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Abstract

Introduction: Transcatheter Aortic Valve Implantation (TAVI) is a minimally invasive procedure for replacing a
diseased aortic valve, where accurate preoperative planning is essential to minimize complications during catheter
navigation. A critical component of this planning involves determining the optimal vascular access route for catheter
insertion. However, due to the thin, small and convoluted structure of iliac arteries, selecting the optimal access route
based solely on imaging data remains a significant challenge. Vessel segmentation enables iliac diameter measurement
and route optimization but is hindered by the thin and convoluted structure of iliac arteries, making 3D annotation
both difficult and time-consuming.

Methods: This study develops an efficient segmentation framework using an active learning pipeline guided by prob-
abilistic uncertainty. The strategy intelligently queries uncertain samples for expert correction while using high-
confidence predictions as pseudo-labels to enrich the training data. The resulting segmentations are then input into a
complete downstream workflow for automated diameter quantification, which uses skeletonization and graph-based
centerline extraction. Finally, we conduct a modality ablation study using both pre- and post-contrast CMR to sys-
tematically evaluate the impact of multi-modality on model performance.

Results: The active learning pipeline successfully trained a robust segmentation model over five iterations, achieving a
final overall Dice score of 0.912 and a corresponding Mean Absolute Percentage Error (MAPE) of 4.92% for diameter
quantification with minimal manual annotation. The ablation study revealed that models trained on post-contrast data
significantly outperformed those trained on pre-contrast data, establishing data quality as the most critical factor for
performance. The diameter quantification workflow proved effective in generating detailed profiles of the entire aorto-
iliac access route.

Conclusion: This thesis successfully demonstrates that an annotation-efficient active learning framework can pro-
duce highly accurate segmentation of complex aortic structures from CMR. The work delivers a valuable end-to-end
pipeline from image to clinically relevant diameter measurements, providing critical insights into the factors governing
automated TAVI planning and underscoring the importance of data quality for robust performance.

Keywords: Active Learning, Aortic Segmentation, Vessel Diameter Quantification, TAVI Planning, Cardiovascular
Magnetic Resonance (CMR)

1. Introduction

Aortic Stenosis (AS), a progressive narrowing of
the aortic valve opening, represents the most preva-
lent valvular heart disease in the Western world, affect-
ing approximately 12.4% of individuals over 75 years
old, with severe AS present in about 3.4% of this pop-
ulation(Osnabrugge et al.l [2013). This condition, of-
ten caused by age-related calcification and scarring, re-

stricts blood flow from the heart, yet many elderly pa-
tients are considered too high-risk for traditional open-
heart surgery. For these patients, Transcatheter Aortic
Valve Implantation (TAVI), a minimally invasive proce-
dure, has emerged as the gold-standard treatment(Diez,
2013)). Successful TAVI planning relies on precise pre-
procedural imaging to assess the aortoiliofemoral access
route and size the valve prosthesis, a task convention-
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ally performed using contrast-enhanced Computed To-
mography Angiography (CTA) (Al-Najafi et al., 2016).
A pivotal aspect of this planning involves evaluating
the iliofemoral arteries to determine their suitability for
catheter insertion. Specifically, arteries with diameters
below 5 to 5.5 mm are associated with a heightened risk
of vascular complications, including iliac artery rupture,
which can be fatal (Mach et al., [2021)

However, the reliance on CTA presents a significant
clinical challenge. A substantial portion of the TAVI
patient population suffers from pre-existing renal im-
pairment, with reported prevalence rates of chronic kid-
ney disease (CKD) as high as 70%(Ram et al., 2017).
The iodinated contrast agents required for CTA are
nephrotoxic and contraindicated in these patients, cre-
ating a critical need for contrast-free imaging alterna-
tives. Cardiovascular Magnetic Resonance (CMR) has
emerged as a promising radiation-free solution, capa-
ble of providing the necessary anatomical and func-
tional details for TAVI planning(Mahon and Mobhi-
addin} 2021). Unenhanced CMR protocols, combining
techniques like Quiescent-Interval Single-Shot MR An-
giography (QISS-MRA) with 3D “whole heart” imag-
ing, have shown particular promise for comprehensive,
contrast-free TAVI guidancePamminger et al.| (2020).
A recognized limitation of techniques like Quiescent-
Interval Single-Shot MR Angiography (QISS-MRA) is
the inability to directly visualize vascular calcifications,
as they depict the vessel lumen rather than the vessel
wall and its associated plaque burden. Despite this,
the clinical viability of a CMR-based approach remains
high. Notably, CTA can be susceptible to blooming ar-
tifacts in heavily calcified vessels, which may lead to
an underestimation of the true luminal diameter. Stud-
ies comparing non-contrast MRA with the CTA “gold
standard” have found strong correlations in vessel di-
ameter measurements, resulting in comparable deci-
sions regarding transfemoral access capability. This ev-
idence underscores the value of CMR as a robust alter-
native for TAVI planning, particularly for patients with
contraindications to contrast-enhanced imaging (Mayr
et al., [2018)).

Despite its potential, the development of fully auto-
mated pipelines for CMR-based TAVI planning is ham-
pered by several challenges. CMR imaging is suscepti-
ble to various artifacts, including motion artifacts due to
cardiac and respiratory movements, as well as issues re-
lated to contrast variability. These artifacts can compro-
mise image quality and pose significant challenges for
automated analysis (Oscanoa et al.| 2023). Addition-
ally, the development of robust deep learning models
for automated analysis is hindered by the limited avail-
ability of large, publicly accessible, and expertly anno-
tated CMR datasets. This annotation bottleneck makes
it difficult and time-consuming to train effective models
(Tahir et al., [2023)).

To address these challenges, this thesis proposes a

comprehensive framework for the semi-automated anal-
ysis of both pre- and post-contrast CMR images for
TAVI planning, with a focus on annotation efficiency.
The contributions of this work are fourfold:

1. We introduce an active learning pipeline for aor-
tic structure segmentation, designed to achieve
high accuracy while significantly reducing the
manual annotation effort required by traditional
fully supervised methods.

2. The pipeline is guided by a robust uncertainty
estimation strategy that intelligently queries the
most informative samples for expert review and
uses high-confidence predictions for pseudo-
labeling, thereby optimizing the use of the limited
annotation budget.

3. We present a complete workflow that extends be-
yond segmentation to include automated center-
line extraction and a hybrid diameter calculation
strategy, providing the critical vessel measure-
ments necessary for access route planning.

