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Abstract— Ascending Thoracic Aortic Aneurysm (ATAA)
is a potentially fatal cardiovascular condition that may
result in dissection or rupture. As a general rule, cur-
rent guidelines recommend surgical intervention when the
aneurysm diameter exceeds a critical threshold, typically
around 55 mm in average-risk patients. However, acute
complications have been reported in patients with smaller
aneurysms, underscoring the need for more accurate and
individualised risk stratification criteria. In this work, we
propose a novel method to extract the motion of the ATAA
from Cine Computed Tomography Angiography (cCTA)
data, enabling the derivation of multiple motion-related
variables and the assessment of their clinical significance.
This method involves a multi-view 2D U-Net segmentation,
followed by an algorithm to calculate nodal deformation be-
tween independent segmentations at each time-step of the
cardiac cycle. The motion is described generally across the
ATAA and then specifically focused on the Aortic Root (AR).
The analysis was performed on 82 patients and, afterwards,
a Principal Component Analysis (PCA) was performed on
28 metrics to understand which have a relevant impact on
inter-patient variability. This showed that mean pressure,
weight and centreline length are the most relevant vari-
ables to understand patient’s variability considering PCA
loadings. These results can offer new insights into ATAA
biomechanics, supporting the development of future risk
stratification models and clinical decision-making.

Index Terms— Ascending Thoracic Aortic Aneurysm
(ATAA); Cine Computed Tomography Angiography (cCTA);
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I. INTRODUCTION

The Ascending Thoracic Aortic Aneurysm (ATAA) is an
abnormal dilation of the initial segment of the largest artery
in the human body, affecting approximately 1 individual per
10, 000 people annually [1, 2]. Such pathological deformations
are suspected to arise as a consequence of ageing, environmen-
tal factors, lifestyle or medical conditions that compromise
the arterial wall microstructure [3, 4]. Over time, these factors
may lead to structural alterations in the vessel wall, including
reduced elasticity, which in turn can promote localised enlarge-
ment. Guidelines suggest that an enlargement of the ascending
aorta diameter by at least 50% relative to its normal healthy
dimensions is classified as ATAA [5–7]. In the absence of
other risk factors, surgical intervention is recommended when
the aneurysm diameter exceeds 55 mm in men and 50 mm in
women, [5]. While this simple geometric criterion provided a
practical threshold, it has long been recognized as insufficient.
More recently, updated international guidelines have begun to
incorporate relevant patient information and additional metrics,
categorizing them by ”classes of recommendation” for clinical
intervention (such as valve morphology, age, and patient size)
[8, 9]. Nevertheless, these recommendations remain largely
geometry-based since maximum diameter continues to be a
main decisive recommendation factor.

Dynamic behaviour of the ATAA has gained attention as a
meaningful indicator of biomechanical vulnerability. In vivo
deformation metrics capture functional properties that static
diameter measurements cannot. Multiphase Cine Computed
Tomography Angiography (cCTA) and related imaging ap-
proaches have shown that regional stiffness and deformation
patterns distinguish dilated from non-dilated aortas and relate
to biomechanical stability [10, 11]. Furthermore, metrics such
as the distensibility coefficient have been identified as superior
predictors of failure risk compared to geometry alone [12].
Building on this perspective, several methodological advances
have been proposed to better characterise ATAA mechanics.
These include three-dimensional evaluations of stiffness and
longitudinal growth [13], and cCTA analyses of axial length,
effective diameter, and centreline curvature across the cardiac
cycle [14]. Collectively, these studies underscore a shift from
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purely geometry-based descriptions toward dynamic, patient-
specific assessment of ATAA biomechanics, supporting the
view that deformation metrics are essential for improving risk
stratification. Nonetheless, most existing works either consider
a limited set of motion descriptors, only have access to two
timesteps (systole and diastole normally), or focus on rela-
tively small, non-stratified cohorts, leaving open the question
of how detailed ATAA and Aortic Root (AR) deformation
patterns relate to clinical and geometric characteristics across
different patient subgroups.

This work aims to characterise patient-specific ATAA dy-
namics from cCTA and to relate these motions to geometric
and clinical descriptors across a clinical cohort. We build on
a deep-learning and registration-based framework to obtain
detailed ATAA and AR deformation over the cardiac cycle in
82 patients, and we define a set of dynamic and morphological
metrics that capture both global ATAA motion and local root
behaviour. To identify which metrics best explain inter-patient
variability, we applied Principal Component Analysis (PCA)
as an unsupervised exploratory tool to determine the combina-
tions of dynamic, geometric, and clinical variables that most
strongly characterise differences between patients. Together,
this provides a comprehensive, motion-informed description
of ATAA biomechanics that complements existing diameter-
based criteria and may guide the development of more refined
risk stratification strategies.

