). . . . . . . . . . . . . . . . . 53
7.8 Total pipeline execution time breakdown for Baseline (in seconds). . . . . . . . . 54
7.9 Total sequential pipeline execution time breakdown (in seconds). . . . . . . . . . 54
7.10 Mean inference time per image for each combination of GPU and processing

mode (in seconds). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

viii



ABBREVIATIONS

BCE Binary Cross-Entropy

Bi-LSTM Bidirectional Long Short-Term Memory

CECI Consortium des Équipements de Calcul Intensif

CNN Convolutional Neural Network

CPU Central Processing Unit

CT Computed Tomography

DICOM Digital Imaging and Communications in Medicine

EDT Euclidean Distance Transform

FCN Fully Convolutional Network

GPU Graphics Processing Unit

JSON JavaScript Object Notation

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MICCAI Medical Image Computing and Computer Assisted Intervention

MRI Magnetic Resonance Imaging

NIfTI Neuroimaging Informatics Technology Initiative

ONNX Open Neural Network Exchange

PACS Picture Archiving and Communication System

RNN Recurrent Neural Network

ix



LIST OF ABBREVIATIONS

SD Standard Deviation

SDK Software Development Kit

SGD Stochastic Gradient Descent

TTA Test-Time Augmentation

YOLO You Only Look Once

x



ABSTRACT

Identifying and numbering vertebrae on CT images is a crucial preliminary step in surgi-
cal planning and in the monitoring of spinal pathologies. However, for radiologists, this
task is repetitive, time-consuming and prone to errors, particularly given the increasing
workload and time pressure in clinical settings. Although numerous deep learning meth-
ods have been proposed to automate vertebra identification, the vast majority are designed
in a research context and rely on architectures and pipelines that are too slow for real-
world clinical deployment. This master thesis develops a deep learning model capable of
automatically localizing each vertebra on CT images and assigning it its correct anatomi-
cal label, while satisfying the performance and efficiency constraints required for a future
integration into a commercial PACS solution. To achieve this, we build on nnLandmark, a
recent fork of the well-established nnU-Net framework, specialized in landmark detection
through heatmap regression. We produced a thorough time breakdown of the nnLandmark
pipeline, which revealed that the actual neural network inference represented only a small
fraction of the total execution time, with preprocessing and postprocessing being the true
bottlenecks. Based on this analysis, several optimizations were introduced: single-threaded
execution for single-image inference, GPU-accelerated resampling, direct centroid extrac-
tion in the network space through coordinate scaling rather than resampling the full pre-
diction volume, and model conversion to ONNX and TensorRT formats. Combined with
batch size tuning and a center-of-mass-based centroid extraction, the model achieves an
identification rate of 93.62%. On the efficiency side, the optimized pipeline achieves an av-
erage processing time of 1.40 seconds per image on a server-grade GPU and 1.58 seconds
on a consumer-grade GPU, well within the few-second requirement for clinical deploy-
ment.

xi
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1
INTRODUCTION

1.1 Motivation of automatic vertebra identification

In recent years, significant advances have been made in medical imaging thanks to the rise
of deep learning. These models have been applied to various imaging modalities such as
X-rays, Magnetic Resonance Imaging (MRI) and Computed Tomography (CT) [1], enabling
major progress in automatic diagnosis and tumor detection. Medical professionals are thus
assisted by these models in their clinical tasks, improving accuracy, reducing workload and
supporting radiologists’ decision-making [2].

The human anatomy is complex and many clinical tasks can benefit from automation. In
the scope of this master’s thesis, we focus on the spinal column, a central load-bearing
structure of the human body. The study of the spine is clinically important because it
plays a critical role in mobility, protects the spinal cord and it can be affected by numerous
pathologies. For example, low back pain affected 7.5% of the global population in 2017 [3].
Beyond pain, the spine is subject to many other conditions, including vertebral fractures,
osteoporosis, spinal stenosis, scoliosis, degenerative disc disease and vertebral tumors [4,
5, 6]. Each of these pathologies requires locating the affected level on the spinal column in
order to plan treatment, which involves localizing and numbering the vertebrae. However,
the spine has a particular anatomy that complicates this identification. It is composed of a
succession of vertebrae stacked on top of one another that exhibit strong visual similarity
on medical images. This similarity complicates differentiation, especially since the field of
view of the image can vary and may be restricted to only a portion of the spinal column.

The identification and numbering of vertebrae therefore constitute an essential pre-
liminary step in many clinical contexts. During surgical planning, the surgeon must
be able to locate the vertebral level to be operated on with certainty, in order to avoid
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CHAPTER 1. INTRODUCTION

performing surgery at the wrong level. As another example, in cases of fractures or tumors,
it is sometimes necessary to monitor the patient over time, which requires comparing
successive examinations based on vertebral landmarks [7].

In clinical practice, the task of identifying and numbering vertebrae on images is far
from easy. It is time-consuming, as it requires the radiologist to manually scroll through
all the slices of a scan, often composed of several hundred images [8]. It is a tiring task
that demands sustained attention on repetitive and visually similar anatomical structures.
In a hospital setting where the workload is constantly increasing, with long working days
and where radiologists face time constraints, this task causes fatigue and therefore leads
to mistakes [9, 10], which can have direct consequences on patient care. The number of
images requiring interpretation per radiologist rose from approximately 2.9 per minute
in 1999 to 16.1 per minute in 2010 [8]. It has been reported that among surveyed spine
surgeons, 50% had performed surgery at the wrong vertebral level at some point during
their career [11].

1.2 Aim of this master thesis

This master thesis was proposed by Telemis, a company in the medical-imaging field,
specialized in Picture Archiving and Communication System (PACS) solutions. Telemis
serves 463 hospitals and other treatment centers across Europe, the Middle East and
Africa [12]. With the goal of relieving radiologists of the tiring and time-consuming task
of manually identifying vertebrae, Telemis aims to enrich its analysis and display tools
with an automatic vertebra identification feature. This thesis therefore consists of devel-
oping a deep learning model capable of automatically identifying vertebrae on CT images
by predicting for each vertebra the coordinates of its centroid as well as its anatomical label.

This model must satisfy two key constraints. The first is performance: distinguishing
vertebrae that are visually very similar across different fields of view and in the presence
of potential anatomical anomalies is a complex task that requires a sufficiently powerful
model. The identification and localization accuracy must be high enough to be clinically
reliable. The second is efficiency: integrating such a model into a clinical workflow im-
poses strict requirements. Telemis requires the model to process an image within a few
seconds without disrupting the workflow, while running on standard hardware. Vertebra
identification models already exist in the literature, but their architectures often rely on
large models that are demanding in terms of memory and computation time, making them
difficult to deploy under real-world conditions. Finding the right balance between these
two constraints is therefore a central challenge of this work.

This thesis also falls within a technology transfer effort between academic research
and industry. Research in deep learning applied to medical imaging has led to the pub-
lication of vertebra identification models whose source code and pre-trained weights
are made publicly available. However, these tools are designed in a research context.

2



1.3. THESIS STRUCTURE

Their integration into proprietary software raises several challenges: adapting input and
output formats, complying with licensing constraints, ensuring memory efficiency and
most importantly, optimizing the model to meet the speed requirements imposed by
a clinical workflow. One of the objectives of this thesis is therefore to explore how an
open-source academic solution can be adapted and optimized to become operational in
an industrial context. It is important to note that this work is limited to the design, training
and optimization of the model. The integration of the model into Telemis’ PACS software
is intended for future work.

1.3 Thesis structure

In this first chapter, we have outlined the motivation for automatic vertebra identification
in an industrial context and the challenges involved. In Chapter 2, we present the back-
ground knowledge required to understand the remainder of this thesis, covering spinal
anatomy, medical imaging, the identification task, deep learning architectures and eval-
uation metrics. Chapter 3 reviews the existing literature on vertebra identification meth-
ods and presents the nnU-Net and nnLandmark frameworks on which our approach is
based. Chapter 4 describes the datasets used for training and evaluation. Chapter 5 pro-
vides a detailed analysis of the frameworks to help us choose the baseline for our improve-
ments. Chapter 6 details the improvements made to the nnLandmark framework. Chap-
ter 7 presents the experimental results. Finally, Chapter 8 concludes the thesis and dis-
cusses directions for future work.

3
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2
PREREQUISITE KNOWLEDGE

2.1 Spine structure

The spinal column is the central supporting structure of the human body and plays a major
role in mobility and load transfer [13]. It also protects the spinal cord against injuries and
shocks from physical impacts. It is composed of vertebrae connected to one another by
intervertebral discs and extends from the base of the skull to the tip of the coccyx.

As shown in Figure 2.1, the spinal column is composed of 33 vertebrae divided into
five regions: 7 cervical vertebrae, 12 thoracic vertebrae, 5 lumbar vertebrae, the sacrum
formed by the fusion of 5 vertebrae and the coccyx formed by the fusion of 4 vertebrae [16].
Among them, the 24 cervical, thoracic and lumbar vertebrae are mobile and individually
distinguishable on imaging. Vertebral labels follow a universal naming convention. Each
vertebra takes the first letter of its corresponding region followed by its position from top
to bottom. For example, C1 is the first cervical vertebra, followed by C2, while L5 is the last
vertebra in the lumbar region.

Congenital vertebral anomalies can alter the number of vertebrae in an individual,
such as the presence of a transitional vertebra L6 in the lumbar region or a 13th thoracic
vertebra T13 [17, 18]. These variations represent an additional challenge for vertebra
identification, as the total number of vertebrae can vary between individuals [19].

2.2 Medical imaging

2.2.1 Imaging modalities

This thesis focuses exclusively on CT imaging, though other modalities such as X-ray and
MRI exist. A CT scanner emits X-rays from multiple angles as the source and detector rotate

4



2.2. MEDICAL IMAGING

Figure 2.1: Diagram of the
spine showing the different re-
gions and vertebral labels [14].

Figure 2.2: Anatomical planes of the human
body: sagittal, coronal and transverse [15].

around the patient, and reconstruction algorithms combine these projections into a three-
dimensional volume represented as a stack of two-dimensional slices [20]. Each element of
this volume is called a voxel, the 3D equivalent of a pixel. Bones absorb more radiation than
soft tissues, making them appear brighter on CT images, which provides clear contrast for
visualizing vertebrae [13].

2.2.2 File formats

In clinical settings, CT slices are stored in the Digital Imaging and Communications in
Medicine (DICOM) format, where each slice is a separate file containing both pixel data
and metadata (patient information, scanner parameters, spatial position). For research,
the Neuroimaging Informatics Technology Initiative (NIfTI) format is preferred because it
stores the entire volume in a single file without patient metadata, making it simpler to work
with. Also, conversion from DICOM to NIfTI is straightforward [21].

5



CHAPTER 2. PREREQUISITE KNOWLEDGE

2.2.3 Coordinate systems

To describe positions within the human body, a standard anatomical coordinate system
is defined using three planes (Figure 2.2): the sagittal plane (left/right), the coronal plane
(anterior/posterior), and the transverse plane (superior/inferior). Their intersection de-
fines three orthogonal axes along which any point can be described in millimeters [22].

A medical image is stored as a 3D array of intensity values indexed by (i , j ,k), with
no inherent notion of physical distance. To map between this image coordinate system
and the anatomical coordinate system, three pieces of information are stored in the
image header: the voxel spacing (physical distance between consecutive voxels), the origin
(physical coordinates of voxel (0,0,0)), and an affine matrix that defines how image axes
map onto anatomical axes (Figure 2.3) [21]. Because the affine matrix can differ between
images, two images may store their voxel data in different axis orders and directions
(Figure 2.4). Before processing a dataset with a neural network, the image axes must
therefore be reordered into a consistent arrangement.

Figure 2.3: 2D example that shows the
meaning of origin and spacing [23].

Figure 2.4: Example of coordinate sys-
tems. The arrows of axes indicate the pos-
itive directions [21].

2.3 Vertebra identification

When we refer to identification, the task consists of placing a landmark on the desired
structure in an image and assigning it an identifier. A landmark is a single point that can
be anatomically defined. In the case of vertebra identification, we locate each vertebra
and assign it its anatomical label: C1 to C7 for the cervical vertebrae, T1 to T12 for the
thoracic vertebrae and L1 to L5 for the lumbar vertebrae. The identification task can thus
be decomposed into two sub-problems.
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The first sub-problem is localization. It involves the detection of every vertebra present
and determining their position in the image. To do this, a landmark is placed on the
vertebra to represent its position. Typically, the reference point chosen is the centroid, i.e.
the geometric center of the vertebral body [13]. Using a single point to represent a vertebra
is a compact representation: it simplifies the entire volume of a vertebra into a single 3D
coordinate while remaining interpretable for radiologists.

The second sub-problem is labeling. It consists of assigning the correct anatomical label
to each localized vertebra. This step is particularly challenging because the field of view of
the image can vary. It is therefore possible that an image does not contain the entire spinal
column, meaning that the identification method lacks certain anatomical reference points.

It is important not to confuse identification with segmentation, which are two dis-
tinct tasks. Segmentation consists of delineating a region of interest by assigning a class
to each voxel in a 3D image. In the case of vertebrae, segmentation produces a 3D mask
for each vertebra that encompasses its entire volume thereby delineating its boundaries.
Segmentation enables additional analyses beyond those provided by identification, such
as computing the volume of a vertebra or analyzing its morphology.

2.4 Deep learning

2.4.1 Fundamentals

Deep learning is a subset of machine learning that uses neural networks with multiple suc-
cessive hidden layers to learn representations directly from data. A network is composed of
interconnected neurons organized into layers: an input layer, one or more hidden layers,
and an output layer. Each neuron computes a weighted sum of its inputs, adds a bias, and
applies a non-linear activation function. The weights and biases are the learnable parame-
ters of the model [24, 25].

During training, the model iteratively adjusts these parameters to minimize a loss func-
tion that quantifies the discrepancy between predictions and ground truth labels. At each
epoch, predictions are compared to the expected outputs, and the gradients of the loss with
respect to all parameters are computed via backpropagation. An optimizer such as gradi-
ent descent then updates the parameters accordingly. After convergence, the trained model
can be applied to new data during inference [25].

2.4.2 Convolutional neural network

Convolutional Neural Networks (CNNs) are deep learning models designed to efficiently
process grid-like data structures such as images [2]. Instead of connecting every pixel to
every neuron, a CNN applies small learnable filters that slide across the image, producing
feature maps. Because the same filter weights are shared across all spatial positions, the
number of parameters is drastically reduced compared to a fully connected network [26].
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A CNN stacks multiple convolutional layers, each followed by an activation function.
The early layers detect basic features such as edges and contours, while deeper layers com-
bine them into increasingly complex representations. Pooling layers are interleaved be-
tween convolutional layers to reduce the spatial resolution of the feature maps, so that each
filter captures a progressively larger context. The two most common variants are max pool-
ing, which retains the largest value within a window, and average pooling, which computes
the mean [27].

2.4.3 U-Net

U-Net is a CNN architecture with an encoder-decoder structure. Originally designed for
biomedical image segmentation, it has a characteristic U-shaped architecture composed
of three parts: an encoder, a bottleneck and a decoder (Figure 2.5) [28, 29].

Figure 2.5: Architecture of the original U-Net [30].

The encoder takes an image
as input and is composed of sev-
eral blocks, each consisting of two
convolutional layers followed by a
max pooling layer. At each block,
the spatial resolution decreases,
allowing the network to extract in-
creasingly abstract and global fea-
tures from the original image. At
the same time, while the spatial
resolution is reduced, the number
of feature channels increases, en-
abling the network to capture a
greater variety of features.

The bottleneck forms the tran-
sition between the encoder and the decoder. It operates at the lowest spatial resolution and
the highest number of feature channels.