4. Finally, leveraging a dataset of paired pre- and
post-contrast scans, we conduct a modality ab-
lation study to systematically evaluate the dis-
tinct and combined contributions of each imaging
modality to segmentation and diameter measure-
ment accuracy.

2. State of the Art

Accurate delineation of the aortic anatomy is criti-
cal for Transcatheter Aortic Valve Implantation (TAVI)
to determine optimal prosthesis sizing and catheter ac-
cess routes. While manual analysis of computed to-
mography angiography (CTA) has been the standard,
this process is both time-consuming and prone to inter-
observer variability. Consequently, recent advances in
deep learning have focused on developing automated
pipelines to streamline TAVI planning.

2.1. Automated Measurement and Planning from CT

The automation of TAVI planning from CT data has
seen significant progress. For instance, |[Santalo-Corcoy.
introduced TAVI-PREP, a deep learning pipeline that ex-
tracts 22 key anatomical measurements from CT scans,
demonstrating a high correlation with expert-derived
values. Similarly, a fully automated system for local-
izing landmarks and quantifying aortic root morphol-
ogy from CT was proposed by Kriiger et al. (Kriiger,
2023)), showcasing the potential to substantially im-
prove clinical workflow efficiency. Another research
group introduced 4TAVR, a fully automated Al-based
software that performs complete CT-based TAVR plan-
ning—including segmentation, landmark detection, and
valve sizing—with accuracy comparable to expert clini-
cians (Blankenberg et al.l 2024)). These works highlight
the maturity of deep learning applications for CT-based
TAVI planning.
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2.2. Aorta and Iliac Segmentation

Central to any planning pipeline is the accurate seg-
mentation of the aorta and iliac arteries. Deep learning
models like DeepLabv3+ have proven effective for this
task in both CT and CMR contexts. One study success-
fully applied such models for real-time aortic valve de-
tection from cardiac CT, indicating the feasibility of au-
tomated segmentation (Inomatal [2025). However, a per-
sistent challenge remains in segmenting smaller, more
intricate structures like the iliac arteries, particularly
from CMR data where image quality or contrast may
be limited compared to CTA. Recent architectures like
CIS-UNet further improve multi-class segmentation of
the aorta and its branches by integrating convolutional
and transformer-based modules, enabling accurate de-
lineation of complex vascular structures in CTA vol-
umes (Imran et al.,[2024).

2.3. Limitations of Fully Supervised Approaches

A primary limitation of the aforementioned deep
learning methods is their reliance on large, expertly an-
notated datasets for training. While CT datasets are rel-
atively common, high-quality annotated CMR datasets
suitable for TAVI planning are scarce. This “annota-
tion bottleneck” is a major barrier to developing robust,
automated CMR-based tools and motivates the explo-
ration of more data-efficient learning strategies. One
such approach is semi-supervised learning (SSL), where
models learn from a small labeled set and a larger un-
labeled set. For instance, a quality-aware SSL method
was proposed for CMR segmentation, which leverages
downstream task performance to identify high-quality
predictions for use as pseudo-labels in subsequent train-
ing (Ruijsink et al.,2020). Other approaches include re-
cent foundation models like MedSAM?2, which demon-
strate strong generalization capabilities for segmenting
anatomical structures and lesions across diverse imag-
ing modalities (Ma et al.| [2025). However, the seg-
mentation performance of these foundation models on
small and intricate structures, such as the iliac arteries,
remains uncertain.

2.4. Active Learning for Annotation Efficiency

To more directly address the scarcity of labeled data,
active learning (AL) has emerged as a particularly suit-
able strategy. AL aims to minimize annotation cost
by intelligently querying a human expert to label only
the most informative samples. Traditional uncertainty-
based AL methods often use metrics like entropy or
Monte Carlo dropout to identify these samples [Li and
Alstrgml (2020). However, these can be affected by
model overconfidence. To mitigate this, more advanced
frameworks have been proposed. For example, PAAL
is a predictive-accuracy-based framework that combines
an Accuracy Predictor with a Weighted Polling Strategy
to select samples that are both informative and diverse,
reducing annotation costs by up to 80% |Shi (2024).

2.5. Hybrid and Semi-supervised Active Learning
Strategies

The current frontier in data-efficient learning often in-
volves blending AL with semi-supervised techniques.
TAAL, for example, is a hybrid approach that uses
test-time augmentation and entropy-based uncertainty
to generate pseudo-labels from unlabeled data, com-
bining them with actively queried samples |Gaillochet
(2023). Other methods focus on refining the selection
strategy itself; SUBAL is a strategy that selects uncertain
*pixels* within specific target regions rather than en-
tire images, thereby improving class balance and perfor-
mance in medical segmentation tasks Mal(2024). These
methods demonstrate a clear trend toward combining
pseudo-labeling with uncertainty-aware sample selec-
tion to achieve high performance with limited supervi-
sion.

In summary, the literature reveals a strong and evolv-
ing trend toward developing automated cardiovascular
planning tools that are both accurate and annotation-
efficient. While CT-based pipelines have matured con-
siderably, CMR-based solutions are less developed due
to challenges in data quality, annotation availability, and
the anatomical complexity of the access route. The cur-
rent study builds upon these state-of-the-art advances by
developing an active learning pipeline tailored for ro-
bust and efficient segmentation of aortic structures from
CMR, aiming to bridge the gap in automated, contrast-
free TAVI planning.

3. Dataset

3.1. Dataset Acquisition

The dataset utilized in this study was acquired at the
Medical University of Innsbruck, Austria, and com-
prises 337 cardiovascular magnetic resonance (CMR)
scans in DICOM format. This collection includes
166 pre-contrast (non-contrast enhanced) and 171 post-
contrast (gadolinium-enhanced) CMR examinations.
All scans were performed as part of comprehensive pre-
TAVI (Transcatheter Aortic Valve Implantation) assess-
ments.

The pre-contrast CMR scans were acquired using the
non-contrast MRI protocol for TAVI guidance. These
examinations were predominantly performed on 1.5-
T MRI systems. Key acquisition characteristics in-
cluded ECG-gating for sequences like QISS-MRA or
navigator-gating for 3D whole heart acquisitions, with
imaging typically synchronized to a quiescent phase of
the cardiac cycle to minimize motion artifacts. The
anatomical coverage for access route assessment, cru-
cial for TAVI planning, generally extended from the
supra-aortic branches to the femoral arteries. The post-
contrast enhanced CMR scans involved established pro-
tocols for gadolinium-enhanced vascular imaging, com-
plementing the non-contrast assessments. Representa-
tive samples of the pre contrast and post contrast CMR
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(a) Pre-contrast CMR

(b) Post-contrast CMR

Figure 1: Coronal and sagittal views of representative samples from the dataset. Subfigure (a) displays a pre-contrast
CMR scan, while subfigure (b) shows the corresponding post-contrast scan of the same patient.

of a patient are shown in Figure [I{a) and Figure [T[b)
respectively.