II. METHODS

A. Materials: Patients Imaging
Data for this study were collected from 82 patients diag-

nosed with ATAA at Hospital de Santa Marta, Lisbon, Portu-
gal. The patients were selected based on the presence of ATAA
and underwent a comprehensive clinical assessment. Metrics
obtained by the physicians included weight, height, age, sex,
Body Mass Index (BMI), Body Surface Area (BSA), systolic
and diastolic blood pressure, heart rate, and aortic valve mor-
phology and function, along with other relevant clinical vari-
ables. Furthermore, each patient underwent ECG gated cCTA
and clinical consultations to evaluate the condition of the
ATAA. The anonymised imaging datasets, obtained through
ethically approved protocols under the AneurysmTool project
(DOI:10.54499/PTDC/EMD-EMD/1230/2021) and approved
by the board of the Unidade Local de Saúde de São José,
were used to extract anatomical and dynamical features of
the aorta. All participants provided written informed consent.
cCTA is an imaging technique that captures cardiovascular
motion across multiple cardiac cycles using ECG-gating. It
reconstructs images at specific time steps (every 5% of the
cardiac cycle) by combining data from several heartbeats.
This allows for the assessment of ATAA deformation and
displacement, providing insights into aneurysm progression.

The quality of the images obtained by the cCTA was
crucial for accurate segmentation and analysis. All scans
were performed on an Aquilion ONE scanner (Toshiba Med-
ical Systems, Tochigi, Japan), which provides high-resolution
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Fig. 1: Multi-view 2D U-Net pipeline. Axial, coronal, Sagittal
cCTA slices independently analysed though a U-Net for a
combined output.

imaging with thin-slice acquisition and a spatial resolution
of 0.49 mm × 0.49 mm × 0.625 mm. The acquisition was
carried out using a low-dose radiation protocol (100 kV,
200 mAs) and a rotation time of 0.35 s. The process was
synchronised with the electrocardiogram and performed during
contrast injection (Iomeron 400, Bracco Imaging, Milan, Italy)
at an injection rate of 5 mLs−1. The acquisition covered a field
of view of 320 mm and used a 512 × 512 pixel matrix.

B. Segmentation process

Accurately capturing aortic deformation is essential for im-
proving risk assessment and understanding the biomechanics
of ATAA. While traditional methods rely on human assump-
tions or interaction, deep learning methods offer a data-driven
alternative [15, 16]. U-Net’s encoder-decoder architecture is an
excellent starting point for medical image segmentation [17].
A full 3D U-Net is a gold standard of arterial segmentation
but, due to high memory demands, it becomes impractical for
routine use [17–19], while 2D and 2.5D approaches may fail to
fully capture geometric features like curvature and the aortic
valve [18, 20]. To mitigate the memory limitations without
compromising 3D information, we adopted a 2D multi-view
U-Net (Fig. 1). Three networks with identical architecture
were independently trained for the axial, coronal, and sagittal
planes to balance segmentation accuracy and computational
efficiency [21]A consensus-based voting system, in which a
voxel is classified as vessel if at least two views label it as
foreground, then integrates the segmentations from each view,
enhancing robustness and reducing errors compared to single-
plane methods.

The U-Net architecture implemented on each plane is a
symmetric encoder-decoder network, as illustrated in Fig. 2.
The encoder consists of four downsampling blocks, each incor-
porating two 3×3 convolutional layers with L2 regularization
(λ = 0.001), batch normalization, and ReLU activation. Each
block is followed by max-pooling and progressively increasing
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Fig. 2: Architecture of the 2D U-Net used for each view,
illustrated here for the axial branch.

dropout rates (0.1-0.4) to mitigate overfitting, resulting in a
network with 7, 771, 297 parameters, of which 7, 765, 409 are
trainable.

The loss function (L) was defined as an a combination of
the Binary Cross-Entropy (BCE) loss and the Dice loss, given
respectively by the following expressions:

BCE(ytrue, y) = − [ytrue log(y) + (1− ytrue) log(1− y)] (1)

Dice Loss(ytrue, y) = 1− 2
∑

(ytrue · y) + smooth∑
ytrue +

∑
y + smooth

(2)

where smooth was set to 1. The total loss used for training
each network was defined as L = 0.5BCE + 0.5Dice Loss,
computed over each mini-batch. Upon completion of the
segmentation, a Taubin smoothing algorithm was applied to
the resulting surface mesh, yielding a refined and realistic
appearance.

