
5

Deep learning applied to
follow-up

Endovascular repair is associated with a significant reduction in perioperative
mortality and morbidity compared to open surgery [116]. However, Section
5.1 shows that di�erent types of complications at medium and long- term
follow-up can be observed after EVAR in cases of lifelong surveillance [117].
CTAs analysis can be particularly useful in assessing the evolution of aortic
anatomy during follow-up. Thus, using an automated segmentation method
to extract the aortic lumen in postoperative cases is of great interest. For this
purpose, the deep learning pipeline described in Section 3.3 have been trained
using a bigger dataset including patients with follow-up. The dataset is com-
posed by patients a�ected by AAA and TAA. The stent graft is extracted
from post-operative acquisitions using a standard intensity-based segmenta-
tion approach. Finally, a preliminary work on geometric analysis is intro-
duced to assess changes in aortic anatomy during follow-up.

5.1 Postoperative EVAR follow-up
After EVAR stent-graft implantation, several medium and long term com-
plications have been observed in cases of lifelong patients surveillance [117].
Although EVAR presents reduced perioperative mortality compared to tra-
ditial OSR, EVAR follow-up is essential to timely manage and treat any
complications.
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CTA is the gold standard imaging technique used to identify eventual stent-
graft failure (such as stenosis, angulation, stent migration, stent fractures)
and endoleaks [117]. Endoleaks are characterized by persistent blood flow
outside the endoprosthesis but within the aneurysm sac, and they are the
main cause for EVAR failure [118]. Endoleaks can also lead to an increase
in the aneurysm diameter over time, with subsequent risk of rupture [119].
CTA imaging provides details of both aortic anatomy and stent-graft ap-
pearance. During follow-up evaluations, both the aneurysms diameter and
stent-graft appearance are assessed. Since aneurysm shrinkage indicates that
the endovascular stent is working properly, the aneurysm size is crucial to
determine the success of EVAR intervention [2]. In order to monitor the
aneurysm sac size, aneurysm diameter measurements are performed on the
follow-up CTAs at regular time intervals to evaluate the anuerysm modifica-
tions over time. Nevertheless, some studies have shown that diameter mea-
surements are not sensitive in detecting aneurysm modification after EVAR,
while aneurysm volume quantification should be preferred for early diagnosis
of patients with growing aneurysms [120, 121]. Although aneurysm volume
measurement is superior to maximum diameter measurements, aneurysm vol-
ume quantification is too time-expensive for clinical practice [2]. On average,
the segmentation time needed to segment the aneurysm sac from CTA ranges
from 25 to 40 minutes per patient [59].

5.2 Lumen Segmentation
In this section, a deep learning approach is described to localize and seg-
ment the aortic lumen from preoperative and postoperative CTAs of patients
a�ected by TAA and AAA. As described in detail in Section 3.3, the aortic
lumen is first localized in CTA scans, then the identified region of inter-
est (ROI) is segmented using three distinct 2D networks working on axial,
sagittal, and coronal planes. Finally, the segmentations obtained from the
individual 2D views are combined to provide the final segmentation. In case
of postoperative CTAs, the proposed method is also able to segment the stent
implanted with thoracic endovascular repair (TEVAR).

Given the TAA dataset, that is composed of pre-operative and post-
operative CTA scans, it is necessary to understand whether it is better to
use two di�erent networks to segment pre- and post-operative data.
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Then, since it is well known that the dataset size has a huge impact on
deep learning models performance, in this work we combine all the available
datasets (TAA and AAA) together. However, the ground truth segmenta-
tions of the two datasets do not present the same characteristics: the seg-
mentations in the TAA dataset only include the thoracic tract whereas those
in the AAA dataset extend to the iliacs arteries. Therefore, in order to inte-
grate the AAA and TAA datasets, the model trained on AAA preoperative
data (Section 3.3) is applied to the TAA dataset to extend the segmentation
to the iliac arteries. This step is necessary in order to facilitate the integra-
tion of AAA and TAA datasets and also to extract as much information as
possible from the TAA scans.
This datasets integration allows to obtain a DL network capable of segment-
ing the entire aortic anatomy of TAA/AAA patient from pre/postoperative
CTA acquisitions.