3.2. Data Preprocessing

The initially acquired CMR scans were first con-
verted from the original DICOM format to NIfTI for-
mat. To ensure consistency in spatial orientation, all im-
ages were then reoriented to the RAS (Right-Anterior-
Superior) coordinate system. Following this, to ensure a
consistent voxel size across all images, the CMR scans
were resampled to a voxel spacing of 1 X 1 X 1 mm3
using trilinear interpolation.

4. Methodology

This section details the methods employed in this re-
search, encompassing [Vessel Diameter Quantification|

[Active Learning Implementation| and the
Furthermore, it describes the quantita-

tive criteria used for evaluating the experiments.

4.1. Vessel Diameter Quantification

The target of this experiment was to develop a ro-
bust pipeline that accurately quantifies the diameters of
aortic structures if their segmentation masks are given.
The methodology for quantifying vessel diameters from
3D medical image segmentations involves several se-
quential processing steps, from preprocessed data load-
ing to centerline extraction and diameter measurement.
All 3D spatial data and coordinates are consistently pro-
cessed using (Z, Y, X) array indexing, corresponding
to depth, height, and width respectively, resampled to
Imm x Imm x 1lmm spacing, following an initial con-
version of the images to a standardized anatomical ori-
entation, such as RAS (Right-Anterior-Superior) as dis-
cussed in section 3.2. The subsequent subsections de-

scribe the quantification steps in detail. The full pipeline
is illustrated in Figure[3]

4.1.1. Centerline Extraction

Let Izas be the 3D image data in RAS orientation
and its corresponding vessel segmentation masks (e.g.
aorta, iliac artery) be Mgas. This binary mask Mgg (in
XYZ order) is also converted into ZYX order, Mzyy, for
subsequent processing. The core of the vessel’s path, its
centerline, is extracted from the binary mask Mzyx.

o Morphological Skeletonization: The 3D binary
mask Myyy is thinned to a 1-voxel wide 3D skele-
ton S zyx using skeletonization function of the
‘skimage.morphology’ library.

S zyx = skeletonize(Mzyx)

e Largest Connected Component: To focus on the
primary vessel segment and remove smaller and ir-
relevant branches or noise, connected component
analysis is performed on Szyx. Only the largest
connected component (LCC), S ;c¢, is retained.

e Graph Representation and Path Finding: The
skeleton S ;cc is converted into a graph represen-
tation where skeleton voxels are nodes and adja-
cent voxels form edges, weighted by Euclidean
distance considering voxel spacing S. The skan
library’s skeleton_to_csgraph function is uti-
lized for this conversion, yielding a graph G =
(V,E) and corresponding ZYX coordinates for
each node. Endpoints Vgp C V are identified as
nodes with a degree of 1. To identify the principal
centerline of the vessel segment, a two-step pro-
cess is used:
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1. First, for every distinct pair of endpoints
(vi,v;) € Vgp X Vgp in the graph G, the short-
est path connecting them is calculated using
Dijkstra’s algorithm (Dijkstra, (1959). This
results in a set of shortest paths, each repre-

To mitigate this, the Y and X coordinates of the
centerline points are smoothed using a 1D uniform
filter with a defined window size (e.g., 5 points).
The Z-coordinates, representing the primary axis
of progression, are typically not smoothed.

senting the most direct route between a spe-
cific pair of endpoints.

2. Second, from this set of all calculated short-
est paths, the path that has the greatest length
is selected. Sudden jumps in smoothed Y or X coordinates ex-

ceeding a threshold are further corrected by lo-
cal averaging. The smoothed centerline is C’ =
ERARAINS

. Endpoint Correction: For a specified fraction of
points at the beginning of the centerline C’ (e.g.,
the initial 5%), their Y and X coordinates can
be adjusted. For each selected centerline point
(2> ¥y» x;), the Center of Mass (CoM) of the vessel
mask Mzyx in the YX-plane at that specific Z-slice
zx is computed. Let Mzyx(z, -, ) be the 2D slice.
The CoM (Xcom(zk), Yeom(2x)) is found for the LCC
in this slice. The Y and X coordinates of the cen-
terline point are then updated: y;’ = ycom(zx) and
x;! = Xcom(zx). This step aims to ensure the cen-
terline starts robustly within the vessel lumen at its
ends. The refined centerline is C”’. The output of
centerline extraction and refinement from a repre-
sentative mask is illustrated in Figure 2]

4.1.3. Diameter Calculation

In the final step, for each point Py = (g, Yk, Xx) on
the refined centerline C”, the local vessel diameter is
estimated using a hybrid approach.

1. Distance Transform (DT) Diameter: A 3D Eu-
clidean Distance Transform (EDT) is computed on
the binary mask Mzyy, considering voxel spac-
ing S. For each centerline point P;, the EDT

¥; = uniform filter1d(y,, win)

x;, = uniform_filter1d(xy, win)

This selected path—the longest among all the di-

rect routes between any two endpoints—is then de-

fined as the principal centerline of the vessel seg- )
ment.

e Centerline Ordering: The sequence of ZYX co-
ordinates C = {(zx, Y&, xk)};j:"l representing the N,
points along the extracted longest path is then
ordered. The path is oriented such that the Z-
coordinate of the first point is less than or equal to
the Z-coordinate of the last point (z; < zy,), ensur-
ing a consistent inferior-to-superior (or equivalent
based on Z-axis definition) progression along the
centerline.

The resulting ordered centerline coordinates C are saved
as a NIfTI file for visualization.

2

(a) 3D Mask

value EDT (Py) gives the shortest distance to the
vessel boundary. An initial diameter estimate is
Dprj =2 EDT(Py).

2. Ray-Casting Diameter:
o Local Tangent: A local tangent vector Ty at
Py is computed using finite differences be-

tween neighboring centerline points.

o Orthogonal Plane Definition: A plane or-
thogonal to T is defined. If T} is nearly par-
allel to the Z-axis (i.e., 1T, - 5] > cos Orhresh),
the YX-plane at z; is used. Otherwise, two
orthogonal vectors Uy, Vi spanning the plane
perpendicular to T are computed (e.g., using
Frisvad’s method).