2) Semi-automatic threshold segmentation: The training
procedure was developed using patient-specific segmentations
obtained with a semi-automatic threshold-based segmentation
algorithm [11]. This method was implemented using the
scikit-image [22] and PyVista libraries [23]. The segmentation
process begins with the selection of an intensity threshold
and two reference points (ascending and descending aorta).
Afterwards, a combination of advanced image processing
techniques is applied, including watershed, binary erosion and
dilation operations, as well as the morphological Chan-Vese
method, to accurately define the Region of interest (ROI) in
each slice. The mask in each slice is then used to initialise
segmentation in the adjacent slices to improve accuracy and
consistency. To finalise the segmentation, the same Taubin
smoothing algorithm is applied to the mesh. This comprehen-
sive semi-automatic approach balances the precision of manual
segmentation with the efficiency of automated methods.

To analyse the quality of the segmentations, 6 patients with
2 time steps each (12 segmentations in total) were selected
without criteria for comparison with hand-made segmenta-
tions. These segmentations were performed by cardiologists
and the research team and they were based on threshold
selection in the slicer 3D software. The Dice coefficient and
Hausdorff distance were used to compare the segmentations.

The Dice coefficient is a metric used to compare two volumes
to evaluate the overlap between them. It is calculated using
the formula presented:

Dice coefficient =
2|A ∩B|
|A|+ |B| (3)

where A and B are the volumes being compared. The Dice
coefficient ranges from 0 to 1, where 0 indicates no overlap
and 1 indicates complete overlap.

The Hausdorff distance is another metric used to evaluate
the similarity between two volumes by measuring the greatest
distance between corresponding points in the two sets. A
lower Hausdorff distance indicates a better match between the
segmentations. The Hausdorff distance is calculated as:

Hausdorff = max

(
sup
a∈A

inf
b∈B

d(a, b), sup
b∈B

inf
a∈A

d(a, b)

)
(4)

where d(a, b) is the Euclidean distance between points a ∈ A
and b ∈ B.

To analyse the quality of the semi-automatic segmentations,
two arbitrary time steps for six patients (12 segmentations in
total) were selected and compared with hand-made segmenta-
tions. These reference segmentations were performed by cardi-
ologists and the research team using threshold selection in the
3D Slicer software. Our semi-automatic threshold segmenta-
tion process yielded a Dice coefficient of 0.977 (SD = 0.004)
and a Hausdorff distance of 0.389 mm (SD = 0.073 mm).

3) Training procedure: The multi-view 2D U-Net was
trained on 40 segmentations (all from distinct patients to
maximise anatomical variability) with 3D volume shapes
of (512, 512, 352), resulting in 14,080 images in the axial
direction and 20,480 in coronal and sagittal. A patient-wise
data split was used, with 20% of the patients reserved for
validation. All images underwent preprocessing consisting of
intensity normalisation and axis standardisation (consistent
image size and orientation). The training was conducted with a
batch size of 8, using the Adam optimiser with an exponential
learning rate ranging from 1×10−4 to 1×10−8. The networks
were trained from scratch for a maximum of 600 epochs,
or until early stopping was triggered if no improvements in
the loss function were observed for 25 consecutive epochs.
Training was performed on an NVIDIA RTX 3060 GPU with
12 GB of VRAM. The validation loss reached 0.0330 in the
axial direction, 0.0303 in the coronal direction, and 0.0292
in the sagittal direction, with early stopping occurring after
approximately 500 epochs.

To validate the multi-view 2D U-Net model, the same met-
rics as in the semi-automatic method validation process were
used. The same 12 segmentations, which did not belong to the
training data, served as the test set. The final multi-view 2D U-
Net model presented a Dice coefficient of 0.959 (SD = 0.005)
and a Hausdorff distance of 0.656 mm (SD = 0.085 mm)
when compared to the hand-made segmentations. When com-
pared to the semi-automatic results, the U-Net achieved a Dice
coefficient of 0.979 (SD = 0.002) and a Hausdorff distance
of 0.353 mm (SD = 0.036 mm).
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(a) Points used for the non-rigid
motion calculation.

(b) Points selected for radial
expansion-contraction.

Fig. 3: Points used in the ATAA to calculate the RBF non-
linear deformation.

C. Deformation calculation

The nodal deformation represents the displacement vector
of each mesh node between consecutive segmentations, quan-
tifying the local motion of the vessel wall over time. It is com-
puted by mapping each node from the reference segmentation
to its corresponding position in the target segmentation using
the tracking algorithm, capturing both magnitude and direction
of deformation for subsequent biomechanical analysis.

The motion of the aorta across the cardiac cycle is sig-
nificant and complex. To measure the ATAA motion, it is
convenient to separate it into two main deformation compo-
nents. The first one corresponds to a large non-rigid body
motion caused by heart contraction, which is used to align the
centrelines in all volumes. The second one is represented by a
predominantly radial motion in all sections caused by arterial
pressure. The segmentation corresponding to the beginning of
systole (0% of the cardiac cycle) was used as the reference to
calculate the nodal deformation across the 21 different time
volumes.