The decoder takes the output of the bottleneck and produces the segmentation mask
at the original image resolution through up-convolution operations that progressively in-
crease the spatial resolution. Convolutional layers in the decoder combine the upsampled
data with information from the encoder via skip connections. These skip connections are
direct links between corresponding levels of the encoder and decoder that recover spa-
tial details lost during downsampling. This gives the decoder’s convolutions a combination
of high-resolution spatial details from the encoder with coarse contextual features prop-
agated upward from the bottleneck [29, 31]. The architecture of U-Net is notable for its
ability to produce accurate results even with a small training set [28].
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2.5 Evaluation metrics

In the design of a deep learning model, it is essential to evaluate its performance and effi-
ciency in order to assess the impact of improvements and enable comparison with models
from the literature.

A vertebra identification model must be able to assign the correct anatomical label to
the corresponding vertebra. To measure labeling performance, we use the identification
rate as defined in the VerSe benchmark [13].

To define this metric, consider an image of a spinal column with N ground truth anno-
tations, one for each vertebra, corresponding to their true locations. For each vertebra i , let
x̂i denote the predicted location and xi the ground truth location. The prediction for verte-
bra i is considered correct if xi is the closest ground truth location to x̂i among all ground
truth locations {x j ∀ j ∈ 1,2, . . . , N }, and the Euclidean distance between the prediction and
the ground truth is less than 20 mm:

∥x̂i −xi∥2 < 20mm

For a single scan, the identification rate is the ratio of correctly identified vertebrae to
the total number of vertebrae present in the scan. Across a dataset containing multiple
scans, the identification rate is the mean over all scans.

Another performance metric is the mean localization distance, computed as the av-
erage Euclidean distance over a scan between each prediction x̂i and its corresponding
ground truth xi :

dmean = 1

N

N∑
i=1

∥x̂i −xi∥2

Similarly, across a dataset containing multiple scans, the mean distance is averaged over
all scans [13].

For efficiency, the chosen metric is the inference time, expressed in seconds. It corre-
sponds to the total time required by the model to process a CT image and produce the
complete set of vertebra identification predictions.
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3
LITERATURE REVIEW

3.1 Evolution of identification methods

Automatic vertebra identification is not a new task, and many papers have been published
on this subject. In this section, we review the existing methods in the literature.

3.1.1 Traditional methods

The earliest methods for automatic vertebra identification were based on hand-crafted
features, mathematical modeling, and graph theory. The first family encompasses image
processing-based methods. These approaches analyze the image using classical operators,
such as thresholding, edge detection, or mathematical morphology, and combine the
results with deterministic anatomical rules to detect and identify each vertebra. Naegel
(2007) [32] proposed such a pipeline for 3D CT scans: intervertebral discs are first detected
using a black top-hat morphological operator, each vertebra is then coarsely segmented by
thresholding and refined with the watershed algorithm [33]. Vertebrae are finally labeled
by identifying T12, the last vertebra articulated with ribs, and counting up and down along
the spine.

A second family of methods relies on deformable model-based approaches. Rather
than applying generic operators guided by anatomical rules, these techniques encode
prior anatomical knowledge, such as the expected shape, size and location of the target
structure, into a geometric or statistical model [34]. These models are matched to the
image through registration or similarity evaluation [35]. Model-based methods tend to
generalize better than image processing-based approaches because the model captures
general anatomical properties rather than relying on fixed heuristics [36]. Klinder et al.
(2009) [35] proposed a representative method that follows a multi-step pipeline: the spine
curve is first extracted by tracing tube-shaped segments from a seed point in the spinal
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cord, then straightened via curved planar reformation. Vertebra candidates are located
using the generalized Hough transform [37], and anatomical labels are assigned by match-
ing each candidate against intensity-based appearance models learned from the training
set. The configuration of labels yielding the highest average match identifies every vertebra.

Another traditional family is based on probabilistic graphical models. Rather than fo-
cusing on vertebra geometry alone, these methods exploit the ordered sequence of
vertebrae and the relations between them, such as inter-vertebral distance. In Glocker
et al. (2012) [38], a regression forest provides a coarse estimate of each centroid, then a
Hidden Markov Model refines these locations by constraining inter-vertebral distances.

Despite their contributions, these traditional approaches share several fundamental
limitations. They rely heavily on prior knowledge derived from the training set whether en-
coded as fixed heuristics, shape templates, or statistical models. Therefore, they generalize
poorly to images that deviate significantly from the expected anatomy [39]. Pathological
cases such as severe scoliosis, vertebral fractures, or surgical implants can violate the
anatomical assumptions these methods depend on, leading to identification failures.

3.1.2 Basic deep learning

With the rise of deep learning, researchers proposed new solutions. Unlike previous
methods that required manually choosing which features to extract, deep learning learns
representations directly from training data through backpropagation.

One of the first applications to spinal images dates back to Suzani et al. (2015) [40],
who used a deep feed-forward neural network trained on contextual intensity features
extracted from CT data. For each reference voxel, the method computes the mean intensity
of 500 randomly placed 3D cuboids around it, then predicts 26 distance vectors pointing to
the center of each vertebra. The calculated locations act as votes to find the final landmark
for each vertebra. A vertebra is considered absent if its predicted centroid falls outside
the image, allowing the method to handle arbitrary fields of view. The main weakness is
that each vertebra is treated independently, ignoring the anatomical continuity between
adjacent vertebrae [41]. The authors report an identification rate of 96% with a runtime
under 3 seconds [40], although a later study reported a Mean Absolute Error (MAE) of 18.20
± 11.40 mm [41], reflecting the lack of global context.

3.1.3 Convolutional network-based approaches

Introduced by LeCun et al. (1998) [26], CNNs and their variants constitute the foundational
backbone of vertebra detection methods, thanks to their hierarchical feature extraction
capabilities. A model typically takes an image or patch as input and outputs either a
classification label or a heatmap indicating probable vertebra locations [41].

To overcome the context-blindness of early CNNs, Windsor and Jamaludin (2020) [42]
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introduced the Ladder algorithm, built on VGG-F [43]. Instead of treating each vertebra
independently, this method reformulates spine detection as a sequential decision-making
problem. Starting from S1, the algorithm iteratively predicts the bounding box of the
current vertebra and regresses the location of the next vertebra above. Trained solely on
lumbar scans, the model generalizes to whole-spine scans by moving up the spine with
each iteration, achieving 99.4% precision and recall on a separate whole-spine dataset.
The downsides are that errors in early predictions can propagate, and the fixed iteration
count prevents the algorithm from adapting to anatomical variants such as the transitional
L6 vertebra [42].

U-Net architectures (Ronneberger et al., 2015) [28] and their encoder–decoder de-
signs, known for their efficient multi-scale feature aggregation, have also been widely
applied to localization tasks [41]. Qin et al. (2021) [44] combined a U-Net for multi-scale
feature extraction with a separate multi-label classification branch using a Bidirectional
Long Short-Term Memory (Bi-LSTM) network to capture long contextual information
along the spine. On the 2014 MICCAI dataset, this approach achieved a mean localization
error of 2.2 mm and an identification rate of 91.1%.

Rather than performing identification directly from the raw image, some approaches
leverage segmentation as an intermediate step to provide richer morphological informa-
tion. Zhang et al. (2026) proposed SpineCLUE [39], a three-stage framework that performs
localization, segmentation and identification sequentially. Vertebrae are first localized
using a 2D detector combined with a density clustering algorithm, each vertebra is then
individually segmented within a cropped region, and the masks are finally fed into an
identification network pretrained with supervised contrastive learning to address inter-
class similarity between neighboring vertebrae. The method achieved state-of-the-art
identification rates of 98.73% and 97.87% on the public and hidden sets of the VerSe 2020
benchmark. However, the multi-stage pipeline introduces computational overhead, with
runtimes from 22 to 40 seconds in average depending on the field of view, which may limit
its use in time-constrained clinical settings.

3.1.4 Sequential and structural relationship modeling approaches

Convolution-based approaches have demonstrated strong performance, but they struggle
to capture long-range dependencies despite postprocessing steps designed to maintain
an anatomically correct sequence. The spine is an inherently sequential structure in
which each vertebra occupies a fixed position from C1 to L5, and the identity of any given
vertebra is strongly influenced by its position relative to the rest of the column. Accurately
identifying vertebrae therefore calls for architectures designed to model sequential data
[41].

Recurrent Neural Networks (RNNs) and in particular Long Short-Term Memory (LSTM)
networks [45] were applied to vertebra detection. Liao et al. (2018) [46] proposed a hybrid
framework combining a 3D Fully Convolutional Network (FCN) for short-range contextual
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feature extraction with a multi-task bidirectional RNN that processes the sequence of
patch features in both directions to capture context from the entire spine [41, 46]. On the
MICCAI CSI 2014 Spine CT dataset, the method achieved a MAE of 6.50 ± 8.60 mm and an
identification rate of 88.30% [41].

Although LSTMs offer improvements over RNNs, they still suffer from the vanishing
gradient problem on long sequences [47]. Transformers [48] address this through self-
attention, which captures distant dependencies without gradient decay. Tao et al. (2022)
[49] applied this idea by using a CNN backbone to extract a 3D feature map, flattening it
into a 1D token sequence, and feeding it to a Transformer that predicts a distinct feature
vector for each potential vertebra. These vectors are then used to determine whether each
vertebra is present and, if so, its spatial position. The authors reported an identification
rate of 96.74% on the VerSe 2019 dataset.

3.1.5 Object detection-based approaches

Although sequential and structural modeling approaches improve vertebra detection by
capturing global context, they come at the cost of increased computational complexity and
slower inference [50], making them difficult to integrate into clinical practice. Object detec-
tion models are popular precisely because of their speed and efficiency [41]. The You Only
Look Once (YOLO) family [51] processes an entire image in a single forward pass, dividing
it into a grid and predicting bounding boxes and class probabilities for each cell simulta-
neously [52]. YOLO and its extensions have already been used for vertebrae detection [53],
with versions such as YOLOv3 processing images in milliseconds on a modern GPU.

3.1.6 Foundation model-based approaches

Foundation models are large neural networks pre-trained on massive and diverse datasets,
which can be adapted to specific tasks through fine-tuning [54]. Their use for vertebra
identification, a fine-grained classification task, faces two main challenges: a limited abil-
ity to exploit vertebral spatial relationships and to discriminate between similar vertebral
morphologies [55], and the substantial computational resources required for fine-tuning
[56]. VertFound [55] addresses both by combining two foundation models, one specializ-
ing in semantic features and the other in spatial features, keeping their weights frozen and
training only a lightweight fusion module. This approach achieved an identification rate of
89.05% on an in-house dataset.

3.2 The nnU-Net framework

Building a model from scratch requires extensive hyperparameter tuning (encoder depth,
patch size, augmentation, learning rate, etc.), while existing codebases are often poorly
maintained, dataset-specific, and difficult to adapt due to domain shift [57]. The open-
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source framework no-new-Net (nnU-Net) [57] was designed to address these challenges by
automating the entire configuration process.

3.2.1 Principles

nnU-Net is a deep learning framework for biomedical image segmentation whose distinc-
tive feature is its ability to automatically self-configure. It embeds a slightly modified U-Net
in a pipeline that automatically adapts preprocessing, network configuration, training and
inference parameters from the dataset alone. This matters because properly configuring
a model has a larger impact on performance than choosing the perfect architecture [58].
nnU-Net has achieved state-of-the-art results on 33 out of 53 segmentation tasks across
several public benchmarks [57]. This framework has already been used to identify verte-
brae by Wang et al. (2020) [59] who trained it to produce 3D vertebra-center activation
maps. These maps are then resampled along the automatically estimated spine center-
line to straighten the spine, so that variations in curvature do not affect the results. The
rectified volumes are aggregated into one-dimensional activation signals and refined by
an anatomically-constrained optimization enforcing vertebral ordering and inter-vertebra
distances. The method achieved an identification rate of 97.4% on the SpineWeb dataset.

3.2.2 Self-Configuring Mechanism

Adapting a segmentation method to a new dataset requires choosing an appropriate
preprocessing strategy, network topology, training hyperparameters, and postprocessing.
These decisions are interdependent, and nnU-Net divides them into three categories: fixed
parameters (constant across datasets), rule-based parameters (derived from dataset prop-
erties via heuristic rules), and empirical parameters (determined through cross-validation).
All configuration decisions are stored in a plans file that defines how training and inference
are carried out [57].

Figure 3.1: Illustration of the self-configuration mechanism of nnU-Net [57].

3.2.2.1 Dataset Fingerprint

nnU-Net begins by analyzing the training data to extract a dataset fingerprint: image
sizes, voxel spacings, imaging modality, class statistics, dataset size, and intensity statistics
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(mean, standard deviation, percentiles computed over foreground voxels). This fingerprint
serves as input to the heuristic rules that configure the pipeline.

3.2.2.2 Fixed Parameters

Fixed parameters remain constant regardless of the dataset. The architecture follows a
modified U-Net with instance normalization and leaky ReLU activations. Deep supervi-
sion is applied in the decoder to improve gradient flow. Training uses Stochastic Gradient
Descent (SGD) with Nesterov momentum (µ= 0.99), the “poly” learning rate schedule, and
minimizes the sum of Dice loss and cross-entropy loss [60]. Each model trains for 1000
epochs of 250 iterations, with on-the-fly data augmentation (rotations, scaling, noise, blur,
gamma correction, mirroring). At inference, a sliding window with half-patch overlap and
Gaussian weighting is used, with optional test-time augmentation via mirroring.

3.2.2.3 Rule-Based Parameters

Rule-based parameters are derived from the dataset fingerprint. For CT images, intensity
values are clipped at the 0.5th and 99.5th foreground percentiles and normalized using the
global foreground mean and standard deviation. All images are resampled to a common
target spacing using third-order spline interpolation to ensure consistent physical voxel
sizes.

The network topology, patch size, and batch size are configured jointly under GPU
memory constraints. The patch size is initialized to the median image shape and iteratively
reduced until the configuration fits in memory with a batch size of at least two. The archi-
tecture depth is selected so that the receptive field covers the patch size. For datasets with
very large images, where the patch covers less than 12.5% of the median image shape, nnU-
Net triggers a 3D U-Net cascade: a low-resolution U-Net captures global context followed
by a full-resolution U-Net that refines its output.

3.2.2.4 Empirical Parameters

After five-fold cross-validation, nnU-Net selects the best configuration in term of perfor-
mance among the 2D U-Net, 3D full-resolution U-Net and (if triggered) 3D cascade, or
ensembles two of them based on the average foreground Dice coefficient. It also evalu-
ates whether connected-component-based postprocessing improves scores by removing
all but the largest connected component.

3.2.3 Segmentation Pipeline

Understanding each stage of the inference pipeline and its computational cost is essential
for the next chapters because our method will be based on top of it. The pipeline consists
of four phases: setup, preprocessing, inference and postprocessing.

1. Setup: At inference time, the pipeline first reads the plans file, instantiating the data
iterator (which initializes the workers that feed images to the pipeline), reconstructs
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the network architecture, restoring the pretrained weights from the checkpoint file,
and creating the export pool of background workers that will handle postprocess-
ing. Since these steps run only once regardless of the number of images, their cost is
amortized over the entire set.

2. Preprocessing: It covers all the transformations applied to each input image, the
same as those applied during training, before it can be passed to the network: (1)
loading the image from disk, (2) transposing the axes to a consistent orientation de-
fined in the plan file, (3) cropping to the non-zero region to reduce computational
cost, (4) applying intensity normalization using the global statistics of the training
set and (5) resampling to the target spacing using third-order spline interpolation.
These steps are carried out by background workers running as separate processes in
parallel with inference, so the network can process one image while another is in the
preprocessing stage.

3. Inference: It corresponds to the forward pass of the network itself, where the prepro-
cessed volume is processed using a sliding window approach with half-patch overlap
and Gaussian importance weighting to suppress stitching artifacts at window bound-
aries. Test-Time Augmentation (TTA) can be enabled. It’s when each patch is mir-
rored along all combinations of spatial axes (23 = 8 versions for 3D data), and the
resulting predictions are averaged. nnU-Net may also ensemble multiple model con-
figurations by averaging their softmax probability maps voxel-wise.