(b) Extracted Centerlines

Figure 2: Illustration of centerline extraction. (a) Shows
the 3D mask of aortic structures. (b) Displays the ex-
tracted and refined centerlines from the mask.

o Ray Casting: A set of N,y (€.g., 8) rays are
cast from P; within this defined plane. Each
ray direction jkl- is a linear combination of
ﬁk, ‘71« or lies in the YX plane.

4.1.2. Centerline Refinement
1. Smoothing: The raw centerline C can exhibit mi-
nor step-wise artifacts due to voxel discretizations.
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¢ Boundary Detection: For each ray, originat-
ing from P and extending in directions J_rjk,-,
the points where the ray first exits the vessel
mask Mzyy are found, denoted B;;. and By

o Ray Diameter: The diameter along this ray
is Dyayii = (B — By) © S|, where O is
element-wise multiplication with voxel spac-
ing S.

3. Combined Diameter: The “raw” diameter D, x
at point Py, is calculated with a combination of the
DT-derived diameter and the median of valid ray-
casting diameters:

Dpry + median({Dray,ki D
2

D raw,k =

If insufficient valid ray diameters are found, then
Dy awi = Dpry 1s considered.

4. Post-processing: Lastly, the sequence of raw di-
ameters {D,, «} is processed by linearly interpolat-
ing any missing values. Subsequently, a Savitzky-
Golay filter (e.g., polynomial order 3, window
length up to 51 points, adapted for shorter se-
quences) is applied to obtain the final smoothed
diameter profile {D finqa 4}

The resulting ZYX coordinates and corresponding final
diameters are stored for analysis and visualization.

4.2. Active Learning Implementation

This study employed active learning strategies with
the primary goal of developing a robust aortic structure
segmentation pipeline while minimizing manual anno-
tation effort. The underlying principle of active learn-
ing is that models benefit most from training on sam-
ples they find most challenging, i.e., those for which
they are most uncertain. Consequently, iterative training
with the selective inclusion of new, informative sam-
ples aims to accelerate performance improvement and
achieve high accuracy with fewer labeled examples (Li
et al.| 2024)

4.2.1. Dataset Preparation

For the active learning experiment, we exclusively
used post-contrast Cardiovascular Magnetic Resonance
(CMR) images, as these offer enhanced visibility and
contrast of the cardiac and aortic regions. The dataset
comprised 171 post-contrast CMR scans. These scans
were randomly shuffled and subsequently divided into
training and test sets. From these, 145 samples were al-
located to the training set and 26 to a hold-out test set.
The training set was further partitioned into two sub-
sets: an iterative training pool and an iterative residual
pool. Initially, the training pool contained 15 randomly
selected samples from the training set. The other train-
ing samples were placed in the residual pool for subse-
quent active learning iterations.

4.2.2. Supervised Segmentation

The supervised segmentation iterations were done us-
ing the nnU-Net framework, renowned for its state-of-
the-art performance in various medical image segmen-
tation tasks (Isensee et al.,|2021). The training configu-
ration employed in each iteration is summarized in Ta-
ble[Il No manual modifications were made to the nnU-
Net hyperparameters or its inherent data augmentation
strategies. A 5-fold cross-validation approach was ap-
plied during each training phase to ensure robust model
generalization and effective utilization of the available
data.

Table 1: nnU-Net Training Configurations.

Trainer ResEnc M
Total epochs 300
Optimizer SGD
Initial learning rate (Ir) le—2
Momentum 0.99
Weight decay 3e-5

Lr decay schedule PolyLR

Loss function Dice + Cross-Entropy

Deep supervision True
Iterations per epoch (train) 250
Iterations per epoch (val) 50

Oversample foreground (%) 0.33

Probabilistic oversampling ~ False

Gradient clipping norm 12

4.2.3. Iterative Training Pipeline

The initial training iteration started with 15 samples
from the training pool. Following this, the model per-
formed inference on all samples in both the residual
and test pools. For each subsequent iteration, 15 new
samples were strategically drawn from the residual pool
and added to the training pool. Based on rankings de-
rived from the model’s uncertainty scores (detailed in
Section[4.2.4), 12 most certain samples were selected,
their model-generated segmentations serving directly as
pseudo-labels for the next training round. The 3 most
uncertain samples were chosen for the remaining spots;
their predicted segmentations underwent manual expert
correction before inclusion in the training pool. This
iterative cycle of training, inference, uncertainty-based
selection, and selective re-annotation was repeated for
five iterations, after which performance gains plateaued.
The complete iterative active learning pipeline is illus-
trated in Figure ]

4.2.4. Uncertainty Estimation

To guide the sample selection process in our active
learning pipeline, we implemented a robust uncertainty
estimation strategy based on the probabilistic outputs
of the nnU-Net model. For each unlabeled case in the
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Segmentation Mask / Skeletanization

Centerline Centerline
| Extraction Refinement

Diameter Profile

Figure 3: Overview of the automated vessel diameter quantification pipeline. The flowchart illustrates the sequence
of operations from initial segmentation mask processing, through centerline extraction and refinement, to the final

diameter calculation along the derived vessel centerline.

Re-train every 3 labels

Re-train every 12 labels

Training Pool \ Training W Predict + Filter
Initially 15 cases [' (e ( '{ "
@—' BEI/

Certain Pool

Residual Pool Refine Annotations

130 cases

Figure 4: Overview of the iterative active learning (AL) pipeline designed for annotation-efficient segmentation. The
cycle consists of training a model on the iterative pool, performing inference on the residual pool, and using an
uncertainty estimation module to rank the predictions. In each iteration, new samples are selected: the most uncertain
cases are chosen for manual annotation refinement, while the most certain cases are added with their model-generated
pseudo-labels. This process progressively increases the iterative pool to improve model performance with minimal

manual effort.

residual pool, the model generated probability maps for
the foreground classes: Aorta, Left Iliac artery, and
Right Iliac artery. These probabilities were used for cal-
culating model uncertainty.

For each voxel j within a given class ¢ prediction,
we first considered only those voxels with a predicted
foreground probability p; > 0.01 to focus on regions
with at least minimal evidence of belonging to the target
structure. Several metrics were then computed for each
class c¢ in each case:

1. Mean Voxel Probability: The average of the pre-
dicted probabilities for class ¢ across all relevant
voxels:

=z

- 1
PC:E_ Pj
J

where N, is the number of voxels considered for
class c.

2. Standard Deviation of Voxel Probabilities: This
measures the dispersion or variability of probabil-

ity values for class c:

. Mean Voxel Entropy: Entropy is a common mea-

sure of uncertainty. For each voxel j with proba-
bility p; for a given class, the binary entropy H; is
calculated as:

Hj(p;) = —-p;jln(p;) — (1 — p;)In(l - p))

A small epsilon (1 x 107®) was used to clip prob-
abilities to avoid issues with In(0). The Mean
Entropy for class ¢, H,, is the average of these
voxel-wise entropies over all N, considered voxels.
Higher entropy values indicate greater uncertainty.