Both processes take advantage of the centreline construction
using VMTK [24]. The sinotubular plane (plane that separates
the aortic valve from the ATAA) and the ascending-arch
junction were manually defined.

1) First step: Large non-rigid motion calculation: The large
non-rigid motion refers to the motion of the sinotubular plane
across space. A Radial Basis Function (RBF)-based displace-
ment field was used to represent this deformation, defined
from two sets of control points: the first in the ascending-arch
junction and the second in the sinotubular plane (Fig. 3a).

Due to the ATAA behaviour, two sets of points were
selected. The first group is defined by 16 points equally spaced
in the plane that separates the ATAA from the aortic arch. This
plane is considered fixed in space [25], thus the points are only
subjected to a radial deformation defined as follows:

u(xj) =
[
(y − xj) · r̂(xj)

]
r̂(xj) (5)

where r̂(xj) is the radial unit vector from the centreline that
passes through the point xj , and y is the closest point on the
target surface.

(a) 21 volumes of a single patient
superimposed before RANSAC
registration using the valve re-
gion as reference.

(b) 21 volumes of a single patient
superimposed after ICP transfor-
mation.

Fig. 4: RANSAC point-to-plane registration process. The
complete thoracic aorta is shown to visualise the deformation
caused by rigid body motion.

For the second set of 16 points in the sinotubular plane, the
aortic valve is used as a reference to align the sinotubular plane
across time.For this purpose, an Iterative Closest Point (ICP)
registration method with a Random Sample Consensus model
(RANSAC)-based point-to-plane metric was applied. Fig. 4
shows the ATAA of a single patient at multiple time points
before and after the RANSAC registration process. After the
alignment, the sinotubular plane was defined manually in the
transformed configuration.

In the transformed position, a similar radial deformation is
applied. Therefore, the total deformation of the current set of
points is defined by:

u′(xk) =
[
(y − x′

k) · r̂(x′
k)
]
r̂(x′

k) + (x′
k − xk) (6)

where the points x′
k are defined by Txk, with T being the

ICP transformation matrix.
The complete large non-rigid deformation is then transferred

to the rest of the mesh through an RBF interpolation, yielding
a partially deformed ATAA in which the 20 centrelines present
little to no residual motion across time.

2) Second step: Radial expansion-contraction: The second
step in calculating the nodal deformation is to estimate the
ATAA radial deformation. For that purpose, an RBF interpo-
lation method was again used.

This step relies on multiple points inserted in rings equally
spaced along the ATAA and perpendicular to the centreline.
In Fig. 3b, the rings and associated points are presented. The
deformation at those points is measured through Equation 5.
Afterwards, a complete RBF interpolation is applied to obtain
a smooth radial displacement field over the entire ATAA.

Finally, the displacements from the first and second steps
are added to obtain the final deformation in all nodal points.
This process was repeated for all patients, resulting in a
dataset containing the nodal deformation of the ATAA for each
patient.

The accuracy of the tracking algorithm was evaluated
through synthetic validation. Three significant deformations
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(a) Theoretical ATA created to be
used as a reference.

(b) Synthetic and quantified
deformation applied to the-
oretical ATA.

Fig. 5: Synthetic ATA created to validate the deformation
method presented.

were applied to theoretical Ascending Thoracic Aorta (ATA)
geometries designed to be similar to a normal aorta (Fig.
5a), with constant radii of 16, 17, and 18 mm as presented
in Figure 5b. The deformation was introduced along the
centreline, with the starting point fixed at the aortic arch, while
the sinotubular junction was displaced by approximately 15
mm in all in-plane directions. Subsequently, the deformation
method was applied to compare the original synthetic models
with their deformed targets. The Dice coefficient between the
deformations and the targets was 0.996 ± 0.0006, indicating
excellent overlap. The average radius difference throughout
the ATA was 0.030 ± 0.0151 mm.

D. Deformation metrics
To systematically assess patient-specific characteristics, we

defined a set of biomechanical metrics, together with the
previously described demographic variables, to relate ATAA
biomechanics to clinical status. In this study, the majority
of the metrics were evaluated only at systole (35% of the
cycle) and diastole (75% of the cycle), and their phase-to-
phase variation was summarized as ∆X .

To compare to the benchmark of ATAA, the maximum
diameter (Dm) and the volume (V ) were measured. Further-
more, to relate the deformation with the pressure, the area
distensibility (DistArea) and volume distensibility (DistVol)
were computed as follows [12]:

Distensibility (DistX) =
Xsyst −Xdias

Xdias · (PSyst − PDist)
(7)

where X stands for the area or volume and P defines the
arterial pressure in systole and diastole.