4. Postprocessing: The network outputs logits of shape (C ,D, H ,W ), where C is the
number of classes. The prediction is resampled back to the original voxel spacing,
merging into a single-channel label map via argmax, the cropping is reversed to re-
store the original dimensions and they transpose the axes back to their original orien-
tation. Connected-component-based postprocessing may then remove small false-
positive regions. The final segmentation mask is exported as a NIfTI file. Postpro-
cessing is also handled by background workers, so that the overall pipeline operates
as a three-stage parallel workflow: preprocessing, inference, and postprocessing run
concurrently on different images.

3.2.3.1 Architecture

All nnU-Net configurations use a modified U-Net with an encoder, decoder and skip con-
nections. The topology is adapted by the rule-based configuration (Section 3.2.2.3). The
three candidate configurations differ in how they process the volume: the 2D U-Net pro-
cesses slices independently, the 3D U-Net operates on 3D patches at full resolution, and
the 3D cascade refines a low-resolution prediction at full resolution. Feature channels start
at 32 and double at each downsampling step, up to 320 (3D) or 512 (2D) [57].
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Figure 3.2: Diagram of the nnU-Net pipeline divided into four phases.

3.3 The nnLandmark framework

Very recently, a new framework called nnLandmark [61] appeared. It is a fork of nnU-Net
and therefore shares the same automatic pipeline configuration mechanism, but instead
of performing segmentation, it is specialized in 3D medical landmark detection. nnLand-
mark does not assign a class to every voxel, instead it predicts landmarks, that is anatomical
points defined by a label and their spatial coordinates which is better suited to our identifi-
cation task, because there is no need to go through the segmentation stage. Since nnLand-
mark is very recent, it has been applied to only a few tasks and to the best of our knowledge,
it has never been tested on vertebral identification. Applying it to vertebra identification
on CT images therefore represents a novel use case for this framework. Given that nnLand-
mark and nnU-Net share the same codebase, their pipelines are nearly identical, and the
sections above apply to nnLandmark as well, with a few differences that we describe below.

3.3.1 Landmark representation

In order to be able to reuse and to remain compatible with nnU-Net’s data loading pipeline,
which expects segmentation inputs, nnLandmark encodes each landmark as a small 3×3×3
voxel label in a multi-label segmentation map. This allows the framework to exploit the
entire automatic preprocessing and self-configuration mechanism without modification.
The conversion from the multi-label representation to heatmap regression happens during
training in the loss computation. For each landmark, the center of mass of its label region is
computed, and an Euclidean Distance Transform (EDT) with a radius of 15 voxels is gener-
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ated around that point in a dedicated output channel, producing a smooth heatmap as the
regression target. This on-the-fly generation avoids storing and loading large precomputed
heatmaps, saving both memory and disk space [61].

3.3.2 Training adaptations

The training differs from nnU-Net on two things. First, the loss function is replaced by a
Binary Cross-Entropy (BCE) TopK20 loss. The BCE is defined as :

BCE =− 1

N

N∑
i=1

[
yi log(pi )+ (1− yi ) log(1−pi )

]
where N is the number of voxels, yi is the actual binary label (0 or 1) of the i th voxel

and pi is the predicted probability of the i th voxel being in class 1. It allows to calculate the
difference between the ground truth label and the predicted probabilities output by the
model. TopK20 means that the voxel-wise BCE values are ranked in each patch and only
the top 20% of voxels with the highest loss are kept for gradient computation. This focuses
learning on the most difficult voxels and mitigates the foreground-background imbalance
due to the landmark heatmaps, where the vast majority of voxels belong to the background.
Second, the final layer uses a sigmoid activation instead of a softmax, constraining each
output channel independently to the [0,1] range [61].

3.3.3 Inference and postprocessing

At inference time, the sliding window prediction from nnU-Net is reused to produce a full-
resolution heatmap for each landmark channel. The predicted coordinates are then ob-
tained by taking the channel-wise maximum of the heatmap, i.e. the voxel with the highest
intensity in each channel corresponds to the predicted landmark position [61].

The postprocessing also differs from nnU-Net’s. Since nnLandmark predicts one
heatmap per landmark instead of a segmentation mask, the classes are not mutually ex-
clusive: a voxel can have high probabilities for multiple landmarks simultaneously. For this
reason, nnLandmark applies a sigmoid function to each channel independently and keeps
all channels instead of merging them into a single-channel label. The process to revert ev-
erything done during preprocessing in order to bring the probabilities back to the original
space is kept, except that instead of having only one channel, we have all of them. From
there, the step to extract the centroids of each vertebra is performed. For each channel, it
removes voxels with a probability of exactly 1.0 to avoid degenerate plateaus, keeps only
the top 0.5% of positive voxels by value, then takes the argmax within that filtered region. It
returns the coordinates and the confidence probability that the vertebra is indeed present
in the image. This probability is called the likelihood. nnLandmark still saves a NIfTI file,
which here contains a label map with only the 27 most activated voxels per class by choice,
and additionally saves the coordinates and the likelihood of each vertebra in a JSON file.
There is no connected-component-based post-processing because we don’t have compo-
nents on coordinate prediction.
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4.1 Dataset presentation

Several publicly available datasets of spinal columns exist that include vertebral anno-
tations. Since the methods developed in this master thesis rely on CT imaging, we only
consider datasets based on CT scans. To train and evaluate our models, we chose the
dataset prepared and used for the Large Scale Vertebrae Segmentation Challenge (VerSe)
[13], organized in conjunction with the International Conference on Medical Image
Computing and Computer Assisted Intervention (MICCAI) in 2019 and 2020. Across both
editions, two datasets were released, totaling 374 CT scans from 355 patients with 4505
annotated vertebrae. This dataset is widely used as a benchmark in the literature, which
makes it straightforward to compare our results with those of other methods.

The data comes from 355 patients with a mean age of 59 (±17) years. It is multi-site
and was acquired using multiple CT scanners from the four major manufacturers (GE,
Siemens, Philips, and Toshiba). The authors aimed to reflect a realistic clinical distribution
in terms of field of view, scan settings, and pathological findings. This means the dataset
includes a variety of fields of view (cervical, thoraco-lumbar, and cervico-thoraco-lumbar
scans), a mix of sagittal and isotropic reformations, and cases presenting vertebral frac-
tures, metallic implants, or foreign materials [13].

Another important consideration is licensing. Some publicly available medical datasets
restrict commercial use, which would be problematic for integrating the resulting model
into Telemis products. The VerSe dataset is published under the CC BY-SA 2.0 license,
which does not restrict commercial use.
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4.2 Contents of the dataset

For this thesis, we use only the VerSe 2019 dataset, which contains 160 CT images from 141
patients, covering a total of 1725 vertebrae. The images are split into a training set (80 im-
ages), a validation set (40 images), and a test set (40 images). Each image comes with two
types of annotations: the 3D coordinates of vertebral centroids and voxel-level segmenta-
tion masks. These annotations are available for all three sets, making it possible to both
train the models and compare predictions against ground truth labels. In total, 25 verte-
bra types are considered, ranging from C1 to L5 plus the transitional vertebra L6. They are
assigned integer labels from 1 to 24, with label 25 reserved for L6.

The annotations were initially generated by an automated algorithm, then manually
refined by five medical students and validated by three radiologists with 30 years of
experience each. All annotations were ultimately approved by a single radiologist with 19
years of experience.

The vertebrae distribution across the VerSe 2019 datasets is shown in Appendix A.
The cervical region is the least represented across all 3 sets. In the training set, L6 appears
in only 3 images, so the model will see very few examples of this vertebra during training,
which may make its detection during evaluation on the test set difficult. Furthermore, only
2 images in the entire dataset contain the full range of vertebrae from C1 to L5, and both
belong to the test set. This represents an additional challenge for the model, since it has
never encountered an image covering all vertebrae during training.
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5
FRAMEWORK ADAPTATION AND BASELINE EVALUATION

To focus our work on the research aspect rather than on architecture design, we decided to
build our identification method on top of the nnU-Net and nnLandmark frameworks pre-
sented in Chapter 3. nnLandmark directly predicts landmark coordinate through heatmap
regression, which is better suited to our identification task, as it means we do not need
to go through the segmentation stage. Applying nnLandmark to vertebra identification on
CT images also represents a novel use case for this framework. We will do an evaluation to
select the most suitable configuration.

5.1 Adapting nnU-Net to identification

As explained in Section 3.2, nnU-Net performs segmentation, but in our case, the goal is
vertebral identification: finding the coordinates of the centroid of each vertebra. It is there-
fore necessary to extract a landmark from the multi-class segmentation mask. This section
presents three approaches we considered for this conversion.

Center of mass The most straightforward approach is to compute the center of mass of
each class in the segmentation mask. For a given class k, the centroid ck is defined as the
mean position of all voxels belonging to that class:

(5.1) ck = 1

|Vk |
∑

i∈Vk

xi

where Vk is the set of voxels labeled as class k and xi is the spatial position of voxel i .
However, this approach leads to a localization error for vertebral centroids. As illus-

trated in Figure 5.1, a vertebra is composed of two parts: the vertebral body and the ver-
tebral arch. In the dataset used, the ground truth centroid of a vertebra is placed by con-
sidering only the vertebral body. The center of mass, on the other hand, takes into account
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all voxels of the vertebra, including the arch, which shifts the predicted centroid away from
the ground truth (Figure 5.2). The resulting distance between the predicted and the ground
truth centroid can be significant. While the center of mass still allows to correctly iden-
tify which vertebra is which, this distance is a problem if we want to compare our method
against others using standard localization metrics.

Figure 5.1: Diagram showing the
structure of a vertebra that consists
of an anterior vertebral body, and a
posterior vertebral arch [62].

Figure 5.2: Comparison between the centroids cal-
culated based on the center of mass on the mask
predicted by nnU-Net and the ground truth in
sagittal view.

Euclidean distance transform A second approach uses the EDT. The idea is to compute,
for each foreground voxel of a given class, its distance to the nearest background voxel. The
voxel with the maximum distance is the point that lies deepest inside the structure, and we
take it as the centroid. This approach works well for vertebrae because the vertebral body
is thicker than the vertebral arch: the point most distant from the boundary naturally falls
within the vertebral body, close to where the ground truth centroid is placed. However,
relying on a single maximum point can be fragile, especially when multiple voxels share
the same maximum distance. To address this, a center of mass is applied on the distance
map rather than on the binary mask. This way, voxels farther from the boundary receive
a higher weight, so the resulting centroid is still drawn toward the interior of the structure
but is computed as a smooth weighted average rather than depending on a single voxel.

Morphological opening A third approach is to apply a morphological opening to the
segmentation mask before computing the center of mass. Morphological opening is a
two-step operation: an erosion followed by a dilation. The erosion shrinks the mask by
removing voxels at its boundary using a structuring element that eliminates thin structures
such as the vertebral arch. The dilation then restores the remaining structure to approxi-
mately its original size. After opening, the mask retains mainly the vertebral body, and the
center of mass computed on this cleaned mask is much closer to the ground truth centroid.
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If we apply each extraction method directly on the full segmentation mask, the pro-
cess becomes slow. For each vertebra, the algorithm must first identify its voxels by
scanning the entire volume, including the background. This full scan is repeated for every
vertebra, making the computation increasingly expensive as the number of labels grows.
An optimization that applies to all three methods is to first extract a bounding box around
each vertebra at the beginning. By cropping the volume to the small region where a given
vertebra actually resides, the extraction method only needs to process a small part of the
total voxels, which significantly reduces the computation time.

5.2 Configurations

The default models proposed by the frameworks do not directly meet our objectives in
terms of performance and computational efficiency, and therefore require further im-
provements. Before making any improvements, we first need to choose which framework
between nnU-Net and nnLandmark will serve as the basis of our work, along with the most
suitable pipeline configuration. To do so, we compared both frameworks across several
configurations.

For both nnU-Net and nnLandmark, the self-configuring mechanism proposed two
configurations each: a 2D U-Net and a 3D full-resolution (fullres) U-Net. The 3D cascade
U-Net was not proposed because the images in our dataset have a sufficiently low reso-
lution that the patch size determined by the heuristic rules captures adequate contextual
information. The configurations generated by the self-configuring mechanism are stored
in the plans file. Table 5.1 summarizes the key parameters selected by each framework.
Both frameworks produce identical configurations, since nnLandmark inherits the same
self-configuring mechanism as nnU-Net.

Table 5.1: Key parameters of the 2D and 3D full-resolution configurations determined by the
nnU-Net and nnLandmark self-configuring mechanisms.

Parameter 2D 3D Full Resolution

Spacing (mm) 1.0×1.0 1.0×1.0×1.0
Patch size 256×192 192×112×96
Batch size 61 2
Network depth 6 stages 6 stages
Features per stage 32–64–128–256–512–512 32–64–128–256–320–320

Strides
(1×1)–(2×2)–(2×2)– (1×1×1)–(2×2×2)–(2×2×2)–
(2×2)–(2×2)–(2×2) (2×2×2)–(2×2×2)–(2×1×1)

The self-configuring mechanism of both frameworks focuses exclusively on maxi-
mizing segmentation or detection performance, whereas our vertebra identification task
requires a good trade-off with computational efficiency. To explore this trade-off, we
derived new configurations from the automatically generated full-resolution plans, taking
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advantage of nnU-Net’s ability to inherit a base configuration and selectively override spe-
cific parameters. We refer to these variants as 3D Low Resolution (lowres) configurations.

The primary modification is an increase of the target voxel spacing. A coarser resolu-
tion reduces the number of voxels to process: the resampled volume becomes smaller,
each patch covers a larger proportion of the anatomy, and the number of sliding win-
dow steps during inference decreases. Three spacings were tested for both frameworks:
1.5×1.5×1.5, 2.0×2.0×2.0, and 2.5×2.5×2.5 mm. Alongside the spacing, the patch size was
halved to 96×64×48, which reduces GPU memory consumption but also limits the spatial
context available for each prediction. The number of features per stage was also halved for
the nnLandmark low-resolution configurations (16–32–64–128–160–160), giving a lighter
model with fewer parameters, since at a coarser resolution with a smaller patch size the
original number of feature maps would be unnecessarily large relative to the information
present in each input patch. An additional configuration, referred to as coarse, was tested
with a voxel spacing of 2.0×2.0×2.0 mm and the same reduced patch size, but retaining
the original number of features per stage, in order to evaluate whether keeping the full
model capacity at a coarser resolution improves identification performance over the
low-resolution variant. Together, these changes should significantly accelerate inference
at the cost of a potential decrease in localization accuracy, since fine spatial details are lost
during downsampling. To distinguish the configurations in the following sections, each is
named after its voxel spacing. For example, the nnLandmark configuration with a spacing
of 2.0× 2.0× 2.0 mm and reduced features is referred to as nnLandmark_3d_lowres_2.0,
while its counterpart with full features is referred to as nnLandmark_3d_coarse_2.0.

nnLandmark 2D was tested but had an identification rate of less than 1%, indicating
an issue with the framework for 2D configurations. It will therefore not be considered
among the candidates.

5.3 Measured time of pipeline parts

Since one of our objectives is to improve computational efficiency, it is important to
understand where time is spent. As illustrated in Figure 3.2, we divided the pipeline
into four phases: sequential setup (reading the plans file, spawning workers, loading
the model), preprocessing (loading, transposing, cropping, normalizing, resampling),
inference (network forward pass via sliding window), and postprocessing (resampling
back to original resolution, centroid extraction, export).

The pipeline exploits parallelism through background workers (Figure 5.3): prepro-
cessing and postprocessing run concurrently with inference on different images. However,
the main thread can be blocked waiting for a preprocessed image to become available or
for a postprocessing worker to accept a new result. After the last inference, it must also
wait for all remaining postprocessing tasks to finish. The total time can be expressed as:
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Ttotal ≈ Tsetup +
N∑

i=1

(
T (i )

wait_pre +T (i )
wait_export +T (i )

infer

)
+

N∑
i=1

T (i )
wait_post

When preprocessing and postprocessing are faster than inference, the wait times be-
come negligible and the total time is dominated by setup and cumulative inference time.
It is worth noting that Python library import times and image reorientation to a consistent
coordinate system are excluded from our timing analysis. Library imports can be avoided
in production by keeping the inference process running as a persistent service. Image re-
orientation is excluded because this operation is common to all implementations

Figure 5.3: Illustration of background workers and the main thread running in parallel.