5.2.1 Available Datasets
For this work, two di�erent datasets composed of CTA scans have been
adopted. All the datasets have been provided by the IRCCS of the Policlinico
San Martino Hospital in Genoa under patient’s approval.

1. AAA labelled dataset
This dataset has been described in Section 3.3.1. It is composed of
80 preoperative scans of patients a�ected by AAA. The ground truth
segmentations include thoracic, abdominal, and iliac aortic tracts.

2. TAA labelled dataset
The dataset is composed of 84 preoperative and postoperative CTA
scans of patients a�ected by TAA. The ground truth segmentations
include the thoraci segment, but they do not include abdominal tract
and the iliac arteries. One to four CTA scans are available for each
patient.

5.2.2 TAA Lumen Segmentation
As a first step, the TAA labelled dataset is used to train the segmentation
model described in Section 3.3. The dataset is composed of 84 CTAs di-
vided into training (n = 69), validation (n = 6), and test set (n = 9). As
already mentioned in the previous Section, the TAA dataset may include
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Preoperative DSC Mean surface distance
[mm]

Patient 1 0.958 0.667
Patient 2 0.943 0.638
Patient 3 0.938 0.921
Average 0.946 ± 0.010 0.74 ± 0.15

Table 5.1: Performance of the TAA model on the preoperative test set
acquisitions.

Postoperative DSC Mean surface distance
[mm]

Patient 1 0.944 0,660
Patient 2 0.916 1.140
Patient 3 0.950 0.670
Average 0.937 ± 0.017 0.82 ± 0.27

Table 5.2: Performance of the TAA model on the postoperative test set
acquisitions.

multiple CTA scans for each patient. The train-validation-test splitting is
implemented in a way that the scans of the same patient are all included into
the same set.
Since the dataset is composed of pre-operative and post-operative CTAs, the
objective of this preliminary analysis is to understand if it is necessary to
develop two separate models depending on whether the scan is pre- or post-
operative. Therefore, the TAA dataset of both pre and post-operative CTAs
is used to train a deep learning model and the model performance is analyzed
to verify if the segmentation performance is di�erent depending on the type
of scan.
As it can be noticed from Tables 5.1 and 5.2, the model trained on TAA
dataset do not highlight substantial performance di�erences between pre-
and post-operative scans. Thus, a single model can be used to segment pre-
and post-operative CTA scans.
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5.2.3 TAA and AAA Lumen Segmentation
The dataset size is a key aspect in determining the performance of a deep
learning model. Typically, large datasets enable better model performances
and reduce data overfitting. Using as much data as possible is crucial to have
a final model that performs well on both the training set and unseen data.
Since we have collected two di�erent labelled datasets containing CTAs of
patients a�ected by aortic aneurysm (Section 5.2.1), the idea is to merge
them to obtain a global larger dataset and to train again the segmentation
pipeline described in Section 3.3.

As already explained in Section 5.2.1, the two datasets have been seg-
mented in di�erent way. The AAA dataset has been annotated to train
the segmentation network, whereas the TAA dataset has been manually seg-
mented to perform geometric analysis on the thoracic tract. Thus, the TAA
segmentations only include the thoracic area of interest.
To create a global model, the two datasets need to be integrated: the idea
is to complete the manual segmentations of the TAA dataset by adding the
segment of aortic morphology not labeled in the ground truth. Hence, the
model trained on the AAA dataset (Section 3.3) is used to make predictions
on the TAA scans and to integrate the abdominal tract and the iliac arteries
to the ground truth segmentations.
However, since the TAA dataset presents only the thoracic lumen segmenta-
tion, the predicted segmentations cannot be evaluated quantitatively in the
abdominal and iliac tract. Then, to estimate the goodness of the predicted
segmentation and decide whether to integrate the missing parts estimated
by the network, the DSC is evaluated in the last tract of thoracic segmen-
tation: if the DSC is considered good with respect to an arbitrary threshold
(DSC > 0.895), the prediction of the AAA model is added to the original
ground truth (Figure 5.1). The AAA dataset and the TAA scans that meet
the DSC requirement are merged and used to train a new global model. The
adopted approach follows this scheme:

1. Train the model on the actual dataset

2. Use the trained model to make predictions on the TAA scans excluded
from the actual dataset (DSC < 0.895)

3. Add the TAA scans with DSC > 0.895 to the actual dataset, if any
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(a) (b)

Figure 5.1: Prediction of the AAA model on the TAA dataset. In green, the
manual segmentation of the thoracic aorta. In red, the segmentation predicted
by the AAA model including the abdominal area and the iliac arteries. Two

di�erent examples are shown in figure a) and b).

4. If TAA scans have been added to the dataset, go to step 1) and repeat
the other steps, otherwise stop the training process.

Table 5.3 shows that this process has been repeated 4 times. After Iteration

3, none of the CTAs excluded from the dataset presents a DSC greater than
0.895, so the data inclusion process is terminated.
The global dataset is composed of 80 AAA scans and 40 TAA scans (Table
5.5). More in detail, the AAA dataset includes only pre-operative CTA
scans, while the TAA dataset is composed of 10 pre-operative and 30 post-
operative CTAs. After the iterative data addition process, the TAA scans
in the global dataset extends to the iliac arteries (Figure 5.1). The dataset
division into training, validation and test set is shown in Table 5.4. The
performances of the trained model are summaryzed in Table 5.6, where the
metrics are calculated separately for the pre- and post-operative patients
belonging to the test set. As already noticed in the experiment performed on
the TAA dataset (Section 5.2.2), the segmentation results obtained for the
preoperative and postoperative scans do not show substantial di�erence.
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Preoperative TAA
scans

Postoperative TAA
scans

Total
scans

Iteration 0 8 16 24
Iteration 1 9 25 34
Iteration 2 10 28 38
Iteration 3 10 30 40

Table 5.3: Evolution of TAA dataset over the iterations.

Dataset Train Validation Test Total
Iteration 0 84 9 11 104
Iteration 1 93 10 11 114
Iteration 2 95 11 12 118
Iteration 3 97 11 12 120

Table 5.4: Dataset division into train, validation, and test set over the
iterations.

Dataset Preoperative Postoperative Total
AAA 80 0 80
TAA 10 30 40
Total 90 30 120

Table 5.5: Final dataset obtained merging AAA dataset and part of the TAA
labelled dataset.

Test set Average DSC Average Surface Distance
[mm]

Preoperative (8 CTAs) 0.929 ± 0.018 0.766 ± 0.162
Postoperative (4 CTAs) 0.930 ± 0.016 0.914 ± 0.262

Table 5.6: Average results obtained on the test set. The scores have been
computed separately for pre-operative and post-operative scans.
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5.3 Stent Graft Segmentation
During EVAR and TEVAR procedures, one or more endoprosthesis are de-
livered and positioned in the damaged areas of the aortic lumen. The stent
graft is a device that excludes the diseased portion of the aorta from the
blood flow, thus reducing the aneurysm sac pressurization. Stent-grafts are
composed of a metallic frame covered by synthetic materials.

Since the stent graft is not segmented in the datasets, standard intensity-
based approaches are adopted to extract it from the post-operative TAA
CTAs. The method is composed of several steps:

1. Given that the stent-graft is surrounded by the diseased aorta, the aor-
tic lumen segmentation predicted the DL-pipeline is dilated with n = 2
iterations to get the region of interest for stent-graft segmentation.

2. The dilated lumen segmentation is used to mask the CTA and consider
only the areas of interest. Since the endoprosthesis metallic frame can
be visualized in the CTA as a bright structure, a simple thresholding
algorithm is adopted to extract a preliminary segmentation of the stent.
Pixels with Hounsfield Unit (HU) > 800 are labelled as stent-graft,
while the others as background. However, calcifications present high
intensity values (around 1000 HU) as well; if present, they may be
classified as stent-graft.