Aorta Size Index (ASI) is a relevant metric used to compare
the aorta size with the body size. The ASI is calculated as
follows:

ASI =
Dm

BSA
(8)

To evaluate the longitudinal behaviour of the aorta, the
relative centreline length (LCL) was analysed, reflecting the

Fig. 6: Metrics defined to study ATAA dynamics. In the image:
Big arc length (LBig), Length of the centreline (LCL), Direct
length of the centreline (DCirc), Small arc length (LSmall),
Centreline arc Furthest distance (LCirc), Maximum Diameter
(Dm), AR inclination angle (θAR,incr), AR Axial motion
(LAR,axial), AR circular motion (LAR,circ), AR motion angle
(θAR,direc), AR maximum diameter (DAR,m).

relative extension occurring during the cardiac cycle. Addi-
tionally, arc-length-based metrics were employed to quantify
localised geometric changes, namely the small and big arc
lengths (LSmall, LBig), measured in the plane defined by the
centreline centre, end, and middle points. These arc lengths
serve as indirect indicators of centreline curvature.

For the analysis, the direct length of the centreline (DCirc)
and the distance to the furthest point between DCircand
the centreline arc (LCirc) were measured. Fig. 6 provides
visual support for the defined metrics. Centreline rotation,
representing the torsional deformation component around the
centreline axis, was also examined (θCL,rot).

The AR inclination angle (θAR,incr) was assessed, represent-
ing the tilt of the AR with respect to a reference anatomical
plane (yy). This angle may play a crucial role in understanding
geometric predisposition and stress. The AR centre of mass
motion between systole and diastole was also analysed in
the axial direction (LAR,axial), and in the circumferential
plane in magnitude (LAR,circ) and direction (θAR,direc). The
circumferential direction is measured between the AR motion
vector and the projection of the centreline, as presented in
Fig. 6.

The dataset contained 37 metrics. Because the majority were
measured in systolic, diastolic, and peak-to-peak variation
forms, strong correlations were expected. Given the nature
of the variables, Pearson’s linear correlation was used to
identify redundant variables. For any pair with |r| > 0.9,
the systolic metric was retained, since it normally presents
the more relevant absolute values. This reduced the set to 28
metrics.
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Cardiac
cycle

35%(Systole) 50% 75%(Diastole)

Pat. A
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Fig. 7: Two patients as examples for the typical patient-
specific deformation magnitude obtained by the deformation
tracking algorithm.

E. Principal Component Analysis
PCA is a statistical technique for reducing dimensionality

while retaining as much variability as possible [26]. Here,
PCA was used solely as an unsupervised exploratory method
to decompose the variance of 28 preselected biomechanical
and clinical metrics across 82 patients, identifying which
combinations of metrics (principal components) most strongly
explain inter-patient variability. The analysis did not involve
developing or validating any predictive classification, assign-
ing risk categories, or correlating components with rupture or
outcome events. This method was implemented using the R
programming language to investigate the relationships between
various patient characteristics and biomechanical metrics.

III. RESULTS

A. Deformation measured
Fig. 7 illustrates the deformation measured in two patients

at three representative time points across the cardiac cycle:
systole, end of systole, and diastole. To interpret the ATAA
motion, it was decomposed into two components: a radial
deformation caused by pressure variation and a non-rigid body
motion driven by the heart. The radial motion is present along
the entire aorta but, in the ascending segment, its impact is
smaller when compared with the global body motion, which
is particularly evident in systole.

The AR exhibits a complex motion due to its connection
with the heart. This region plays an important role in numerical
models. We decomposed the AR centre of mass motion into an
axial component and a radial component (taking the centreline
as reference). As shown in Fig. 8, the AR centre of mass
follows an elliptical trajectory in the clockwise direction, from

Fig. 8: AR centre of mass position over time and shape on
the 35% and 75% of the cardiac cycle obtained from patient-
specific data.

Fig. 9: Magnitude of the AR centre of mass motion and AR
maximum diameter over time.

which the direction and magnitude (LAR,circ, θAR,direc) were
calculated. The axial motion, LAR,axial, is directed towards
the heart as a consequence of cardiac contraction.

Fig. 9 shows the normalised mean and Standard Deviation
(SD) of the AR centre of mass displacement magnitude (com-
bination of LAR,circand LAR,axial) and of the AR maximum
diameter (δDAR,m) across time. The δDAR,mcurve reaches its
maximum earlier in the cardiac cycle, whereas the centre of
mass motion is more temporally distributed.

B. Biomarkers analysis

In Fig. 10, the distribution of sex and age among the
patients included in this study is presented. The data reveal
an uneven patient distribution, more prevalent in older age
groups. Male patients are predominant, except in the 40-50
age group. Regarding aortic valve pathology, we observe that
Bicuspid Aortic Valve (BAV) are predominant in younger
patients suggesting that ATAA tends to develop earlier in
individuals with a BAV.

Table I summarises the characteristics mentioned previously
of the study population separated in different age groups. In
this table the main analysed metrics are presented.
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Fig. 10: Patient’s sex, age and aortic valve morphology
distribution.