5.4 Selecting the best centroid extraction method from
masks

5.4.1 Quantitative results

As mentioned earlier, nnU-Net outputs a segmentation mask rather than direct centroid
predictions, which means centroids must be extracted from the mask in a post-processing
step. In Section 5.1, we introduced three extraction methods: center of mass, EDT, and
morphological opening. To determine which one to retain for the final comparison against
nnLandmark, we evaluate them on three criteria: identification rate, centroid localization
error, and the additional computation time introduced by the extraction step.

Table 5.2 reports the results of the three extraction methods across the three evalua-
tion metrics. These results were obtained using the nnUnet_3dlowres_2.0 configuration,
evaluated on the VerSe 2019 validation set. Each column shows the average of a given
metric computed over the 40 images in the set.
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Table 5.2: Comparison of centroid extraction methods.

Method ID rate (%) Distance (mm) Extraction time (s)

Center of mass 97.06 13.04 0.24
EDT 97.37 10.04 1.10
Morphological opening 96.52 7.53 1.15

The difference in computation time between the three methods can be explained by
the cost of the operations they rely on. The center of mass method is the most lightweight,
as it only requires computing the weighted average of voxel coordinates within each label’s
mask, which makes it the quickest approach. The EDT method adds a distance transform
before the center of mass computation, which increases the time. The morphological
opening method is the most expensive, as it applies a binary opening (erosion followed
by a dilation) using a large 3D structuring element. This means that for each voxel, both
the erosion and the dilation must examine a large surrounding region, making the method
slower. Thanks to the bounding box, the difference isn’t noticeable, given the small number
of voxels to be processed.

As we will see in Section 5.5, the centroid extraction step is not the bottleneck of
nnU-Net in terms of computation time, so it is important to also consider the other two
metrics. Among the three methods, EDT achieves the highest identification rate at 97.37%.
Morphological opening, on the other hand obtains the lowest average distance to the
ground truth but also the lowest identification rate, which is counterintuitive. A possible
explanation is that morphological opening works well on the majority of vertebrae, suc-
cessfully removing the thin structures corresponding to the vertebral arch and placing the
centroid closer to the vertebral body, which explains the lowest average distance. However,
when the predicted mask is inaccurate or the vertebra has an irregular shape, the erosion
may fail to fully remove these structures, leaving a partially deformed mask instead. The
center of mass is then computed on a distorted region, which can shift the centroid far
enough to cause a misidentification. While adjusting the radius of the structuring element
could help eliminate the remaining thin structures, finding an optimal value depends on
the dataset, making the method harder to generalize. The other two methods do not rely
on any hyperparameter, which makes them more robust to different datasets.

Based on these results, we selected EDT as the centroid extraction method for nnU-
Net, as it achieves the highest identification rate, a lower average distance than center of
mass, and does not depend on any hyperparameter.

5.4.2 Qualitative result

Figure 5.4 shows the centroids obtained by each of the three extraction methods on a pre-
diction from nnUnet_3d_lowres_2.0, alongside the ground truth centroids. The visual ob-
servations are consistent with the quantitative results reported in Table 5.2. For all three
methods, the predicted centroids appear shifted posteriorly with respect to the ground
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truth, pulled toward the vertebral arch. This offset is less pronounced for morphological
opening, which confirms that the erosion step successfully removes most of the arch be-
fore the center of mass is computed. Despite these shifts, the predicted centroids remain
close enough to their respective vertebrae that correct identification is never visually am-
biguous.

Figure 5.4: Centroids extracted from the segmentation mask produced by
nnUnet_3d_lowres_2.0 using the three proposed methods, compared with the ground
truth. The colored overlay on the vertebrae represents the predicted segmentation mask, with
one color per label.

5.5 Results of both frameworks

All experiments of this section were conducted on the computing clusters of the Consor-
tium des Équipements de Calcul Intensif (CECI). Every model was trained for 500 epochs
on the training set of VerSe 2019, and evaluated on the corresponding test set. Inference
was performed on a compute node with an AMD EPYC 7302 16-Core Processor and an
NVIDIA Tesla A100 with 40 GB of RAM, with the pipeline configured to use one prepro-
cessing worker and one postprocessing worker running in parallel with the main inference
thread. We are going to compare the configurations in terms of performance and efficiency.

5.5.1 Performance measures

To compare the configurations and identify the most promising one, two metrics were
used: the identification rate and the Euclidean distance between the predicted centroid
and the ground truth. For both metrics, the mean, standard deviation, and median were
computed across all cases of the test set and are reported in Table 5.3. For nnLandmark,
each predicted landmark is associated with a confidence score (likelihood). A landmark is
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retained only if its likelihood exceeds a threshold of 0.3, which was determined empirically
on the validation set.

Table 5.3: Landmark identification rate and distance error per configuration.

Identification rate (%) Distance (mm)

Configuration Mean SD Median Mean SD Median

nnLandmark_3d_fullres_1.0 91.17 17.92 100.00 5.14 6.23 3.25
nnLandmark_3d_coarse_2.0 92.05 15.70 100.00 5.68 5.73 4.12
nnLandmark_3d_lowres_1.5 91.27 16.80 100.00 6.70 6.25 4.69
nnLandmark_3d_lowres_2.0 92.17 15.46 100.00 5.81 5.61 4.24
nnLandmark_3d_lowres_2.5 85.23 23.57 100.00 7.51 5.89 6.08
nnUnet_2d_1.0 75.92 26.84 82.84 13.74 7.74 11.28
nnUnet_3d_fullres_1.0 94.76 15.21 100.00 10.07 4.44 9.34
nnUnet_3d_lowres_2.0 94.26 14.20 100.00 10.12 4.61 9.25

There are many interesting things to extract from this table. To start, we can see that
the 2D configuration of nnU-Net performs significantly worse than the 3D versions, both
in terms of mean identification rate (75.92% versus over 94%) and median (82.84% versus
100%), making it unsuitable for any real use case. This likely reflects the importance of 3D
context in vertebra identification: vertebrae are large, closely interlocked with neighboring
vertebrae.

Looking at the 3D configurations, nnU-Net achieves a better identification rate
than nnLandmark (94.76% versus 92.17% for the best nnLandmark configura-
tion,(nnLandmark_3d_lowres_2.0) while also being slightly more stable, as shown
by its lower standard deviation (15.21 versus 15.46). One reason is that segmentation
allows nnU-Net to learn more about the structure of each vertebra. During training, it
has access to every voxel with the correct label, which allows it to learn the full contour
of the vertebrae. nnLandmark, on the other hand, bases its training on a Gaussian blob
placed at the center of the vertebra, which inherently provides less structural information.
Additionally, since the centroid in nnU-Net is computed from the entire predicted mask,
the model is robust to small segmentation errors: minor inaccuracies are smoothed out by
the large number of correctly labeled voxels. nnLandmark relies on a single peak, selected
as the argmax of the predicted heatmap, which makes it more sensitive to prediction noise.
Voxel spacing has a limited impact on nnU-Net, with only a marginal drop from full to low
resolution (94.76% to 94.26%). Among the nnLandmark configurations, the low-resolution
and coarse variants at 2.0 mm spacing achieve the highest identification rates (92.17% and
92.05% respectively), both above the full-resolution configuration (91.17%). The similar
performance of these two variants suggests that, at a 2.0 mm spacing, the number of
features per stage has little impact on identification rate. The low-resolution configura-
tions with reduced features hold up similarly at moderate downsampling (spacings of 1.5
and 2.0 mm, with ID rates of 91.27% and 92.17% respectively), suggesting a performance
plateau around 2.0 mm spacing. Beyond this point, the resolution becomes too coarse to
preserve the spatial detail needed for reliable identification, as shown by the big drop at
2.5 mm (85.23% with a standard deviation of 23.57). Choosing a spacing therefore requires
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balancing accuracy against computational cost, with 2.0 mm appearing as the limit.

Despite its stronger identification rate, nnU-Net produces less accurate centroid lo-
cations, with a mean distance of 10.07 mm compared to 5.14 mm for the best nnLandmark
configuration (nnLandmark_3d_fullres_1.0) and 5.68 mm for the coarse variant. This
stems from vertebral anatomy: each vertebra consists of an anterior body and a posterior
arch, and averaging over the full mask tends to place the centroid somewhere between the
two rather than at a clinically meaningful location despite the EDT centroid computation.
nnLandmark avoids this problem because it is trained to predict a specific anatomical
point directly.

5.5.2 Efficiency measures

To evaluate the computational efficiency of each configuration, timing measurements were
collected at every step of the pipeline during inference on the test set. The analysis is or-
ganized into subsections, each corresponding to one of the pipeline phases described in
Section 5.3.

5.5.2.1 Setup phase

Table 5.4: Total setup phase execution time breakdown covering both framework initializa-
tion and model loading (in seconds).
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nnLandmark_3dfullres_1.0 0.46 5.60 0.00 4.95 0.45 11.47
nnLandmark_3dcoarse_2.0 0.49 6.29 0.01 6.28 0.54 13.60
nnLandmark_3dlowres_1.5 0.43 4.96 0.00 3.97 0.14 9.51
nnLandmark_3dlowres_2.0 0.40 5.28 0.00 4.66 0.18 10.53
nnLandmark_3dlowres_2.5 0.48 5.74 0.00 4.26 0.15 10.63
nnUnet_2d 0.57 6.05 0.01 6.01 0.56 13.19
nnUnet_3dfullres 0.50 5.50 0.00 4.78 0.69 11.47
nnUnet_3dlowres 0.39 4.93 0.00 4.75 0.73 10.80

The setup phase is dominated by two steps: data iterator initialization and model
loading, which together account for most of the total time across all configurations.
The remaining steps (file setup, pool creation, and weights loading) are comparatively
negligible. Both frameworks show similar setup times overall, with nnU-Net configurations
ranging from 10.80 to 13.19 seconds and nnLandmark from 9.51 to 13.60 seconds. The
fastest setup belongs to nnLandmark_3d_lowres_1.5 at 9.51s, thanks to a shorter model
loading step (3.97s). The coarse configuration, by contrast, has the longest setup time of all
configurations at 13.60s, with a model loading time of 6.28s, which is consistent with the
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fact that it retains the full number of features per stage and therefore has a larger model to
instantiate. The data iterator runs at comparable levels for both frameworks (4.93–6.05s for
nnU-Net versus 4.96–6.29s for nnLandmark), and model loading follows the same pattern.
Weights loading is the one step where a consistent difference remains, with nnU-Net
requiring 0.56–0.73s compared to 0.14–0.54s for nnLandmark, the gap being driven by the
low-resolution nnLandmark variants which have smaller models.

5.5.2.2 Preprocessing phase

Table 5.5: Time spent on each step of the preprocessing per case for each configuration (in
seconds).

Configuration Step Mean SD Median

nnLandmark_3dfullres_1.0

Load 0.55 0.87 0.18
Crop 0.34 0.53 0.10
Normalization 0.02 0.04 0.01
Resampling 6.48 12.48 1.49

Total 7.42 12.95 2.85

nnLandmark_3dcoarse_2.0

Load 0.66 0.99 0.24
Crop 0.38 0.52 0.17
Normalization 0.02 0.03 0.01
Resampling 2.90 3.72 1.26

Total 3.98 5.24 1.76

nnLandmark_3dlowres_1.5

Load 0.56 0.89 0.17
Crop 0.35 0.52 0.10
Normalization 0.02 0.03 0.01
Resampling 4.82 6.52 1.57

Total 5.78 7.93 2.04

nnLandmark_3dlowres_2.0

Load 0.56 0.86 0.21
Crop 0.35 0.52 0.12
Normalization 0.02 0.03 0.01
Resampling 2.77 3.72 0.95

Total 3.72 5.12 1.25

nnLandmark_3dlowres_2.5

Load 0.60 0.94 0.23
Crop 0.34 0.52 0.13
Normalization 0.02 0.03 0.01
Resampling 2.03 2.75 0.77

Total 3.01 4.23 1.13

nnUnet_2d_1.0

Load 0.67 1.03 0.23
Crop 0.37 0.52 0.15
Normalization 0.02 0.03 0.01
Resampling 6.19 12.06 2.08

Continued on next page
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Table 5.5 – continued from previous page
Configuration Step Mean SD Median

Total 7.28 12.70 2.72

nnUnet_3dfullres_1.0

Load 0.55 0.82 0.18
Crop 0.36 0.54 0.11
Normalization 0.02 0.03 0.01
Resampling 6.50 12.43 2.08

Total 7.46 12.98 2.70

nnUnet_3dlowres_2.0

Load 0.55 0.89 0.16
Crop 0.36 0.61 0.10
Normalization 0.02 0.04 0.01
Resampling 3.01 4.57 0.86

Total 3.96 6.09 1.17

In Table 5.5, resampling dominates the preprocessing phase across all configurations,
while the other steps are negligible. Among the nnLandmark variants, resampling gets
faster as the target voxel spacing increases: 6.48s at full resolution, 4.82s at 1.5 mm, 2.77s at
2.0 mm, and 2.03s at 2.5 mm, with diminishing gains at coarser spacings. The coarse con-
figuration, which shares the same 2.0 mm target spacing as nnLandmark_3d_lowres_2.0,
shows a similar resampling time (2.90s versus 2.77s), confirming that resampling cost is
determined by the target voxel spacing rather than by the model. This is expected, since a
coarser spacing means fewer voxels in the output grid, and therefore fewer interpolation
operations to perform.

Comparing the two frameworks at the same target spacing, nnU-Net and nnLand-
mark show very similar preprocessing times. At full resolution, nnU-Net averages 7.46s
versus 7.42s for nnLandmark, and the resampling step itself is nearly identical (6.50s ver-
sus 6.48s). At low resolution the gap remains minimal (3.01s versus 2.77s for resampling).
Finally, the 2D nnU-Net configuration still requires resampling during preprocessing to
match the expected slice resolution, which explains its high resampling time of 6.19s
despite only processing individual slices at inference.

5.5.2.3 Inference phase

The inference phase covers the time spent by the neural network to produce a prediction
from a preprocessed input volume. Table 5.6 reports the mean, standard deviation, and
median inference time per case across the test set.

Across all configurations, there is a large gap between the mean and the median infer-
ence time, confirmed by the high standard deviations. This indicates that a few large input
volumes disproportionately increase the average, revealing a non-uniform distribution of
image sizes in the dataset. As shown in Appendix B, the inference time grows linearly with
the number of voxels for all configurations (R2 > 0.7). This effect has a much larger impact
on configurations with slow inference, such as nnU-Net, where individual cases can take
over a minute, than on nnLandmark, where even the largest images are processed in a few
seconds.
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Table 5.6: Inference time per case (in seconds).

Configuration Mean SD Median

nnLandmark_3dfullres_1.0 3.27 4.13 1.13
nnLandmark_3dcoarse_2.0 0.84 0.92 0.32
nnLandmark_3dlowres_1.5 1.50 1.66 0.71
nnLandmark_3dlowres_2.0 0.77 0.85 0.29
nnLandmark_3dlowres_2.5 0.38 0.43 0.15
nnUnet_2d_1.0 40.32 57.83 9.42
nnUnet_3dfullres_1.0 20.53 28.82 4.16
nnUnet_3dlowres_2.0 4.32 5.67 1.35

The 2D nnU-Net configuration is by far the slowest at inference, averaging 40.32s per
case. Processing each slice individually introduces far more overhead than running infer-
ence on the full 3D volume at once. The advantage of using the 2D model is that it uses less
memory, but there is a significant trade-off in terms of processing time.