. Fraction of Uncertain Voxels: The proportion of

voxels whose predicted probability p; for class ¢
falls within a predefined “uncertain” range, specif-
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ically [0.4,0.6]:

N,
1 &
Funcertain,c = ﬁ Z [0.4 < pj < 0.6)

c ]:l

where I(-) is the indicator function.

5. Fraction of Confident Voxels: The proportion of
voxels with p; > 0.8 for class c.

6. Fraction of Very Confident Voxels: The propor-
tion of voxels with p; > 0.9 for class c¢. This
mEtric, Fyery confident,c> cOntributes to identifying re-
liably segmented regions.

To derive a holistic uncertainty measure for case se-
lection, particularly focusing on the often more chal-
lenging iliac arteries, a composite Case Uncertainty
Score (S ¢.se) Was formulated. For each iliac artery class
¢ € {Left Iliac, Right Iliac} in a case, an intermediate
uncertainty score was calculated:

= F very__confident,c
Sc=H,+ (1 100 )

This score combines the average entropy (direct uncer-
tainty) with a penalty for not having a high fraction of
very confidently predicted voxels (indirect uncertainty),
assuming Flyery confidentc 1S €xpressed as a percentage
value (0-100). The final S, for a given patient scan
was then determined by averaging these scores across
the iliac artery classes present and evaluated for that
case:
S case = mean(sS Left Tiacs S Right Tliac)

Cases with higher S ., values were deemed more un-
certain, while those with lower scores were considered
more certain. This ranking allowed for the selection of
the 3 most uncertain and 12 most certain samples for
each subsequent active learning iteration mentioned in
4.2.3]

4.3. Multimodal Ablation Study

We designed a comprehensive ablation study to sys-
tematically evaluate how different imaging modali-
ties and training data compositions affect segmentation
and diameter measurement performance. This study
assesses models trained on unimodal (pre- or post-
contrast CMR) and multimodal (combined pre- and
post-contrast CMR) data.

4.3.1. Dataset Preparation for Ablation Study

For this component of the research, a specific sub-
set of the main dataset was utilized, comprising only
patients with paired pre- and post-contrast CMR scans.
This initial selection yielded 161 image pairs. A subse-
quent filtering step was applied to ensure matching im-
age dimensions across pairs, resulting in a final dataset
of 160 pairs. Crucially, these image pairs were pre-
registered, which guaranteed perfect spatial alignment

and prevented the need for an explicit registration step
within our pipeline.

The dataset for this ablation study was partitioned
into training and test sets, all derived from the paired
pre- and post-contrast CMR scans. The data used to
construct the various training configurations consisted
of two label types sourced from the preceding active
learning stage:

e Strong Labels: A set of 70 paired cases
with high-quality, manually corrected segmenta-
tion masks obtained from the final pool of the ac-
tive learning iterations.

o Pseudo (Weak) Labels: A set of 66 paired cases
with model-generated pseudo-labels, produced by
running inference with the final active learning
model on the remaining unlabeled cases from the
residual pool.

A separate, held-out Test Set of 24 paired cases, con-
sistent with the one used to evaluate the final active
learning pipeline, was used for the final performance as-
sessment of all models.

4.3.2. Training and Ablation Configurations

Three distinct deep learning architectures were eval-
uated across all configurations to ensure that our find-
ings were not model-dependent: Mednext (Roy et al.|
2024), 3D nnU-Net, and UMamba (Ma et al., [2024).
All models were trained for 100 epochs across two pri-
mary experimental scenarios: unimodal and multimodal
training.

Unimodal Configurations:. In this setting, models were
trained using only a single modality at a time. Four dis-
tinct experiments were conducted to assess the value of
each modality and the impact of adding pseudo-labeled
data:

1. Pre-contrast (Strong): Models trained using only
pre-contrast CMR images with the 70 strong la-
bels.

2. Pre-contrast (Strong + Pseudo): Models trained
using pre-contrast images with all available labels
(70 strong + 66 pseudo).

3. Post-contrast (Strong): Models trained using
only post-contrast CMR images with the 70 strong
labels.

4. Post-contrast (Strong + Pseudo): Models trained
using post-contrast images with all available labels
(70 strong + 66 pseudo).

Multimodal Configuration:. To investigate the benefit
of combining information from both modalities, a mul-
timodal training strategy was implemented. This ap-
proach treated the pre- and post-contrast images from a
single patient as two independent samples for a single-
channel model, effectively doubling the number of
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training instances (e.g., 70 pre-contrast images and 70
post-contrast images for the strong-only set). This strat-
egy was evaluated under two conditions: (i) using only
the 70 strong labels, and (ii) using the full set of 70
strong and 66 pseudo-labels.

These two multimodal configurations, along with the
four unimodal experiments, created a total of six distinct
setups for a thorough analysis of how data modality and
composition affect segmentation and downstream quan-
tification performance.

4.3.3. Evaluation Protocol

Following the training of each model, performance
was assessed on a held-out test set using evaluation
protocols tailored to the model’s training configuration
(unimodal or multimodal).

Unimodal Model Evaluation. The models trained un-
der the unimodal configurations were evaluated exclu-
sively on their corresponding modality. For instance, a
model trained on pre-contrast data was tested only on
the pre-contrast images from the test set, and likewise
for the post-contrast models. This approach was de-
signed to directly measure the performance ceiling for
each individual modality.

Multimodal Model Evaluation. For the multimodally
trained models, a more challenging evaluation was con-
ducted to assess their robustness in a mixed-data en-
vironment. All images from the test set, comprising
both pre- and post-contrast scans, were shuffled and pre-
sented to the trained model in a single, randomized in-
ference session. After predictions were generated for all
images, the results were segregated based on their orig-
inal modality (i.e., grouped into pre-contrast and post-
contrast results).

4.4. Quantitative Assessment Metrics

To rigorously evaluate the performance of our meth-
ods, quantitative metrics were employed to assess both
the accuracy of vessel segmentations and the precision
of derived diameter measurements.