Fig. 11: Explained Variance and Cumulative Explained Vari-
ance for each of the Principal Components that respect the
Kaiser criterion.

Aortic dimensions, including Dm and ASI, remain relatively
consistent across age groups, while dynamic parameters such
as ∆Dmand ∆V tend to decrease with age. Nonetheless,
the small sample size in the younger age groups limits the
statistical power to confirm this trend. Additionally, differences
in arc-length metrics and AR motion indicate subtle variations
in aortic geometry and movement patterns across age groups.
Furthermore, the SD values show substantial variability within
each age group for several metrics, suggesting that age alone
is not sufficient to explain the observed differences.

A common rule is the Kaiser criterion, which suggests
keeping only components with eigenvalues larger than one
(λk > 1), as they explain more variance than an individual
standardised variable. With these 11 dimensions, approxi-
mately 83.6% of the variance is explained. Fig. 11 shows the
contribution of each selected dimension to the total explained
variance.

The impact of each metric on each dimension is shown in
Fig. 12. The first dimension is mainly driven by metrics that

TABLE I: Patient-specific characteristics organized in aged
groups with Mean and Standard deviation (± SD).

Data 40-49 50-59 60-69 70-79 80-89 All
Sample Size 6 13 21 33 9 82
Sex (M) [%] 66.67 69.23 57.14 57.58 66.67 60.98
Fam. Hist.
[%] 33.33 0.00 4.76 6.06 11.11 7.32

BAV [%] 66.67 23.08 19.05 9.09 0.00 17.07
BMI 27.21 28.73 28.79 26.91 25.93 27.59
[kgm−2] ±4.92 ±3.65 ±5.11 ±4.52 ±5.96 ±4.75
BSA 1.88 1.84 1.93 1.82 1.81 1.86
[m2] ±0.27 ±0.12 ±0.18 ±0.23 ±0.20 ±0.20
ASI 2.68 2.74 2.67 2.76 2.99 2.75
[cmm−2] ±0.51 ±0.23 ±0.36 ±0.41 ±0.46 ±0.39
HR 64.67 65.08 65.86 64.61 69.00 65.49
[BPM ] ±6.95 ±9.80 ±7.04 ±10.09 ±13.88 ±9.51
PSyst 148.67 134.31 145.67 140.09 135.67 140.74
[mmHg] ±30.68 ±11.91 ±20.64 ±19.13 ±21.16 ±19.84
PDist 79.83 80.54 85.00 79.09 80.22 81.01
[mmHg] ±5.88 ±9.95 ±13.39 ±18.75 ±13.42 ±14.95
Dm 49.43 50.35 51.14 49.65 53.32 50.53
[mm] ±3.88 ±3.65 ±4.68 ±4.41 ±4.01 ±4.35
∆Dm 3.63 3.22 2.05 2.13 1.37 2.31
[%] ±1.34 ±1.58 ±1.07 ±1.35 ±1.08 ±1.41
∆V 10.39 8.88 5.57 5.55 4.77 6.35
[%] ±5.22 ±6.75 ±3.94 ±3.45 ±3.34 ±4.59
DistArea 0.54 1.16 0.53 0.44 0.20 0.56
[10−3mmHg−1]±0.49 ±1.11 ±0.34 ±0.26 ±0.43 ±0.59
DistVol 1.55 1.56 1.09 1.05 0.72 1.14
[10−3mmHg−1]±0.79 ±1.49 ±1.07 ±0.74 ±0.95 ±1.01
LCL 87.53 84.00 82.16 88.83 84.63 85.80
[mm] ±11.50 ±8.96 ±10.38 ±8.66 ±8.78 ±9.59
∆LCL 3.67 6.47 5.14 4.31 2.45 4.61
[%] ±2.51 ±3.44 ±2.48 ±2.81 ±1.31 ±2.86
LCirc 17.61 17.93 17.60 20.12 19.26 18.85
[mm] ±5.61 ±2.79 ±4.54 ±3.92 ±2.71 ±4.04
DCirc 76.41 72.20 70.37 74.62 71.30 72.91
[mm] ±8.01 ±7.18 ±7.04 ±5.46 ±7.64 ±6.75
θAR,incr 50.91 56.83 54.05 58.28 57.05 56.29
[◦] ±13.49 ±6.09 ±10.80 ±8.13 ±7.22 ±9.05
LBig 113.03 110.15 107.82 115.45 112.66 112.17
[mm] ±11.58 ±9.09 ±11.25 ±10.79 ±9.86 ±10.84
LSmall 51.77 44.87 44.18 46.65 43.03 45.71
[mm] ±7.74 ±8.93 ±6.34 ±4.90 ±6.11 ±6.57
∆LBig 4.34 5.72 4.25 3.48 2.13 3.95
[%] ±1.94 ±3.63 ±2.29 ±2.25 ±1.26 ±2.57
∆LSmall 6.36 7.67 6.14 5.29 4.09 5.83
[%] ±4.28 ±4.44 ±3.09 ±4.17 ±2.59 ±3.87
θCL,rot -12.5 -5.07 -6.55 -3.50 -2.07 -5.03
[◦] ±8.9 ±6.42 ±6.61 ±6.81 ±3.84 ±6.94
DAR,m 42.08 39.94 41.13 39.95 41.81 40.61
[mm] ±4.02 ±6.97 ±5.01 ±5.03 ±6.77 ±5.44
LAR,axial -5.27 -5.23 -5.14 -5.34 -4.11 -5.13
[mm] ±2.06 ±2.87 ±2.21 ±2.93 ±2.36 ±2.60
LAR,circ 7.54 7.68 7.40 7.74 5.27 7.36
[mm] ±2.60 ±2.01 ±1.70 ±2.12 ±1.97 ±2.11
θAR,direc 114.5 113.3 109.8 113.1 107.1 111.7
[(−1)◦] ±7.5 ±16.2 ±16.1 ±12.3 ±17.5 ±14.2