The 3D full-resolution nnU-Net is the second slowest at 20.53s on average, which re-
mains too slow for clinical deployment. It also exhibits very high standard deviations
(28.82s), and the large gap between its mean and median value (20.53s versus 4.16s for
nnUnet_3dfullres). Beyond the effect of resolution, a clear gap exists between the two
frameworks at comparable settings: at full resolution, nnLandmark infers in 3.27s versus
20.53s for nnU-Net, and at low resolution (2.0 mm), nnLandmark averages 0.77s versus
4.32s for nnU-Net. This is likely because nnU-Net must predict a segmentation map with as
many output channels as there are classes, whereas nnLandmark only regresses a smaller
set of heatmaps, resulting in a lighter computational load. Reducing the resolution through
a coarser voxel spacing dramatically improves inference time for both frameworks, since
fewer voxels need to be processed. The coarse and low-resolution nnLandmark configu-
rations with spacings of 2.0 and 2.5 mm all average under one second (0.84s for coarse,
0.77s for lowres 2.0, and 0.38s for lowres 2.5), with the smallest standard deviations, mak-
ing them the most consistent and fast enough for real-time clinical use. Notably, the coarse
configuration infers in 0.84s on average, close to the low-resolution variant at the same
spacing (0.77s), despite retaining the full number of features per stage. This indicates that,
at a 2.0 mm spacing, the input volume size is the factor that most influences inference time,
and the additional model parameters in the coarse configuration do not introduce a mea-
surable overhead.

5.5.2.4 Postprocessing phase

Table 5.7 breaks down each of these steps to identify where the postprocessing worker
spends most of its time.
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Table 5.7: Time spent on each step of the postprocessing per case for each configuration (in
seconds).

Configuration Step Mean SD Median

nnLandmark_3dfullres_1.0

Resampling 16.26 38.95 3.86
Mask creation 4.44 7.43 1.46
Cropping reverse 0.32 0.54 0.10
Centroid extraction 6.16 10.70 1.81
Export output 0.03 0.04 0.01

Total 27.22 50.16 6.93

nnLandmark_3dcoarse_2.0

Resampling 34.87 55.38 10.31
Mask creation 4.36 7.31 1.39
Cropping reverse 0.32 0.53 0.10
Centroid extraction 5.90 10.15 1.79
Export output 0.04 0.05 0.02

Total 45.49 73.25 13.61

nnLandmark_3dlowres_1.5

Resampling 38.45 59.24 10.66
Mask creation 4.39 7.36 1.42
Cropping reverse 0.32 0.54 0.10
Centroid extraction 6.03 10.29 1.86
Export output 0.03 0.04 0.01

Total 49.23 76.58 14.06

nnLandmark_3dlowres_2.0

Resampling 35.85 56.53 10.80
Mask creation 4.40 7.42 1.39
Cropping reverse 0.32 0.54 0.10
Centroid extraction 6.29 10.84 1.79
Export output 0.03 0.04 0.01

Total 46.90 75.14 14.09

nnLandmark_3dlowres_2.5

Resampling 34.87 55.62 10.37
Mask creation 4.38 7.35 1.37
Cropping reverse 0.32 0.54 0.10
Centroid extraction 6.07 10.41 1.65
Export output 0.03 0.04 0.01

Total 45.68 73.86 13.51

nnUnet_2d_1.0

Resampling 16.37 39.95 3.45
Mask creation 25.14 132.84 1.14
Cropping reverse 0.02 0.02 0.01
Centroid extraction 0.96 1.66 0.40
Export output 0.16 0.27 0.04

Total 42.65 170.18 6.32

nnUnet_3dfullres_1.0

Resampling 17.08 40.27 3.66
Mask creation 25.67 136.00 1.07
Cropping reverse 0.02 0.03 0.01
Centroid extraction 1.02 1.89 0.30
Export output 0.22 0.78 0.06

Total 44.01 173.48 6.81

Continued on next page
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Table 5.7 – continued from previous page
Configuration Step Mean SD Median)

Resampling 37.10 58.17 11.11
Mask creation 24.99 133.31 0.98
Cropping reverse 0.02 0.03 0.01

nnUnet_3dlowres_2.0 Centroid extraction 0.85 1.65 0.29
Export output 0.12 0.19 0.03

Total 63.07 173.19 12.67

Resampling once again dominates during this postprocessing phase, but the pattern
is now reversed compared to preprocessing: low-resolution models are slower. This is
expected, since models that downsampled the input to a coarser spacing during prepro-
cessing must now upsample the prediction back to the original resolution, producing a
much larger output grid. For instance, nnLandmark at a spacing of 2.5 mm averages 34.87s
for resampling, compared to only 16.26s at full resolution. The coarse configuration at
2.0 mm averages 34.87s, closely matching the low-resolution variant at the same spacing
(35.85s), which again confirms that the resampling cost is driven by the voxel spacing
rather than by the number of model parameters. The speed gained during inference
by using a coarser spacing is therefore largely offset by this costly upsampling step in
postprocessing.

Mask creation is generally fast for nnLandmark configurations (around 4.4s), while
all nnU-Net configurations show highly skewed distributions, averaging around 25s but
with medians of 0.98–1.14s and standard deviations above 130, indicating that a few
extreme cases dominate the mean. This suggests that nnU-Net is more sensitive to the
input image size during this step. By median, however, nnU-Net is slightly faster than
nnLandmark (0.98–1.14s versus 1.37–1.46s), since nnU-Net applies a simple argmax over
the predicted logits, whereas nnLandmark requires a sigmoid activation on each of the N
output channels before the mask can be constructed.

Centroid extraction shows that it is significantly slower for nnLandmark (5.90–6.29s)
than for nnU-Net (0.85–1.02s). Although finding a peak on a heatmap is cheaper per
channel than computing an Euclidean distance transform on a binary mask, nnLandmark
must repeat this operation across N channels, one per vertebral label whereas nnU-Net
works on a single-channel segmentation mask. Combined with the fact that centroid
extraction is performed on the volume at its original resolution, the per-channel cost adds
up quickly for nnLandmark. The coarse configuration is no exception, requiring 5.90s on
average for centroid extraction.

5.5.2.5 Total time

While the previous tables reported per case statistics, Table 5.8 measures the total time
each configuration took to process all 40 images in the test set. Since both of these frame-
works parallelise preprocessing and postprocessing using dedicated workers, the times per
stage alone are not sufficient to determine where the pipeline is actually bottlenecking.
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To identify that, the time the main thread spends waiting was recorded. The preprocessing
wait captures how long the main thread waits before a preprocessed image becomes avail-
able, while the export wait captures how long it must wait for the postprocessing worker
to accept the next result. These waiting times make it possible to distinguish between con-
figurations that are fast and those where a fast inference is masked by a slow surrounding
stage.

Table 5.8: Total pipeline execution time breakdown (in seconds).

Processing (main thread)

Configuration Setup Preproc. wait Inference Export wait Postproc. wait Total

nnLandmark_3dfullres_1.0 11.47 98.98 130.81 976.59 69.70 1287.54
nnLandmark_3dcoarse_2.0 13.60 18.82 33.44 1738.39 54.78 1859.04
nnLandmark_3dlowres_1.5 9.51 54.98 59.88 1847.77 57.06 2029.20
nnLandmark_3dlowres_2.0 10.53 17.51 30.71 1798.67 55.15 1912.58
nnLandmark_3dlowres_2.5 10.63 14.22 15.08 1761.20 53.80 1854.93
nnUnet_2d_1.0 13.19 109.44 1612.74 1156.39 93.25 2985.01
nnUnet_3dfullres_1.0 11.47 132.31 821.16 1350.31 108.19 2423.44
nnUnet_3dlowres_2.0 10.80 16.10 172.68 2263.57 96.57 2559.72

An inverse relationship emerges between inference time and export wait within each
framework. When inference is fast, the main thread finishes quickly but must wait for the
postprocessing worker to become available before it can send the next prediction from the
neural network, leading to a high export wait. However, export wait remains substantial
even for the slowest configurations: nnUnet_2d_1.0, despite having the longest inference
(1612.74s), still shows an export wait of 1156.39s, indicating that postprocessing is a bottle-
neck across all configurations. This pipeline imbalance particularly affects nnLandmark. As
established in earlier sections, a low-resolution or coarse model is much faster at feeding
an image through the network, but will be much slower when it comes to postprocessing,
where the prediction must be resampled back to the original resolution. The coarse and
low-resolution nnLandmark configurations, despite being much faster at inference (15–
60s versus 131s for full resolution), end up with a higher total time (1855–2029s versus
1288s). The coarse configuration at 1859.04s is among the fastest of these downsampled
nnLandmark variants, close to nnLandmark_3d_lowres_2.5 at 1854.93s. The speed gained
at inference is entirely absorbed by the postprocessing bottleneck, and the main thread
spends most of its time inactive, waiting to export. The current nnLandmark pipeline is
not optimized to take advantage of its fast inference. The fastest configuration overall is
nnLandmark_3d_fullres_1.0 with 1287.54s, because although its inference is the longest
among nnLandmark variants (130.81s), it has the lowest export wait (976.59s) since its post-
processing operates at the same resolution, avoiding the costly upsampling step. By con-
trast, nnUnet_2d_1.0 is the slowest with 2985.01s, combining a very long inference time
(1612.74s) with a high export wait (1156.39s). nnU-Net configurations are all slower than
nnLandmark, as they combine longer inference times with high export waits, confirming
that their postprocessing is also a bottleneck. Setup remains a minor contributor to the to-
tal time across all configurations because the setup time is only taken into account once for
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the entire dataset, and contrary to the other two, preprocessing is not the longest according
to the measurement.

5.5.3 Verdict

The previous sections have evaluated several configurations across both performance and
efficiency metrics. But for now, none of them are suitable for real-time clinical deployment.
Even nnLandmark_3d_fullres_1.0 that is the fastest configuration, averages 32.19s per
prediction, which is far too slow for integration into a clinical workflow. The measurements
show that the main bottlenecks are resampling in both preprocessing and postprocessing,
workers initialization, model loading, mask creation, and network inference. Most of these
steps can be accelerated with minimal impact on identification rate, with one exception
that is the inference time. Techniques such as network pruning or knowledge distillation
can shorten inference time but they directly affect model performance [63]. Exploring
these techniques falls outside the scope of this master thesis and is left for future work.

Since the goal is to optimize efficiency, we will focus on the configurations with the fastest
inference times with a relatively good identification rate: nnLandmark_3d_coarse_2.0
and nnLandmark_3d_lowres_2.0. However, nnUNet_3d_fullres_1.0 achieves an identi-
fication rate of 94.76%, substantially higher than both nnLandmark configurations (92.05%
and 92.17% respectively). The question is therefore whether this performance gap is large
enough to justify the slower inference, or whether the difference could be attributable to
random variation.

To answer this, I applied the Wilcoxon signed-rank test, a non-parametric pairwise
test [64] suited to our data because the identification rate distribution is highly skewed
(median of 1) and the test is robust to outliers. Using nnLandmark_3d_coarse_2.0 as
baseline, there is no significant difference (p ≥ 0.05) with the nnU-Net 3D variants, despite
their higher mean identification rate. The observed gap can therefore be attributed to
chance rather than a better performance on this dataset.

We chose to proceed with nnLandmark_3d_coarse_2.0, which will serve as the
framework and baseline configuration for the rest of the thesis. There are two reasons
for this choice. Firstly, the difference in inference time is considerable (0.84s on aver-
age compared to 20.53s for nnU-Net). Secondly, nnLandmark does not rely on masks,
and therefore avoids the time loss associated with this, whilst achieving relatively simi-
lar performance. Among the two nnLandmark candidates, nnLandmark_3d_coarse_2.0
and nnLandmark_3d_lowres_2.0, both achieve nearly identical scores in terms of per-
formance and efficiency. nnLandmark_3d_lowres_2.0 has a slightly higher identifica-
tion rate, while nnLandmark_3d_coarse_2.0 produces a lower mean distance to the
ground truth. nnLandmark_3d_lowres_2.0 is also marginally faster than the coarse vari-
ant. We select nnLandmark_3d_coarse_2.0 as the baseline for the rest of this thesis,
nnLandmark_3d_coarse_2.0 simply as a matter of preference, since the two configura-
tions remain very similar.
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Figure 5.5: Boxplot of identification rates across configurations. P-values from pairwise
Wilcoxon signed-rank tests against nnLandmark_3d_coarse_2.0 are shown above each
comparison (n.s. = not significant).

37



C
H

A
P

T
E

R

6
IMPROVEMENTS OF NNLANDMARK

The experiments showed that nnLandmark offers the best trade-off between performance
and efficiency. However, even in its best configuration, nnLandmark_3d_coarse_2.0 is not
fast enough for clinical use, with high execution times in the setup, preprocessing, and
postprocessing phases. In this chapter, we walk through the framework’s codebase to iden-
tify bottlenecks and introduce optimizations aimed at reducing execution time and im-
proving performance, with the goal of reaching measurements that are suitable for a clini-
cal workflow.

6.1 Removal of background workers

As described in Section 5.5, we observed that a portion of the total inference time was spent
on the initialization and synchronization of background workers. The default nnLandmark
pipeline is inherited from nnU-Net and relies on two groups of background workers that
run as separate operating system processes: the preprocessing workers and the export pool.
The first two subsections explain the role of each group of workers and in the following
section, an improvement is presented.

6.1.1 Preprocessing workers

nnLandmark uses Python’s multiprocessing library to initialize background workers. This
package spawns separate operating system processes that execute the preprocessing
function in parallel [65]. Each worker picks up one image, applies the full preprocessing
pipeline, and returns the result to the main thread, which is responsible for running
inference on the GPU. It’s possible to specify the number of preprocessing workers using
the flag -npp. This design is beneficial when predicting multiple images at once, because
the workers prepare upcoming images in their own processes while the main thread
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performs the forward pass on the current one, so that preprocessing and inference overlap
in time.

However, in a clinical setting, it is far more common to process a single image at a
time, since the radiologist typically acquires a scan of a patient to produce a study. From
there, using their PACS software, they can view multiple series simultaneously and scroll
through the slices. This scan is accompanied by previous scans in order to compare
studies and monitor the patient’s evolution. Here, we assume that the prior studies already
contain, in their metadata, JSON files with labels and centroid coordinates (annotations).
Therefore, only the new single study needs to be inferred. In this single-image scenario, the
parallelism offers no advantage: regardless of whether one or several workers are spawned,
the main thread must wait for the sole image to be preprocessed before it can begin the
inference. Spawning a worker is an expensive operation because Python’s spawn start
method must launch a fresh Python interpreter process, re-import all required libraries,
including large packages such as torch and numpy, as well as inter-process communica-
tion between the worker and the main thread. For a single image, this initialization does
not benefit from parallelism, making the total preprocessing time longer than it would be
if the same operations were performed sequentially on the main thread.

6.1.2 Export pool

The second group of background workers is the export pool. After the network produces
a prediction for a given image, it is handed off to one of the export pool workers, which
is responsible for the postprocessing steps. This allows the main thread to proceed im-
mediately to inference on the next image without waiting for the postprocessing steps to
complete.

The export pool is created at the beginning of the prediction loop with the option to
specify the number of workers using the flag -nps. Like the preprocessing workers, each
export pool worker is a full Python process that must be spawned with its own interpreter
and a copy of all imported libraries. A mechanism prevents the model from submitting a
new prediction if the number of queued tasks exceeds a threshold. It waits until a worker
becomes available. As with the preprocessing workers, this design is effective for multiple
images prediction but introduces unnecessary overhead for single-image inference. The
pool must be spawned before any work can begin. So there is a cost associated with
spawning and no benefit from parallelism.