4.4.1. Volumetric Segmentation Accuracy

The accuracy of 3D segmentations for the Aorta, Left
Iliac, and Right Iliac arteries was evaluated using the
Dice Similarity Coefficient (DSC). The DSC measures
the volumetric overlap between an automated segmen-
tation and a ground truth segmentation. This evaluation
criteria was used in Sections[5.2.1]and 5.3

4.4.2. Centerline Diameter Measurement Accuracy
The accuracy of automatically computed vessel di-
ameter profiles was benchmarked against ground truth
profiles. To ensure consistent comparisons, diameter
profiles were preprocessed: aortic profiles were typi-
cally resampled to a fixed number of points (e.g., 200),

while iliac artery profiles were either analyzed at their
native lengths or the predicted profile was resampled to
match the ground truth length for certain metrics. The
evaluation involved the following metrics:

e Mean Absolute Error (MAE): The average ab-
solute difference between corresponding ground
truth (Dgr) and predicted (Dp,.q) diameter points:

N
1
MAE = N ; |Dgt,i — Dprea,il

e Mean Absolute Percentage Error (MAPE): A
relative error measure, calculated as:

100%
N, valid

Dgr,i — Dprea,i
max(Dgr,;, €)

MAPE =

ievalid

where € (1 x 107°) prevents division by zero. For
cases with missing or entirely invalid predicted di-
ameter data, MAPE was set to 100 % to reflect a
total error in averages.

e Pearson Correlation Coefficient (r): Assessed
the linear correlation between ground truth and
predicted diameter profiles. A value of 0 was as-
signed for cases with missing/invalid predictions.

e Dynamic Time Warping (DTW) Distance: Mea-
sured profile similarity, allowing for non-linear
alignments, thus robust to minor shifts along the
centerline.

o Hausdorff Distance (HD): Calculated on 2D point
sets (normalized centerline position vs. diame-
ter) to quantify the maximum discrepancy between
profile shapes.

These metrics were computed per-case and per-
structure, with results aggregated to evaluate overall di-
ameter quantification performance.

5. Results

5.1. Vessel Diameter Profile

Diameter profiles were obtained for both ground truth
and predicted segmentation masks using the
[ameter Quantification| pipeline. The ground truth diam-
eter profiles are used to gain insights to for TAVI access
route planning. Whereas the prediction diameter pro-
files were evaluated based on the criteria described in
Section Figure [5] shows the generated diameter
profiles of the aorta and iliac arteries from a representa-
tive case obtained from it’s ground truth mask.

Generally, the aortic diameter profiles (an example
shown in Figure [5h) exhibited a characteristic tapering
from the proximal (superior) to the distal (inferior) end.
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The measured diameters typically ranged from approxi-
mately 20-30 mm proximally in the descending thoracic
or upper abdominal aorta, tapering to approximately
15-25 mm more distally towards the bifurcation, with
anatomical variations visible along the vessel length.

For the iliac arteries (an example shown in Figure[p),
distinct profiles were generated for the left and right
branches. These profiles generally showed diameters
within the expected physiological range for common
and external iliac arteries, typically between 6-12 mm.
The plots also allowed for the visualization of reference
thresholds, such as the 5 mm limit indicated in the ex-
ample. This threshold is clinically significant, as mini-
mum diameter requirements (often in the range of Smm
to 5.5mm) are crucial for selecting a safe vascular ac-
cess route for Transcatheter Aortic Valve Implantation
(TAVI) delivery systems (Mach et al.,|2021)); diameters
below such thresholds may indicate stenosis that could
complicate or preclude catheter passage. The y-axis in
these plots consistently represents the point index along
the extracted vessel skeleton, ordered from the proximal
to the distal end.

These visual outputs confirm the pipeline’s ability to
generate detailed diameter profiles along the primary
trajectory of the target vessels across the dataset. Details
of the quantitative comparison between ground truth

and predicted profiles are in Section and

5.2. Active Learning Performance Evaluation

The efficacy of the implemented active learning strat-
egy was evaluated by tracking key performance metrics
over five iterations. Figure [f]illustrates the progression
of both volumetric segmentation accuracy and diameter
measurement precision.

5.2.1. Volumetric Segmentation Accuracy

The evolution of volumetric segmentation accuracy,
assessed by the Dice Similarity Coefficient (DSC), is
presented in Figure [6h. The results demonstrate a con-
sistent improvement in segmentation performance with
successive active learning iterations for all evaluated
structures.

The aorta segmentation exhibited high accuracy from
the outset, with DSC improving from approximately
0.926 at the first iteration to a peak of around 0.976
by the fifth iteration. The iliac arteries, which typi-
cally present greater segmentation challenges, showed
more substantial gains. The average DSC for iliac ar-
teries commenced at approximately 0.715 and rose sig-
nificantly to about 0.878 after five iterations. Conse-
quently, the overall mean DSC for all foreground classes
increased from roughly 0.789 to 0.912, underscoring the
benefit of the active learning approach in enhancing seg-
mentation robustness. The most pronounced improve-
ments were observed in the initial two to three itera-
tions, with performance gains gradually plateauing in
later stages.

5.2.2. Centerline Diameter Measurement Accuracy

The accuracy of centerline diameter measurements
also benefited from the iterative training process. Figure
[6b shows the reduction in Mean Absolute Percentage
Error (MAPE) over the five active learning iterations,
where lower MAPE values indicate higher accuracy.

Similar to the segmentation accuracy, diameter mea-
surement precision improved for all structures. The
MAPE for the aorta started at approximately 6.20% and
decreased substantially to about 1.59% by the final iter-
ation. The iliac arteries, presenting more complex ge-
ometries for diameter estimation, began with a higher
average MAPE of around 18.37%, which was reduced
to approximately 8.26% after five iterations. The overall
MAPE across structures improved from about 12.29%
to 4.92%. These trends indicate that the active learning
strategy not only refined the segmentation boundaries
but also contributed to more accurate downstream geo-
metric measurements.

Qualitative examples of diameter profile comparisons
from a representative test case, presumably from the fi-
nal active learning iteration, are presented in Figure
These plots compare the ground truth diameter profiles
with those derived from the predicted segmentations.

For the aorta (Figure[7p), the predicted diameter pro-
file closely follows the ground truth, exhibiting excel-
lent agreement with a reported MAPE of 1.88% and a
Pearson correlation of 1.00 for this case. The left iliac
artery (Figure[7b) also shows good concordance, with a
MAPE of 2.19% and correlation of 0.93, though some
minor deviations are visible, particularly in the distal
segment. The right iliac artery (Figure[7c) demonstrates
strong agreement as well, achieving a MAPE of 1.90%
and a correlation of 0.99. The length ratios for all three
structures are close to 1.0, indicating accurate centerline
length recovery. These examples visually corroborate
the quantitative improvements achieved through active
learning.