evaluate the dynamic behaviour of the ATAA and its volume,
the second dimension is affected by some metrics related to
the ATAA geometry (arc lengths LSmall, LBig), the third and
fourth components are more related to the size of the patient
and blood pressure, respectively.

Fig. 13 shows the global impact for each dimension. Higher
wj values indicate that a variable is better represented in the
reduced PCA space, meaning its variability is well captured
by the principal components. The top five metrics according
to this criterion are PMean, weight, LCL, ASI, and LCirc.
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Fig. 12: Contribution of each variable to each principal
dimension on the PCA.

IV. DISCUSSION

This study analysed ATAA motion using quantitative met-
rics to characterise its dynamic behaviour. Two main motion
components were identified: radial motion, driven by arterial
pressure variation, and non-rigid body motion, induced by
heart motion. Our results show that non-rigid body motion
dominates ATAA deformation, particularly in sections close
to the AR, highlighting its potential significance for aneurysm
biomechanics and haemodynamic impact.This is consistent
with the prominence of the metrics that quantify AR motion
(LAR,axial, LAR,circ).

In terms of radial motion, variations in diameter, volume,
and distensibility were observed, with average values decreas-
ing across age groups, suggesting age-related stiffening of
the ATAA. Similar findings have been reported by Linden
et al. [12], supporting the association between stiffness and
ageing. Axial length variation (centreline length and AR axial
displacement) followed a comparable pattern across patients,
although the trend was less distinct and the small sample size
in younger age groups limits the strength of this observation
[27].

Figure 9 illustrates the temporal evolution of the centre-of-
mass motion of the sinotubular plane and the diameter vari-
ation at the same location. Notably, the increase in diameter
precedes the motion of the centre of mass, which suggests

Fig. 13: wj values for each variable, representing the total
squared loadings of the variables within the principal compo-
nents considered.

that pressure rises before the full displacement induced by
cardiac contraction develops. Specifically, the time of peak
centre-of-mass displacement had a mean temporal position of
43.30% of the cardiac cycle (SD 9.12%), whereas the time of
peak maximum diameter at the sinotubular junction occurred
earlier, with a mean of 37.66% (SD 15.94%). A temporal
discrepancy between the beginning (0%) and end (100%) of
the cardiac cycle can also be observed. This variation, present
in the majority of patients, arises from the ECG-gated cCTA
acquisition protocol since a mean heart rate is determined at
the start of the examination, but slight variations in heart rate
during the scan introduce misalignment between these time
points. Although further refinement of the acquisition protocol
could reduce this effect, the discrepancy does not significantly
affect the present results, as the analysis primarily focuses on
the systolic (35%) and diastolic (75%) phases rather than the
exact cycle endpoints.

The AR was the segment most affected by heart motion.
The AR centre of mass followed an elliptical trajectory with
axial displacement, with direction stable across age groups
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but magnitude decreasing with age. This agrees with previous
reports on reduced aortic root mobility in older populations.
A slight temporal offset was found between the maximum
mean diameter (occurring earlier in the cycle) and the centre
of mass motion peak (more temporally distributed), providing
further insight into the interplay between root motion and
radial expansion.