6.1.3 Single-threaded pipeline

To address the efficiency issue when there’s only one image, we removed the preprocessing
workers and the export pool entirely. Now the preprocessing, inference, and postprocess-
ing run sequentially on the main thread within a single process thus avoiding the need to
spawn processes, which is not time-efficient when we expect only a single image.
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6.2 New preprocessing

Since nnLandmark inherits from nnU-Net, it reuses its preprocessing pipeline. As ex-
plained previously, it begins by loading the image into memory. A transposition is then
applied to reorder the spatial axes according to the plans file generated for the dataset.
The image is then cropped to the bounding box of non-zero voxels, removing large regions
of background. Next, the image is normalized, and finally, it is resampled so that its
voxel spacing matches the target spacing defined for the network input. As discussed in
Section 6.1, in the default pipeline these preprocessing steps are carried out by background
workers running in separate processes, but in the new inference pipeline without back-
ground workers, they are performed on the main thread. Beyond this change, several of the
preprocessing steps themselves can be optimized, as described in the following subsection.

When we measured the execution times across the different configurations, we ob-
served that preprocessing accounted for a significant portion of the total inference time.
This is due to several factors: loading the image into memory, initializing the background
workers, cropping the image to remove empty background regions, and resampling to the
target spacing. Each of these steps can be optimized, with the exception of image loading,
which depends on the file size and disk speed rather than on the pipeline code itself.

6.2.1 Bounding box optimization

Before being fed to the network, each image is cropped to its non-zero region so that
empty background margins are discarded and there is less data to process. In the original
pipeline, this cropping step works as follows: a binary mask is built by marking every voxel
whose intensity is not zero, then scipy.ndimage.binary_fill_holes is applied to this
mask. The purpose of the hole-filling is to close small cavities inside the body that happen
to have a zero intensity, such as air pockets, so that they are not mistaken for background.
Without this step, these internal cavities would be excluded from the foreground mask,
which means they would not contribute to the mean and standard deviation computed
during intensity normalization. Once the holes are filled, a bounding box is computed
around the mask and the image is cropped accordingly. The problem is that the hole-filling
relies on a flood-fill algorithm, which is expensive on large 3D volumes and so it accounts
for a significant proportion of the preprocessing time.

Our optimization consists in removing the hole-filling step and calculating the bounding
box directly from the original mask. This approach is safe for two reasons. Firstly, hole
filling only affects the voxels located inside the body. It never affects the outermost non-
zero voxels along each axis, which are the only ones that determine the bounding box. The
cropping is therefore identical with or without the hole filling. Secondly, removing hole
filling means that a few internal voxels with a value of zero are no longer counted as part
of the foreground when calculating the mean and standard deviation used for intensity
normalization. It’s not a problem in our dataset because we checked how many images
actually contain zero-valued voxels. Out of 160 images of the VerSe 2019 dataset, only 8 do.
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If we look at the number of voxels in the volumes, the average proportion of zero-valued
voxels per image is 0.14%. So the normalization statistics barely change and the impact is
therefore minimal.

6.2.2 GPU resampling

The most time-consuming step in preprocessing is the resampling of the cropped image
to the target voxel spacing defined in the plans file. In the default nnU-Net pipeline, this is
performed on the CPU using third-order spline interpolation. The interpolation must be
evaluated at every voxel in the output grid, which is computationally expensive on large
3D volumes since each output voxel requires a 4×4×4 neighborhood from the input grid.

To accelerate this step, we replace the CPU-based spline interpolation from Scikit-
Image with GPU-accelerated trilinear interpolation from PyTorch. The image tensor is
transferred to the GPU, resampled, and moved back to the CPU to continue through
the rest of the pipeline. Trilinear interpolation computes each output voxel by linearly
weighting the 2×2×2 closest neighboring [66], which is cheaper per voxel than third-order
splines, and in addition, the GPU evaluates all output voxels in parallel, so it will be faster.

This change introduces two trade-offs. The first is a small reduction in resampling
accuracy. Trilinear interpolation is a first-order method that produces slightly smoother re-
sults, and unlike Scikit-Image’s resize, PyTorch’s interpolate does not apply a Gaussian
anti-aliasing filter before downsampling, so some high-frequency details may be lost. For
landmark detection, these differences are negligible since the network predicts heatmaps
whose peaks correspond to vertebra centroids, and neither effect is large enough to shift
these peaks, as confirmed by the results in Section 7.1. The second trade-off is the GPU
memory. The GPU must hold the input volume and resampled output simultaneously,
in addition to the network weights. This is not an issue in our single-threaded pipeline,
where the image is resampled, moved back to the CPU, and only then is the forward pass
launched, freeing the memory used for resampling. In the original worker-based pipeline,
multiple workers would transfer large volumes to the GPU concurrently and compete
for memory with the inference computation, which could easily exhaust the available
GPU memory. GPU resampling is therefore well suited to the single-threaded pipeline but
would require additional memory management in the worker-based one.

6.3 New postprocessing

The postprocessing pipeline that nnLandmark inherits from nnU-Net was described in
Sections 3.2.3 and 3.3.3. Several optimizations are possible. As we have seen, nnLandmark
reuses a large portion of the nnU-Net code, which means some parts are still present
but no longer useful in nnLandmark. In particular, the segmentation files are saved even
though they are not used, since we rely on the JSON file containing our centroids. We
therefore decided to remove the code that creates the segmentation mask based on the
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probabilities of the heatmap generated in each channel and saves this segmentation mask.
It did not provide any information necessary for locating and identifying the centroids.

As we saw when analyzing the execution times of the nnLandmark pipeline across
different configurations, the most time-consuming phase was the postprocessing. This
is not solely explained by the saving of the segmentation. The most expensive step is
resampling the network output containing the logits back to the original image shape. This
is done via trilinear interpolation on each channel independently. It is very costly because,
in addition to being performed on every channel, the interpolation operates over all voxels
and runs entirely on the CPU. One way to save time would be to avoid interpolation,
and this is the idea we decided to explore. Instead of resampling the full C ×D × H ×W
probability volume back to the original space, we find the peak in network space and scale
the coordinates back. To do this, we skip the resampling step and directly apply sigmoid
to convert the logits into probabilities, then filter each channel to extract the argmax. We
then have our centroids for each channel, but the coordinates are not yet in the correct
space. Three operations are needed to bring them back:

1. Scaling from network space to cropped space: the network predicts on a grid of
shape Spred, whereas the image before resampling had shape Scrop. Each coordinate
is scaled by the ratio of the two shapes along the corresponding axis:

(6.1) c(d)
crop = c(d)

pred ×
S(d)

crop

S(d)
pred

, d ∈ {z, y, x}

2. Reverting the cropping: during preprocessing, the image was cropped to a bounding
box. To recover the position in the full image, we add the smallest index along each
axis:

(6.2) c(d)
full = c(d)

crop +bbox(d)
min

3. Reverting the transposition: during preprocessing, axes may have been permuted.
The inverse permutation is applied to restore the original axis order:

(6.3) c(d)
orig = c(transpose_backward[d ])

full , d ∈ {0,1,2}

Finally, the coordinates are reordered to match the expected output format, and saved
alongside the likelihood score in the JSON file.

Once the per-channel peaks are extracted in O(C × Npr ed ), recovering their original-
space coordinates costs O(C ) (a per-landmark scaling and offset), whereas the original
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pipeline recovers coordinates by resampling the full C × Npr ed logit volume to C × Nor i g ,
that gives a O(C × Nor i g ) interpolation cost, plus the centroid extraction in O(C × Nor i g ),
with Npr ed and Nor i g the total number of voxels in the predicted and original volumes,
respectively. We thus eliminate the resampling entirely.

Beyond efficiency, this approach does not sacrifice accuracy. When the input image
has a higher resolution than what the network expects, the original pipeline upsamples
the predictions back to that resolution before extracting the argmax. However, trilinear
interpolation computes a convex combination of neighboring values, this means the inter-
polated volume cannot contain a peak that does not already exist at a network grid point.
The argmax of the upsampled volume will therefore map back to the same network-space
voxel as our direct argmax, and both methods give the same centroid location. Conversely,
when the input image has a lower resolution than the network grid, the original pipeline
downsamples the predictions to match the input, which can cause the peaks to become
shifted. In our approach, the centroid is extracted at the full network resolution before
being scaled back, preserving the finer localization learned by the network. Our new
method is therefore at least as accurate as the original in all cases, and can even be slightly
more precise when the input resolution is coarser than the network resolution.

6.4 Inference acceleration through model conversion

So far, the optimizations discussed have targeted the surrounding pipeline code, but not
the neural network itself. For deep learning models to be deployed in medical applications,
they must run efficiently on a range of GPUs while maintaining acceptable inference time.
nnLandmark uses PyTorch [67], which builds its computational graph dynamically at every
forward pass. This flexibility is convenient for research, but it prevents the kind of ahead-of-
time optimizations that a static graph representation would allow, resulting in slower and
more memory-intensive inference [68]. A common solution is to export the trained model
into a more efficient format. In our case, we first export to Open Neural Network Exchange
(ONNX) [69] and then build a TensorRT [70] engine, as illustrated in Figure 6.1.

Figure 6.1: Diagram of the ONNX to TensorRT conversion. A trained model from a framework
is first exported to the ONNX format, then optimized and compiled by the TensorRT optimizer
into a serialized plan file. The file is loaded by the TensorRT runtime for inference [71].
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6.4.1 ONNX

ONNX is an open-source format that represents a model’s computational graph in a static
form, defined entirely at export time. Its inference engine, ONNX Runtime, can analyze
this graph ahead of time and apply optimizations such as operator fusion, constant folding
and graph pruning, reducing the total number of operations and accelerating inference
compared to PyTorch [72, 73]. We use the offline optimization mode: the ONNX model
is optimized once and saved to disk, so that each inference run loads the pre-optimized
graph without repeating the optimization step. It is worth noting that the performance
gains depend on the model architecture, as ONNX Runtime can only optimize graph
patterns for which it has matching rules.

However, nnLandmark was designed to work exclusively with PyTorch. Rather than
modifying the framework to natively support ONNX, we adopted a wrapper approach: a
new class inherits from a PyTorch module and overrides the forward() method to run
inference through ONNX Runtime internally. When inference is launched, the ONNX
model is loaded onto the GPU, and nnLandmark’s original network is replaced by this
wrapper. No code in nnLandmark’s prediction pipeline needed to be modified. To avoid the
overhead of still loading the original PyTorch weights before the replacement, a condition
was added to skip weight loading when ONNX Runtime is used. Since nnLandmark relies
on metadata stored in the weight file during initialization, we retrieve this information
from the folder name instead, which encodes the configuration and trainer required.

6.4.2 TensorRT

Although ONNX Runtime provides some optimization, it does not guarantee faster infer-
ence and can still use a lot of memory. TensorRT is a Software Development Kit (SDK) made
by NVIDIA that goes further by compiling the model into a binary engine specifically tuned
for the target GPU [74, 72]. It applies layer and tensor fusion to eliminate intermediate
memory transfers between operations, and kernel auto-tuning to select the most efficient
implementation of each layer for the hardware being used. Another key optimization
is quantization: we use FP16 precision, which halves the data size compared to FP32,
reducing memory usage and improving speed thanks to dedicated half-precision units
on the GPU. The trade-off is a small loss in numerical accuracy, but FP16 is generally
considered safe for our use case [72].

To have our TensorRT engine, we followed the ONNX-to-TensorRT conversion path,
which according to Zhou and Yang [74] offers the best overall performance for accelerating
PyTorch inference when computational resources are limited. One drawback of TensorRT
is that each engine is optimized for the specific GPU on which it was built, so running
on a different GPU requires rebuilding the engine. To integrate the TensorRT engine into
nnLandmark, we followed the same wrapper approach as for ONNX: a new class loads the
engine and exposes a forward() method that nnLandmark can call as if it were a PyTorch
model. The results of these new model formats are presented in Chapter 7.
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6.5 Minor improvements on identification rate

6.5.1 Training batch size

In addition to the coarse resolution configurations described earlier, we also modified the
batch size in the plan files. The batch size controls how many patches the network pro-
cesses in one forward pass before computing the loss and updating the weights through
backpropagation. Larger batch sizes provide a more accurate estimate of the gradient and
are therefore preferred, but are limited by the available hardware memory. By default, nnU-
Net prioritizes large patch sizes and adapts the network topology (depth, downsampling
operations, feature map sizes) to fit within the GPU memory budget, with a minimum
batch size of two [57]. Since our coarser resolution configurations use smaller images and
patches, they require less memory during training, which leaves room to increase the batch
size. To find the best value, we trained models with batch sizes of 2, 4, 6, and 8, and com-
pared their performance. This change only affects training because the batch size influ-
ences how weights are updated but does not alter the architecture or the number of para-
meters, so inference remains the same.

6.5.2 Centroids extraction based on center of mass

When nnLandmark returns heatmaps with the predicted probabilities for vertebra cen-
troid positions, the current postprocessing works as follows for each channel: voxels with a
probability of exactly 1.0 are discarded, only the top 0.5% of voxels (by value) are kept, and
the centroid is placed at the argmax of the remaining voxels. This means the final centroid
location depends on a single voxel, which is problematic for several reasons. First, if an
outlier voxel has an unusually high value, the centroid jumps straight to it, which can lead
to a large positioning error that gets counted as a misidentification. Second, discarding
all voxels with a probability of 1.0 removes the spots where the model is most confident,
so they are completely ignored. Third, when several voxels share the same highest score,
argmax always picks the first one in memory order, which means the centroid may be
incorrectly positioned.

To fix these issues and make centroid extraction more reliable, we replaced the argmax
with a center of mass. For each channel, we take the peak value, keep every voxel whose
value is at least 50% of it, and average their positions weighted by their values. The 50%
threshold corresponds to the full width at half maximum (FWHM) of the peak, which
makes a balance between two extremes. Going lower would let distant, low-confidence
voxels pull the centroid away from the true center, while going higher would keep too few
voxels and get close to the same problems as an argmax. With a weighted averaging instead
of a single voxel, the centroid naturally falls at sub-voxel positions, remains centered when
several voxels share the same highest value, and outliers have a much smaller influence on
the final prediction since they are averaged out by the surrounding high-probability voxels.
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7
RESULTS

In the previous chapter, we described the improvements made to the nnLandmark
pipeline, targeting both identification performance and computational efficiency. In this
chapter, we evaluate the impact of these modifications through experiments. The chapter
is divided into two sections. Section 7.1 discusses the impact of the performance improve-
ments, grouped into different configurations. We will compare their identification rates and
localization distances with those of the original pipeline. Section 7.2 analyses computa-
tional efficiency by measuring the execution time of each phase of the pipeline, as well
as the total time, in order to determine whether the pipeline improved meets the require-
ments for clinical deployment. The measure was done on a compute node from CECI with
an AMD EPYC 7302 16-Core Processor and on an NVIDIA Tesla A100 with 40 GB of RAM.

7.1 Performances

We first evaluate the impact of the improvements on the identification rate and the local-
ization distance between predicted centroids and ground truth. We begin by determining
the optimal batch size, as this hyperparameter affects both training and generalization per-
formance. Once the batch size is selected, we present the results of the incremental config-
urations and see whether the modifications preserve or improve the identification perfor-
mance of the original pipeline.

7.1.1 Impact of batch sizes

To evaluate the effect of batch size, we trained several models using the
nnLandmark_3d_coarse_2.0 configuration with batch sizes of 4, 6, and 8. The de-
fault batch size of 2 achieves a mean identification rate of 96.13% on the VerSe 2019
validation set. Results for all configurations are reported in Table 7.1.
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Table 7.1: Landmark identification rate and distance error per batch size.

Identification rate (%) Distance (mm)

Batch size Mean Std Median Mean Std Median

2 96.13 9.23 100.00 5.74 5.19 4.30
4 93.61 12.62 100.00 6.19 5.19 5.10
6 94.01 14.13 100.00 6.23 5.88 4.65
8 94.27 14.21 100.00 6.03 5.70 4.58

We can see that the identification rate and the distance error vary across batch size
values, with a clear trend favoring the smallest batch size. The highest identification rate
was achieved with the default batch size of 2, reaching a mean of 96.13% and with the
lowest standard deviation (9.23). It has also the best mean localization distance at 5.74 mm.
The other batch sizes have around 93-94% with higher standard deviations, suggesting less
stable performance. The batch size is a hyperparameter, and its optimal value depends
heavily on the training data and how well it represents the overall population. The question
is then, which batch size should we select for the remainder of the experiments.