5.3. Multimodal Ablation

The results of the multimodal ablation study, de-
signed to assess the impact of imaging modality and
pseudo-labeling, are presented in Table [2] for segmen-
tation accuracy (DSC) and Table [3| for diameter quan-
tification accuracy (MAPE).

Impact of Imaging Modality. A clear performance dis-
parity was observed between models trained on post-
contrast versus pre-contrast data. For segmentation,
the highest average Dice score achieved with post-
contrast data was 0.8871 (3D nnU-Net, Strong), signifi-
cantly outperforming the best average score of 0.7667
achieved with pre-contrast data (UMamba, Strong +
Pseudo). This trend was mirrored in diameter quan-
tification accuracy. The best-performing post-contrast
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model achieved an average MAPE of 5.56% (3D nnU-
Net, Post Strong + Pseudo), whereas the best pre-
contrast model only reached an average MAPE of
11.24% (Mednext, Pre Strong + Pseudo).

Effect of Pseudo-Labeling. The addition of pseudo-
labeled data to the training set yielded varied results.
For models trained on pre-contrast data, including
pseudo-labels consistently led to modest improvements
in average Dice scores across all architectures. How-
ever, for the high-performing post-contrast models, the
impact was negligible or slightly negative; the best over-
all Dice score (0.8871) was achieved without pseudo-
labels. A similar pattern was observed for MAPE,
where the benefit of pseudo-labels was more apparent
in the pre-contrast configurations.

Model Architecture Comparison. No single architec-
ture was universally superior across all metrics and con-
figurations. The 3D nnU-Net model achieved the high-
est overall Dice score in the post-contrast setting. For
MAPE, UMamba demonstrated the best performance
for several individual vessel measurements, while the
3D nnU-Net yielded the lowest overall average MAPE.
The performance differences between the models, how-
ever, were generally smaller than the performance gap
between the pre- and post-contrast data configurations.

6. Discussion

6.1. Active Learning Strategy

To enhance annotation efficiency for aortic struc-
ture segmentation in this research, we implemented an
uncertainty-based active learning strategy. Our iterative
pipeline centered on strategically selecting new sam-
ples to maximize model performance gains with limited
manual intervention. In each of the five active learning
cycles, 15 samples were chosen from a residual pool:
the 12 samples for which the segmentation model ex-
hibited the highest certainty had their model-generated
predictions directly incorporated as pseudo-labels. Con-
versely, the 3 samples deemed most uncertain by the
model underwent manual expert correction before be-
ing added to the training set. These settings were fixed
empirically focusing on decreasing manual annotation
as much as possible while maintaining the quality of
the iterative pool. This dual approach was designed to
leverage the model’s strong predictions while focusing
expert annotation efforts on the most challenging and
informative cases. The uncertainty quantification itself
was based on the model’s output probabilities, utilizing
a composite score to rank samples, as detailed in Sec-
tion[4.2.4

During the development of this pipeline, alternative
uncertainty estimation methods were considered, in-
cluding a Monte Carlo (MC) ensemble technique. This
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Table 2: DSC scores for Aorta and Iliac segmentation across different configurations. For each metric, the single best
result across all configurations is highlighted in bold. Results within 0.005 of the best score are underlined.

Configuration Model Aorta LeftIliac Right Iliac Average
Mednext 0.8779 0.6263 0.6741 0.7308
Pre Strong 3D nnUNET  0.8756 0.6141 0.6601 0.7215
UMamba 0.8779 0.6613 0.6908 0.7475
Mednext 0.8744 0.6892 0.7120 0.7621
Pre Strong + Pseudo 3D nnUNET  0.8763 0.6312 0.6998 0.7401
UMamba 0.8806 0.6967 0.7118 0.7667
Mednext 0.9543 0.8122 0.8187 0.8645
Post Strong 3D nnUNET  0.9664 0.8250 0.8627 0.8871
UMamba 0.9678 0.8111 0.8321 0.8732
Mednext 0.9559 0.8276 0.8507 0.8804
Post Strong + Pseudo 3D nnUNET  0.9626 0.8107 0.8507 0.8773
UMamba 0.9617 0.8272 0.8260 0.8743

approach involved generating multiple variants of input
images through minor perturbations, performing infer-
ence on each variant, and then calculating uncertainty
from the variance in their predictions. While the MC en-
semble method provided comparable uncertainty scores
to our adopted single-model, probability-based estima-
tion, it was found to be substantially more computation-
ally intensive and time-consuming. Given the similar
effectiveness in identifying uncertain samples but the
significant advantage in resource efficiency, the direct
probability-based uncertainty estimation was chosen for
our active learning framework. The iterative process
was halted after five cycles as performance metrics be-
gan to plateau.

6.2. Ablation Study Insights

The results from our ablation study provide several
key insights into developing automated pipelines for
TAVI planning.

The pronounced performance gap between models
trained on post-contrast and pre-contrast data under-
scores the critical role of image quality. The superior
vessel-to-background contrast in post-contrast CMR
provides clearer anatomical boundaries, which directly
translates to more accurate segmentations and, conse-
quently, more precise downstream diameter measure-
ments. This suggests that for achieving the highest ac-
curacy in automated TAVI planning tools, post-contrast
CMR data is strongly preferred.

The nuanced effect of pseudo-labeling highlights its
situational utility. The consistent, albeit small, benefit
for the weaker pre-contrast models indicates its value
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for bootstrapping performance in low-signal or data-
poor regimes. Conversely, its limited impact on the al-
ready high-performing post-contrast models suggests a
potential ceiling effect. In this scenario, pseudo-labels
generated by an already accurate model may not pro-
vide sufficient new information for the model to learn
from, or may even introduce subtle noise that slightly
degrades performance specially for iliac structures.

Finally, while the evaluated deep learning architec-
tures showed competitive performance, the variations
between them were less significant than the impact of
the input modality. This implies that for this spe-
cific clinical application, efforts to improve performance
should prioritize the acquisition and use of high-quality
data (i.e., post-contrast CMR) over minor optimizations
between different state-of-the-art model architectures.
These findings collectively guide future development by
emphasizing data quality as the most dominant factor
for success in this domain.