From a statistical perspective, PCA revealed that dynamic
behaviours and ATAA volume primarily shaped the first
component (19% variance), curvature features influenced the
second (14.3%), and patient body size and arterial pressure
dominated the third (12%) and fourth (7%), respectively. The
most relevant metrics for explaining patient diversity were
PMean, weight, LCL, ASI, and LCirc. Notably, maximum
diameter (Dm) ranked only 11th in relevance, indicating that,
in this cohort, it is a weaker discriminator of patient variability
than other morphological and size-related metrics. While these
parameters are not directly linked to rupture risk in the present
study, their influence on patient variance suggests that they
play a role in the underlying aneurysm biomechanics and
may warrant further exploration for future risk stratification
models. These findings support incorporating dynamic and
geometric descriptors previously mentioned into future risk
models rather than relying on geometry alone. They also high-
light the importance of explicitly modelling aortic root mo-
tion in patient-specific Computational Fluid Dynamics (CFD)
and Fluid-Structure Interaction (FSI) simulations, instead of
prescribing purely circumferential expansion, to better capture
the haemodynamic impact of ATAA dynamics. The patient
distribution in PCA space showed that the first dimension
better explained differences in BAV patients, while Tricuspid
Aortic Valve (TAV) patients were more evenly distributed.

While the large dataset (82 patients x 21 time steps)
provides statistical robustness against random segmentation
errors, systematic biases in boundary detection could affect
metrics involving high spatial gradients or small anatomical
features. Concerning error propagation, the segmentation ac-
curacy (Hausdorff distance of 0.656 mm) introduces mea-
surement uncertainty into the deformation metrics. This error
represents approximately 8 to 10% of the typical motion
magnitudes observed, which is acceptable for identifying pri-
mary deformation patterns but may limit detection of smaller,
localised deformations. The tracking algorithm presented a
negligible error, with a Dice coefficient of 0.996 ± 0.0006
and a radius difference of 0.030 ± 0.0151 mm.

Limitations of this study include the under-representation
of younger patients, which limits age-related comparisons.
The deformation algorithm assumes negligible axial motion in
the aortic arch and constant rotation increase simplifications
that may underestimate dynamics. Additionally, the threshold-
based semi-automatic segmentation method used is optimised
for ATAA but less effective in other arterial regions. Finally,
validation of observed motion patterns and PCA-derived pa-
rameters against clinical outcomes or rupture events was not
possible in this dataset.

Our database is distributed unevenly across age groups, with
a greater predominance of older patients. This is a common
trend in the ATAA population due to disease progression

Fig. 14: AR morphology grouping on the first and second
dimension.

Fig. 15: Impact of each metrics on the first and second
dimension. Some Variables with less impact were removed
to improve readability.

in relation to ageing. It is important to note the significant
presence of patients with BAV in younger age groups. This
trend concurs with evidence that BAV is associated with
earlier-onset aortic pathologies and higher aortic complication
risk compared with TAV [28], and with reports of distinct
haemodynamics and remodelling patterns in BAV [29, 30].
Nevertheless, our sample size is limited in the youngest groups
to draw definitive conclusions.
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V. CONCLUSIONS

In this study, we developed a segmentation framework
based on a multi-view U-Net algorithm trained on semi-
automatically segmented data. Additionally, we introduced a
methodology to compute ATAA dynamics from cCTA scans.

The database provides a sample of the ATAA population, as
no selection restrictions were applied, though younger groups
are under-represented. Expanding the dataset would improve
understanding of ATAA dynamics and disease progression.
Methodological improvements are possible: the threshold-
based semi-automatic segmentation performs well for ATAA
but less so in other arterial regions, where training a U-Net on
manually segmented datasets could yield better results. While
the multi-view 2D U-Net works well for ATAA, its limited
spatial context makes a 3D U-Net potentially more suitable
for highly complex geometries. The deformation algorithm
assumes negligible axial motion at the aortic arch and a smooth
increase in rotation, simplifications that may underestimate
dynamics and require further validation.

ATAA motion is influenced by arterial pressure and external
factors. While internal pressure effects are well explained
by numerical models, the role of aortic root motion on the
ascending section remains under-explored. Future CFD and
FSI simulations should incorporate this interaction to better
capture haemodynamic impact.

A PCA of 82 patients and 28 variables (reduced via cor-
relation analysis) retained 11 principal components (Kaiser
criterion), explaining approximately 83.6% of the variance.
The first component reflected dynamic behaviours, while the
second was dominated by geometric markers. Combining
component contributions, PCA highlighted pressure, body
size, centreline length, ASI and centreline arc lengths as key
descriptors, indicating patient size and aneurysm shape as
central to ATAA characterisation in this cohort. Nonetheless,
the selected metrics necessarily influence the PCA results;
this was mitigated by the inclusion of a broad range of
clinical and biomechanical variables but remains important to
acknowledge.

Future work will include longitudinal analysis of the same
patients over one year to capture disease progression, and inte-
gration of the measured deformation into mesh-morphing CFD
models to assess haemodynamic effects compared to purely
circumferential deformation in FSI simulations. Additionally,
we plan to expand segmentation methods and explore patient-
specific 3D motion modelling to refine both statistical and
numerical analyses.
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