Previous work has studied the influence of batch size on model performance. Keskar
et al. (2017) [75] showed that smaller batch sizes produce noisier gradient estimates, which
steers the optimization toward flat local minima that generalize better to unseen data.
Larger batch sizes give more accurate gradients but settle into sharp minima that are
sensitive to distribution shifts between training and test data (see Appendix C for details).
Our results are consistent with this finding. Therefore we chosen to keep the default batch
size of 2 for the rest of the experiments because it achieves the best scores for identification
rate and the lowest distance error, and to ensure that our data generalizes well on the test
set.

7.1.2 Analysis of the improvements

In this section, we evaluate the impact of these changes on the identification rate and the
distance between predicted landmarks and ground truth, reporting the mean, standard
deviation, and median. All measurements were performed on an NVIDIA A100 GPU using
the test set of VerSe 2019.

Each configuration builds incrementally on the previous one, as summarized in Ta-
ble 7.2. The Baseline corresponds to the original nnLandmark_3d_coarse_2.0 pipeline
without any modification. The Efficient model introduces all runtime optimizations: GPU-
based pre-resampling, removal of the unused segmentation export, and coordinate-space
centroid extraction. The Enhanced model further incorporates the new centroid extraction
approach. Finally, ONNX and TensorRT correspond to the Enhanced model exported to
these respective formats.

First, we can observe that the Baseline and the Efficient model achieve very similar
scores, with the identification rate dropping marginally from 92.05% to 91.94%. Looking at

47



CHAPTER 7. RESULTS

Table 7.2: Incremental model configurations.

Model Changes from previous

Baseline None (original pipeline)
Efficient + runtime optimizations
Enhanced + new centroid extraction
ONNX + ONNX export
TensorRT + TensorRT compilation

Table 7.3: Landmark identification rate and distance error per model configuration, com-
pared with other methods evaluated on VerSe 2019 test set.

Identification rate (%) Distance (mm)

Model Mean Std Median Mean Std Median

Ours

Baseline 92.05 15.70 100.00 5.68 5.73 4.12
Efficient 91.94 15.81 100.00 5.92 5.71 4.24
Enhanced 93.62 13.65 100.00 5.59 5.07 4.12
ONNX 93.62 13.65 100.00 5.59 5.07 4.12
TensorRT 93.62 13.65 100.00 5.59 5.07 4.12

Literature Payer C. [76] 94.25 – 100.00 4.80 – 3.37
Lessmann N. [77] 90.42 – 100.00 7.04 – 5.3
Chen M. [13] 86.73 – 100.00 7.13 – 3.81

the per-case results, this difference corresponds to a single vertebra that was no longer cor-
rectly identified. The mean distance also increased slightly from 5.68 mm to 5.92 mm, and
the median rose from 4.12 mm to 4.24 mm, indicating that the predictions are a little less
precise overall. This small loss in accuracy can be explained by the GPU-based resampling
introduced in the preprocessing. Trilinear interpolation is a first-order method, whereas
the original CPU-based resampling used third-order spline interpolation and applied
a Gaussian anti-aliasing filter before downsampling. So it gives a coarser interpolation.
However, the impact remains minimal, the identification rate decreases by only 0.11%, and
as we will see in the next section, this small loss is compensated by the efficiency gains it
provides.

The Enhanced model improved the identification rate by more than one and a half
percentage points over the Efficient, going from 91.94% to 93.62%. This gain comes from
switching the centroid extraction from argmax to center of mass. The mean distance
and the standard deviation and the median also decreased slightly, which shows that the
change is small overall but corrects the localization in a few difficult cases.

Figure 7.1 illustrates one such case on C5 vertebra, where the left panel with the ground
truth, the argmax and the center of mass on the slice. The middle panel shows the full
predicted heatmap on its peak slice. It is spread over two vertebrae and its highest value
falls in the intervertebral disc, below the C5 vertebra. Because the argmax keeps only this
single highest voxel, it places the centroid in the disc, away from the ground truth, and the
prediction ends up too far from the correct vertebra to be counted as a valid identification.
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The right panel shows the same heatmap after keeping only the voxels above 50% of the
peak and summing them across all slices, which is why the color scale is a cumulative
probability larger than one. This threshold removes the low-value outskirts, so the region
shrinks in diameter and concentrates around C5. Taking the center of mass of this region
averages the whole high-confidence core instead of relying on one voxel, which brings the
centroid back onto the correct vertebra and makes the prediction valid. It works better
here because the useful information lies in the overall shape of the high-confidence region,
which is centered on C5, rather than in the exact location of the peak. So averaging over the
whole region is therefore more robust to the highest peak voxel that is on the disc, whereas
the argmax depends entirely on it.

Figure 7.1: Comparison of the argmax and center of mass centroid extraction on the pre-
dicted heatmap of vertebra C5. Left: the three positions on the slice with the ground truth
(cyan), argmax (red) and center of mass (green). Middle: the full predicted heatmap on its
peak slice. The heatmap spreads over two vertebrae and its peak is in the intervertebral disc,
so the argmax (red) is placed below the C5 body, away from the ground truth (black cross).
Right: the cumulative probability across all slices after keeping only the voxels above 50% of
the peak. The region is more compact and its center of mass (blue) falls back onto the correct
vertebra.

The ONNX and TensorRT variants show no change in performance as can be seen
from the identical scores with Enhanced, which is expected since they represent the same
network exported to a different format and confirms that the conversion was carried out
correctly.

To compare the performance with methods from the literature, the top three meth-
ods from the VerSe 2019 [13] challenge rankings were selected. Among them, Payer et al.
(2020) [76] has the best ID rate but they report a total runtime of approximately 40 seconds
per image on average with an NVIDIA TITAN V GPU. As we will see in the next section, our
pipeline processes an image in only a few seconds on average, which makes it significantly
more suitable for clinical deployment despite a lower identification rate.
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7.2 Measured times

In this section, we evaluate the impact of the improvements described in Chapter 6 on the
computational efficiency of the nnLandmark pipeline. The analysis is organized by pipeline
phase presented in Section 5.3: setup, preprocessing, inference, postprocessing, and total
execution time. All measurements were performed on the test set of VerSe2019 (40 cases)
using an NVIDIA A100 GPU. To see the impact of each improvement on execution time,
the following configurations were evaluated: Baseline, which corresponds to the original
nnLandmark_3d_coarse_2.0 pipeline without any modification, the Optimized (referred
to as Efficient and Enhanced in the performance section), ONNX and TensorRT. The Base-
line measurements were taken on one worker for preprocessing and one worker for post-
processing phase. All improved configurations use the single-threaded pipeline described
in Section 6.1.3, meaning that preprocessing, inference and postprocessing run sequen-
tially on the main thread without background workers.

7.2.1 New setup phase

Table 7.4 reports the setup phase breakdown for each configuration. There are empty en-
tries in the table, this means the corresponding step is no longer used in the configuration
and so the time is 0 seconds. The measurements shown in the table correspond to the time
taken to set up the framework and the model. This phase takes place before preprocessing
captures the first image. The setup phase does not depend on the number of images, as the
model is run only once for all 40 images. The time shown is therefore the total time.

Table 7.4: Total setup phase execution time breakdown covering both framework initializa-
tion and model loading (in seconds).
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Baseline – 0.49 6.29 0.01 6.28 0.54 13.60
Optimized – – – – 5.04 0.48 5.53
ONNX 1.10 – – – 0.00 0.00 1.10
TensorRT 0.11 – – – 0.00 0.00 0.11

By comparing the Baseline with the Optimized, we can immediately see the effect of
removing the background workers. In the Baseline, the file setup (0.49s), the data iterator
initialization (6.29s) and the export pool creation (0.01s) together add up to 6.79s. These
three steps have been removed in the Optimized because the single-threaded pipeline
does not require spawning background workers. The data iterator alone consumed 6.29s
in the Baseline, which corresponds to the time needed by Python’s multiprocessing library
to spawn a fresh interpreter, import all required libraries and establish the inter-process
communication. There is also a difference in model loading and weights loading, with the
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Optimized configuration being faster on average for both. Since no modification was made
to these steps, we attribute this to normal variability in the measurements.

The ONNX configuration further reduces the setup time to 1.10s. The Wrapper col-
umn in Table 7.4 corresponds to the time required to load the ONNX or TensorRT model
through the wrapper class. As explained before, the wrapper replaces the PyTorch model
with an ONNX Runtime session or a TensorRT engine, and the class loads the model stored
in the corresponding format, including the model and the weights, so everything is loaded
in one go. There is no need to initialize the PyTorch network architecture (model loading =
0s) and to load the PyTorch checkpoint file (weights loading = 0s). Instead, the only cost is
the wrapper initialization (1.10s), which loads the ONNX model file into ONNX Runtime
and allocates the GPU resources. There is a 92% time saving compared to Baseline.

The TensorRT setup is the fastest, taking only 0.11 seconds. It has the same advantages
as ONNX in that it does not load the PyTorch model and weights. The difference is in the
wrapper time. As mentioned earlier, it works by using a serialized file with a simplified com-
putational graph thanks to several node optimizations. In addition, it uses quantization to
reduce memory consumption.

7.2.2 New preprocessing

Table 7.5 reports the sequential preprocessing time breakdown where we can see each
step involved in this phase. The biggest improvement is in the resampling step, which
was identified in Section 5.5 as the most expensive stage of preprocessing. In the Baseline,
resampling averages 2.90s per image with a high standard deviation of 3.72s and a median
of 1.26s. In the Optimized configuration, this drops to 0.01s with a standard deviation of
0.02s, effectively making resampling instantaneous. This speedup is a direct consequence
of replacing the CPU-based third-order spline interpolation from Scikit-Image with
GPU-accelerated trilinear interpolation from PyTorch. The massive parallelism of the GPU
allows all output voxels to be computed simultaneously.

The cropping step also benefits significantly from optimization. In the Baseline, cropping
averages 0.38s with a standard deviation of 0.52s. In the Optimized configuration, it drops
to 0.01s with a standard deviation of 0.02s. This improvement comes from the bounding
box optimization in which we no longer perform the flood-fill operation.

Image loading remains very similar between the two configurations (0.66s versus 0.55s),
which is expected since we didn’t touch it because it depends on file size and disk speed
rather than on pipeline optimizations. Normalization shows a very small increase (0.02s
to 0.05s), which is negligible and likely due to measurement variability. Overall, the total
preprocessing time per case decreases from a mean of 3.98s to 0.63s, a reduction of 84%.
This confirms the effectiveness of the combined improvements. We did not compare
them against the ONNX and TensorRT configurations because they share the exact same
preprocessing pipeline as Optimized, meaning the processing times would be identical.
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Table 7.5: Time spent on each step of the preprocessing steps per case for each configuration
(in seconds).

Configuration Step Mean Std Median

Baseline

Load 0.66 0.99 0.24
Crop 0.38 0.52 0.17
Normalization 0.02 0.03 0.01
Resampling 2.90 3.72 1.26

Total 3.98 5.24 1.76

Optimized

Load 0.55 0.86 0.19
Crop 0.01 0.02 0.00
Normalization 0.05 0.09 0.02
Resampling 0.01 0.02 0.00

Total 0.63 0.98 0.22

7.2.3 Inference optimization

Table 7.6 reports the inference time per case.

Table 7.6: Inference time per case (in seconds).

Configuration Mean Std Median

Baseline 0.84 0.92 0.32
Optimized 0.50 0.57 0.17
ONNX 0.45 0.59 0.10
TensorRT 0.24 0.32 0.06

We can see that Optimized reduces the mean, standard deviation, and median com-
pared to the Baseline, although no modifications were made to the neural network’s
topology. One explanation for this speedup is that the entire new pipeline runs on a single
thread, which means the tensor is already on the main thread and can be fed directly into
the network. In the Baseline, background workers indirectly influence the inference time
because there is an inter-process communication where the background worker and the
main thread exchange data, along with context switches, so they must be added to the
model inference time.

The ONNX configuration averages 0.45s per case, which is slightly faster than the
Optimized (0.50s). Although ONNX Runtime can apply improvements to the computa-
tional graph such as operator fusion or constant folding, these optimizations can only be
applied if the model contains operations that ONNX Runtime knows how to optimize.
Since our network is based on a simple U-Net variant with standard convolutional layers,
the opportunities for fusion are limited. Nevertheless, ONNX is consistently faster, both in
mean (0.45s versus 0.50s) and median (0.10s versus 0.17s), suggesting that even moderate
graph-level optimizations provide a small gain.

The TensorRT configuration achieves the best results across all three metrics, with a
71% reduction in mean inference time compared to the Baseline. This confirms that the
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optimizations offered by TensorRT, such as kernel auto-tuning and FP16 quantization,
have made our original model more efficient. The absolute time difference remains small
when compared on the order of a second, since our original model is already lightweight
and the measurements were performed on a high-end GPU. It is therefore more meaning-
ful to consider the relative speedup, which is expected to generalize across different model
and hardware configurations.

7.2.4 New postprocessing

Table 7.7 reports the sequential postprocessing time breakdown per case, showing each
step involved in this phase for both the Baseline and the Optimized configuration. Since
ONNX and TensorRT share the same pipeline as Optimized, the execution times for the
postprocessing phase will be identical, so there is no need to include them in the table.

Table 7.7: Postprocessing time breakdown per case (in seconds).

Configuration Step Mean Std Median

Baseline

Resampling 34.87 55.38 10.31
Mask creation 4.36 7.31 1.39
Cropping reverse 0.32 0.53 0.10
Centroid extraction 5.90 10.15 1.79
Export output 0.04 0.05 0.02

Total 45.49 73.25 13.61

Optimized

Resampling 0.00 0.00 0.00
Mask creation 0.00 0.00 0.00
Cropping reverse 0.00 0.00 0.00
Centroid extraction 0.45 0.57 0.14
Export output 0.00 0.00 0.00

Total 0.45 0.58 0.14

The postprocessing phase is the part of the pipeline where efficiency has improved the
most, as can be seen from the measured times. The Baseline averages 45.49s per case, mak-
ing it by far the most time-consuming phase of the original pipeline, as already identified
in Section 5.5.2.4. In the Optimized configuration, this drops to 0.45s, a reduction of 99%.
This observation is a direct consequence of the new postprocessing approach described in
Section 6.3.

The mask creation and export output times both drop to 0s. This is because we no
longer compute the segmentation mask nor save the NIfTI segmentation file, since neither
is needed for centroid extraction. The mask provided no additional information in our case
because the network already outputs one heatmap per channel, from which the centroid
can be extracted directly. The only file saved is a lightweight JSON containing the centroid
coordinates and their likelihoods, which takes a negligible amount of time to write.

In the Baseline, the network output had to be resampled back to the original image
resolution before any centroid could be extracted. This resampling step alone averaged
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34.87s per case and accounted for the vast majority of the postprocessing time. In the Op-
timized configuration, the resampling and cropping reverse steps are entirely eliminated
because the centroids are now extracted directly in network space and their coordinates
are mapped back to the original image geometry through a simple scaling and offset. These
operations are performed in constant time per landmark, which explains why the time
for these two steps is very close to zero second. The only remaining cost is the centroid
extraction itself, which drops from 5.90s to 0.45s. The center of mass is computed on
the heatmap at network resolution rather than on the full-resolution resampled volume,
meaning far fewer voxels need to be processed.

There is always a significant gap between the mean and the median, whether for the
Optimized or the Baseline model, in the centroid extraction results, indicating that certain
images cause a significant increase in processing time. However, the standard deviation is
much lower relative to the mean for the Optimized model, suggesting that the number of
cases having an impact has been reduced. Based on our measurements, the new approach
is therefore more robust to variations in input image size.