6.3. Limitations

Several limitations of this study should be acknowl-
edged:

o Generalizability: The training and evaluation data
were sourced from a single institution. This may
limit the generalizability of our findings to differ-
ent patient populations, scanner vendors, or imag-
ing protocols.

e Active Learning Strategy: Our findings indicated
that the benefit of pseudo-labeling was situational,
offering negligible improvement for the already

high-performing post-contrast models. Further-
more, an exhaustive comparison of different ac-
tive learning strategies and their parameters was
beyond the scope of this work due to project con-
straints.

e Performance on Pre-contrast Data: Despite
training with multimodal data, the models’ per-
formance on pre-contrast CMR, for both segmen-
tation and diameter quantification, remained sub-
stantially inferior to their performance on post-
contrast data.

o Error Propagation: The entire quantification
pipeline is sequential. As such, the accuracy of
the final diameter measurements is fundamentally
dependent on the quality of the upstream segmen-
tation, meaning any segmentation inaccuracies di-
rectly propagate to the downstream task.

7. Future Work

Potential directions for future research emerging
from this work include:

e Advanced Active Learning: Investigating more
active learning strategies, such as diverse uncer-
tainty metrics, adaptive query methods, or hybrid
sample selection criteria.

e Multimodal Integration: Developing semi-
supervised multimodal pipelines for improved in-
tegration of pre- and post-contrast CMR data, po-
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Table 3: Mean Absolute Percentage Error (MAPE) for diameter quantification. For each metric, the single best result
(lowest error) across all configurations is in bold. Results within 0.5% of the best score are underlined.

Configuration Model Aorta LeftIliac Right Iliac Average
Mednext 5.54 17.07 17.26 11.35
Pre Strong 3D nnUNET 6.27 20.29 25.65 14.62
UMamba 5.78 16.96 20.33 12.21
Mednext 5.43 15.60 18.49 11.24
Pre Strong + Pseudo 3D nnUNET 6.33 20.95 19.60 13.30
UMamba 5.66 15.99 18.81 11.53
Mednext 3.01 8.90 15.20 7.53
Post Strong 3D nnUNET 2.26 8.58 9.89 5.75
UMamba 2.08 8.75 12.40 6.33
Mednext 2.61 8.25 10.14 5.90
Post Strong + Pseudo 3D nnUNET 2.47 8.26 9.03 5.56
UMamba 2.23 7.46 10.40 5.58

Table 4: DSC scores of multimodally trained models. For each metric, the single best result (highest score) across all
configurations is in bold. Results within 0.005 of the best score are underlined.

Pre-contrast Test Set

Post-contrast Test Set

Configuration Model Aorta L-Iliac R-Iliac Aorta L-Iliac R-Iliac
Mednext 0.8668 0.6549 0.6680 0.9680 0.8039 0.8251
Strong Labels nnUNET 0.8539 0.5907 0.6298 0.9667 0.8167 0.8132
Umamba 0.8588 0.6348 0.6572 0.9684 0.8222 0.8404
Mednext 0.8640 0.5935 0.6479 0.9650 0.7848 0.7810
Strong + Pseudo nnUNET 0.8607 0.6002 0.6543 0.9677 0.7991 0.7954
Umamba 0.8588 0.6259 0.6385 0.9660 0.8152 0.7944

tentially leveraging cross-modal learning or image
synthesis.

¢ Optimized Geometric Quantification: Refining
diameter measurement techniques to be less depen-
dent on upstream segmentation accuracy, explor-
ing joint optimization, or enhancing centerline re-
finement algorithms.

e Enhanced Generalizability: Assessing and im-
proving model robustness through rigorous evalu-
ation on multi-center, diverse datasets and investi-
gating domain adaptation techniques.

e Clinical Validation and Impact: Pursuing
prospective clinical validation of the developed
tools within TAVI planning workflows and con-
ducting longitudinal studies to correlate image-
derived metrics with patient outcomes.

8. Conclusion

This thesis addressed the significant challenge of de-
veloping automated tools for TAVI access route plan-
ning from Cardiovascular Magnetic Resonance (CMR)
imaging, where the scarcity of annotated data hin-
ders the application of standard deep learning methods.

To overcome this annotation bottleneck, we success-
fully developed and evaluated a comprehensive frame-
work centered on an annotation-efficient active learn-
ing pipeline for aortic structure segmentation, comple-
mented by an end-to-end workflow for subsequent ves-
sel diameter quantification. The active learning strat-
egy effectively utilized uncertainty estimation to guide
a hybrid selection process, incorporating both expert-
corrected annotations for uncertain cases and pseudo-
labels for high-confidence predictions.

Our experimental results demonstrated the efficacy
of the active learning approach, which iteratively im-
proved both segmentation and diameter quantification
accuracy. The subsequent ablation study yielded sev-
eral critical insights. Most notably, it quantified the
profound impact of data quality, revealing that models
trained on post-contrast CMR data significantly outper-
form those trained on pre-contrast data across all eval-
vated architectures. Furthermore, our findings high-
lighted the situational utility of pseudo-labeling, which
provided a modest benefit for weaker models trained on
pre-contrast data but had a negligible effect on the al-
ready high-performing post-contrast models. These re-
sults suggest that while data augmentation techniques
are valuable, the choice of imaging modality and the
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Table 5: Mean Absolute Percentage Error (MAPE, %) for diameter quantification. For each metric, the single best
result (lowest error) across all configurations is in bold. Results within 0.5% of the best score are underlined.

Pre-contrast Test Set

Post-contrast Test Set

Configuration Model Aorta L-Iliac R-Iliac Aorta L-Iliac R-Iliac
Mednext  5.94 18.69 19.19 2.30 11.06 12.30
Strong Labels nnUNET 690  20.14  25.88 2.39 10.31 12.87

Umamba  6.51

18.67 24.19 2.22 8.91 11.89

Mednext 6.54
nnUNET  7.50
Umamba  7.30

Strong + Pseudo

23.43 24.07 2.39 8.77 11.32
22.86 23.78 2.37 8.23 11.49
21.98 20.50 242 8.65 11.25

quality of each CMR are the most dominant factors for
achieving high accuracy.

In conclusion, this work successfully demonstrates
a viable active learning pipeline that reduces the man-
ual annotation burden required for developing accurate
segmentation models in CMR-based TAVI planning. A
key contribution of this research is the integration of
these segmentations into a complete, automated work-
flow that provides clinically relevant vessel diameter
measurements. This downstream quantification com-
ponent has potential significance, as it delivers the pre-
cise vessel dimensions necessary to assess the safety of
the TAVI access route and helps clinicians identify po-
tential contraindications, such as severe stenosis, which
could lead to vascular complications. The study of-
fers clear evidence that prioritizing high-quality, post-
contrast data is critical for achieving this level of suc-
cess. While acknowledging the limitations of a single-
center dataset and the need for further optimization of
the active learning strategy, this research contributes a
valuable end-to-end framework and provides key in-
sights that can guide the future development of more
efficient and robust tools for cardiovascular diagnostics
and interventional planning.
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