7.2.5 Total time improvement

We were able to analyze the various stages of the pipeline. Now Table 7.8 and Table 7.9 re-
port the total pipeline execution time for each configuration across all 40 cases in the test
set. For the Baseline, the columns Preproc. wait, Export wait and Postproc. wait correspond
to the time the main thread spent waiting for the background workers, as described in Sec-
tion 5.3. For the Optimized, ONNX and TensorRT configurations, the pipeline runs on a
single thread without background workers, so it corresponds to the actual durations of the
total preprocessing and postprocessing times.

Table 7.8: Total pipeline execution time breakdown for Baseline (in seconds).

Processing (main thread)

Configuration Setup Preproc. wait Inference Export wait Postproc. wait Total

Baseline 13.60 18.82 33.44 1738.39 54.78 1859.04

Table 7.9: Total sequential pipeline execution time breakdown (in seconds).

Configuration Setup Preprocessing Inference Postprocessing Total

Optimized 5.53 25.20 19.87 18.00 68.60
ONNX 1.10 26.61 17.84 18.68 64.23
TensorRT 0.11 27.43 9.77 18.80 56.11

The difference in execution time between the original nnLandmark pipeline on the
nnLandmark_3d_coarse_2.0 configuration and the Optimized version is striking. The
total time drops from 1859.04s for the Baseline to 68.60s for the Optimized configuration, a
96% reduction, while preserving the same identification performance. This confirms that
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the improvements introduced throughout Chapter 6 have successfully made the frame-
work efficient without sacrificing accuracy. In the Baseline, the pipeline was dominated by
the export wait (1738.39s), which corresponds to the time the main thread spent waiting
for the postprocessing worker to finish resampling the predictions back to the original
resolution and to find the centroids. This bottleneck meant that the fast inference time
of nnLandmark was entirely wasted, as the main thread spent most of the time waiting.
By replacing the costly resampling step with the scaling and offset coordinate mapping in
Optimized configuration, the bottleneck is entirely removed.

The ONNX configuration achieves a comparable total time of 64.23s. As discussed
earlier in the analysis of the setup phase, the slight difference with Optimized comes
from the setup phase (1.10s versus 5.53s), where loading an ONNX model through the
wrapper is faster than instantiating the full PyTorch architecture and loading its weights.
The preprocessing and postprocessing times are nearly identical since both configurations
share the same pipeline code for these phases. Inference is also slightly faster on ONNX
than on Optimized.

The TensorRT configuration is the fastest overall at 56.11s, driven primarily by its lower
inference time (9.77s versus 19.87s for the Optimized). The setup phase is also the fastest
at 0.11s, since loading a precompiled TensorRT engine requires minimal initialization
compared to building a network from a plan file. On a per-case basis, TensorRT processes
an image in an average of 1.40s, which is within the range required for clinical deployment.
In addition, it’s much faster than the base model’s average of 46.48s.

7.3 Efficiency measurements in different conditions

7.3.1 Context

All the timing measurements presented throughout this chapter were obtained on the
computing clusters of the CECI with an NVIDIA A100 GPU. Images were processed con-
secutively within a single run, so the setup phase was amortized over the entire set. These
conditions were well suited to benchmarking, as they allowed us to compare configura-
tions and isolate the impact of each improvement, but they do not capture all conditions
under which the model may be deployed in practice. Two factors in particular influence
the total execution time: the available hardware and the way images are submitted to the
pipeline.

The first factor is the hardware. The model could be deployed on a centralized server
with a powerful GPU, whether in a hospital or in the cloud, or directly on the radiologist’s
local workstation, which is far less powerful and not dedicated to AI inference. To represent
these two cases, we use the NVIDIA A100 as the server-class GPU and the NVIDIA RTX
3060 Ti as the workstation GPU. As Telemis recommends an RTX 3060 or RTX 4060 as the
minimum GPU for its PACS solution, the RTX 3060 Ti is slightly more powerful but is still
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worth trying out and can be a representative choice for a typical clinical workstation.

The second factor is the way images are submitted to the pipeline. In the multi-case
scenario, all images are placed in a folder and processed sequentially in a single run,
with the model loaded once and kept in memory throughout. This reflects situations
where several scans are analyzed together or previous studies are reprocessed, as well
as a dedicated server handling a queue of images without reloading the model. In the
single-case scenario, the pipeline is restarted for each image: the model is loaded onto
the GPU, the image is processed to produce the predictions, and the pipeline shuts down
once it is done. This better matches the typical clinical workflow, where a radiologist opens
a new study and expects the identification within a few seconds. It is also relevant for
servers, since releasing the model when the GPU is idle avoids needless memory use and
power consumption. The single-case mode is therefore the most demanding condition, as
the full setup overhead is counted in the time for every image.

Combining these two factors gives four scenarios: server with multi-case, server with
single-case, workstation with multi-case, and workstation with single-case. By comparing
the two processing modes on the same GPU, we can measure how much the setup over-
head affects the total time. This overhead includes not only loading the model but also
the GPU initialization that occurs the first time a process performs a computation on the
device. By comparing the two GPUs on the same processing configuration, we can see how
much the hardware matters. Together, these four scenarios cover a range of conditions,
giving a clear view of how the pipeline performs in different cases.

7.3.2 Measurements

To evaluate the robustness of our improvements, we therefore measured the performance
of each configuration under different combinations of these factors. Table 7.10 reports the
end-to-end mean time per case across both GPUs and both scenarios. The Baseline con-
figuration is excluded because its execution time, as shown in the previous sections, is
too slow to be relevant for clinical deployment. Also in multi-case mode, the per-image
time excludes the setup phase, since this scenario represents a dedicated server where the
model is loaded once at startup and remains in memory across requests. In single-case
mode, setup is included because each image starts a new pipeline. It is worth noting that
the library import time takes a few seconds for loading packages such as PyTorch, NumPy,
ONNX Runtime, TensorRT but this is not included in these measurements. In a production
deployment, this cost can be avoided entirely by keeping the inference process running as
a persistent service, so that the libraries are loaded once at startup and remain in memory.
The exact strategy depends on how the model is integrated into the PACS software and falls
outside the scope of this thesis.

In the multi-case scenario on the A100, all three configurations achieve comparable
times between 1.40s and 1.72s per case, confirming that when the setup cost is amortized,
the differences between the formats are small. TensorRT is the fastest at 1.40s, benefiting
from its compiled engine and FP16 quantization. On the RTX 3060 Ti, the times increase to
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Table 7.10: Mean inference time per image for each combination of GPU and processing
mode (in seconds).

A100 RTX 3060 Ti

Configuration Multi-case Single case Multi-case Single case

Optimized 1.72 2.39 2.01 2.50
ONNX 1.60 2.84 2.09 2.30
TensorRT 1.40 1.76 1.58 1.67

between 1.60s and 2.09s, but all configurations remain under 2.1s per case, which is well
within an acceptable range for clinical use.

The single-case scenario reveals more significant differences between configurations,
since the setup overhead is no longer amortized over multiple images. On the A100, the
Optimized configuration takes 2.39s per case, an increase of 0.67s compared to multi-case.
ONNX is slower at 2.84s, because initializing an ONNX Runtime session for every image
introduces an overhead that does not exist in the multi-case scenario where the session is
created once. TensorRT, on the other hand, remains the fastest at 1.76s, with only a 0.36s
increase compared to multi-case. This is consistent with the setup phase measurements
reported in Section 7.2.1, where loading a precompiled TensorRT engine was shown to be
a very lightweight operation.

A surprising result is that ONNX in single-case mode runs slower on A100 (2.84s) than
on the RTX 3060 Ti (2.30s). Since this observation was not seen in multi-case mode, the
cause must be related to the setup and depend on the hardware on which the model is
running. This hardware factor also complicates Optimized and ONNX. The difference be-
tween the two is very small, and depending on the scenario, one may be more efficient
than the other. Overall, TensorRT is the most consistent configuration across all conditions,
achieving the lowest times in every scenario and showing minimal sensitivity to both the
hardware and the type of image submissions. All configurations remain under 3s per case
even in the least favorable condition (ONNX, single-case, A100 at 2.84s), which falls within
the few-second requirement set by Telemis for clinical integration. TensorRT has there-
fore clearly proven that it is adapted for deployment, whether the model is integrated as
a persistent server-side service or as an on-demand tool on the radiologist’s workstation.
Using TensorRT offers real benefits, but the other configurations while they take longer on
average to process images, also meet deployment requirements in terms of efficiency by
taking just a few seconds on average. This would not have been possible without our neu-
ral network, which was specifically designed for rapid inference. Furthermore, without the
improvements to the framework to reduce the time required for preprocessing and post-
processing, TensorRT alone would not have been able to have acceptable results for clinical
deployment.

57



C
H

A
P

T
E

R

8
CONCLUSION

8.1 Summary of key findings

This master’s thesis focused on developing a deep learning model for automatic vertebra
identification on CT images that satisfies two strict constraints for clinical deploy-
ment: high identification accuracy and fast execution time. The research evaluated two
open-source frameworks, nnU-Net and nnLandmark, comparing them across multiple
configurations to select the most promising candidate for optimization with a view to
integrating it into a medical application.

Our experiments revealed a clear trade-off between performance and efficiency. The
nnU-Net framework achieved the highest identification rate at 94.76%, but its inference
was far too slow for real-world clinical use, averaging 20.53s per case at full resolution.
Conversely, the nnLandmark model inferred much faster, averaging under 1 second for
the coarser configuration but had a lower identification rate of 92.05%. A detailed analysis
of the nnLandmark pipeline revealed that the primary bottleneck was the postprocessing
phase, where resampling heatmaps back to the original resolution consumed an average
of 35 seconds per case. The actual neural network inference represented only a small
fraction of the total execution time, which was heavily dominated by preprocessing and
postprocessing steps.

After applying a series of architectural optimizations to the nnLandmark pipeline,
the total processing time for the 40 images test set was drastically reduced from 1859.04s
to 68.60s, and further reduced to 56.11s using a TensorRT engine. This translates to an
average execution time of 1.58s (Optimized) and 1.40s (TensorRT) on an NVIDIA A100
GPU. Even on consumer-grade hardware (NVIDIA RTX 3060 Ti), the average execution
time remained around 2 seconds, satisfying the time requirements for clinical workflow
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integration. Furthermore, identification performance improved from 92.05% to 93.62% by
replacing the argmax extraction with a center-of-mass calculation.

8.2 Contributions to the field

This research provides several practical and methodological contributions in the field
of medical imaging. To the best of our knowledge, this is the first time that the newly
released nnLandmark framework has been applied to vertebra identification on CT scans.
We demonstrated that it generalizes well to this task, delivering competitive accuracy
with significantly lower computational cost than segmentation-based approaches like
nnU-Net. Additionally, we provided a comparison of both pipelines by breaking down
execution times across setup, preprocessing, inference and postprocessing phases rather
than just reporting a single total inference time. By publishing this detailed analysis,
we are establishing a baseline for researchers, and we have highlighted that pre- and
post-processing steps often dominate the total execution time.

Furthermore, we developed an open-source pipeline designed specifically for ef-
ficient clinical use (source code available at https://github.com/Akialess/
Efficient-nnLandmark. The key improvements are the single-threaded execution
for single image inference, GPU-accelerated resampling, and extracting centroids via
center-of-mass directly in the prediction space by mapping back to the original coordinate
system using a simple scaling and offset. We also demonstrated that integrating ONNX and
TensorRT (with FP16 quantization) via custom wrappers effectively accelerates inference
without modifying the model and the original codebase. Since these optimizations target
pipeline-level inefficiencies rather than task-specific design choices, they are highly
transferable to other projects built on nnU-Net or nnLandmark. Finally, to address the
practical challenges associated with technology transfer, our solution separates the deep
learning framework from the clinical software. The pipeline generates a lightweight JSON
file containing vertebra labels, their coordinates, and confidence scores, enabling an easy
integration with any PACS viewer.

8.3 Limitations and future work

As a feasibility study designed to be completed within a single academic year, this thesis
successfully proved that accurate and rapid vertebra identification is achievable for
clinical use. However, several limitations remain before production deployment. The
main limitation concerns performance. An identification rate of 93.62% is a reasonable
result but it is insufficient for real world clinical application and the mean localization
distance of approximately 6 mm is still imprecise. To improve the performance in a future
work, we can train the model on more diverse datasets, like VerSe 2020, CTSpine1K and
BioMedIA to improve generalization. This is especially important given that the VerSe
2019 dataset lacks full-spine images and completely omits the T13 transitional vertebra.
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To correct network misclassifications, we can also integrate postprocessing anatomical
constraints that enforce vertebral ordering, position and spacing. For example, Bürgin
et al. [78] propose a Graph Neural Network that refines the local maxima extracted from
U-Net heatmaps.

Beyond performance, hardware limits and clinical integration present additional chal-
lenges. While the pipeline performs well on an RTX 3060 Ti, it should be benchmarked
on lower-end GPUs or CPU-only setups to test extreme hardware limits. If time require-
ments are not met on weaker hardware, model compression techniques like pruning
and knowledge distillation should be explored. This work only covers the deep-learning
pipeline with design, training and optimization. Deploying a model in a clinical environ-
ment raises additional challenges. For instance, the pipeline will require adding support
for the DICOM format, as the pipeline currently relies on NIfTI volumes. In addition, a
deployment strategy would have to be defined: running inference on a dedicated server
offers scalability but adds infrastructure cost, while executing directly on the radiologist’s
workstation is cheaper to set up but depends on the available hardware. This hardware
dependency is compounded by TensorRT, as its engines must be explicitly rebuilt for each
specific GPU architecture. Once these questions are resolved, the next step would be to
integrate the model into a PACS viewer to conduct a study with radiologists to see if the
speed gains observed in this thesis translate into a real reading time reduction.
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(a) Training set.
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APPENDIX A. DISTRIBUTION OF VERTEBRAE ACROSS VERSE 2019

(b) Validation set. (c) Test set.

Figure A.1: Overview of vertebrae distribution. Each column represents a CT image. Each
row represents the presence of one of the 25 vertebrae, from C1 to L6.
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Figure B.1: Inference time versus number of voxels for each configuration. Each point is a
single image. Here the y-axis range is the same for every subplot so the linear trend is visible
even for nnLandmark, where inference takes only a few seconds
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APPENDIX B. INFERENCE TIMES SCALING WITH IMAGE SIZE

For all configurations, the inference time scales linearly with the number of voxels in
the input image, as shown by the fitted regression lines. The R2 values range from 0.662 to
0.831, confirming that image size is the primary factor driving inference time. Figure B.1
uses an adapted y-axis per subplot to reveal the linear trend even for the nnLandmark con-
figurations, where inference times remain under a few seconds. Figure B.2 uses a shared
y-axis across all subplots, which makes clear the large absolute difference between nnU-
Net and nnLandmark.

Figure B.2: Same data as Figure B.1, but with a shared y-axis to show how much faster nn-
Landmark is compared to nnU-Net in absolute terms.
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INFLUENCE OF BATCH SIZE ON GENERALIZATION

Keskar et al. (2017) [75] showed that smaller batch sizes produce noisier gradient estima-
tion, since the model sees fewer data points at each step. Counterintuitively, this noise is
beneficial: it steers the optimization toward flat local minima, which tend to generalize
better to unseen data. In contrast, larger batch sizes yield more accurate gradient estimates
with less noise, which causes the optimizer to follow the steepest descent path and settle
into sharp local minima. While these sharp minima fit the training data well, they are
highly sensitive to small changes in the data distribution, leading to poorer generalization
on new samples.

This trade-off is illustrated in Figure C.1. The black curve represents the training loss
function, while the dashed red curve represents the testing loss function. At the flat
minimum on the left, both curves reach similarly low values, meaning the model performs
well on both training and test data. At the sharp minimum on the right, the training loss
is low but the testing loss is considerably higher, because even a slight shift in the data
distribution causes the loss to increase.

Figure C.1: Example of a flat and sharp minima. The Y-axis indicates value of the loss func-
tion and the X-axis the variables (parameters) [75]
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