3. Since calcifications may appear as small disconnected group of pixels in
the obtained segmentation, a strategy based on connected components
is used to extract only the stent graft from the segmentation. However,
if the mesh of the prosthesis is not very thick, the frame components
may appear disconnected as well in the preliminary segmentation. To
avoid this e�ect, preliminary segmentation is first dilated with n = 5
iterations so that the separated components of the same stent can be
connected other and a single connected component can be obtained.
Since the stent may present a more or less dense structure, a di�erent
number of dilation iterations n may be used. Stents with loose mesh
may need a higher dilation parameter, while those with dense mesh may
need fewer iterations. In the latter case, using a high dilation parameter
could lead to the inclusion of calcifications in the stent segmentation.

4. Only the biggest connected component is kept in the stent-graft dilated
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segmentation. Finally, this segmentation is used as a mask on the initial
segmentation obtained at step 1). In this way, the size of the stent is
not altered by the dilatation process.

5.4 TAA Follow-up Evaluations
Aortic disease represents the 12th leading global cause of death. Descending
thoracic aortic aneurysms are a small but significant portion of this pathol-
ogy. Currently, most TAAs are now repaired by endovascular approach.
Short and mid-term data regarding patients undergoing endovascular repair
indicate acceptable morbidity and mortality compared with open TAA re-
pair, but long-term follow-up data are still limited [122].
The main disadvantage of TEVAR is the possible occurrence of post-operative
procedure-related complications. Most common complications include en-
doleak formation, migration, and stent graft collapse, which jeopardize the
success of the treatment and may result in further intervention [123].
One of the problems related to TEVAR procedure is the possible evolution
of landing zones, which are healthy areas of the treated aorta that can be-
come diseased after intervention. While several studies have been conducted
on neck diameter evolution for EVAR, studies regarding the e�ects of the
TEVAR intervention are still limited. In addition, other problems may arise
due to the tendency of the prosthesis to straighten.
In their study, Yau et. all [124] showed that aortic neck dilatation is quite
common after TEVAR, and that the diameter modifications can occur in
the proximal landing zone. These findings highlight the importance of close
follow-up in TEVAR patients. However, the variability of aortic diameter
measurements is widely described in the literature: comparison of follow-
up examinations requires measurements at the same locations, and diameter
measurements usually depend on the multiplanar reconstruction orthogonal
to the aortic centerline [125].
Thus, the definition of an automated pipeline to measure aortic diameters in
the areas of interest would reduce the issues related to measurement variabil-
ity and would speed up comparative analyses between follow-up acquisitions.

The aim of this preliminary work is to develop a method to analyze the
geometry of the aortic anatomy in order to study its possible modification
during follow-up acquisitions. More in detail, the lumen diameters are mea-
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(a) (b)

Figure 5.2: Stent post-processing. The stent segmentation obtained with
binary thresholding is represented in a). The stent segmentation is displayed in

yellow, the aorta in red. The initial segmentation also includes some
calcifications that are located in the abdominal and iliac areas. In Figure b), the

initial segmentation is processed considering connected components, and the
result is displayed in green.
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sured in the first 2 cm and last 2 cm of stent graft (the landing zones). In
addition, the average curvature at the landing zone and the overall tortuosity
of the aorta within the stent graft are also calculated. These measurements
are repeated at the various time-points of follow-up, with the goal of assessing
whether the aortic diameters in the landing zones evolve over time.

5.4.1 Dataset
This study is performed using a database of 15 patients who underwent
TEVAR treatment at IRCCS Ospedale Policlinico San Martin (Genoa, Italy).
Regarding pathology, only patients with thoracic aneurysm are included in
the study, while patients with aortic dissections are excluded. Since the goal
of this work is to analyze the evolution of lumen diameters at various follow-
up, only patients who have two or more postoperative CT scans are included
in the study. These patients are part of the dataset of TAA scans described
in Section 5.2.1 (i.e., dataset number 2). In the analyzed dataset, 69% of
patients were male, 31% were female. The mean age is 74 ± 4 years. The
dataset includes a total of 42 scans: 10 scans are acquired 1 month after
surgery, 13 scans are acquired at 1 year after surgery, 11 scans are acquired
at 2 years, and 8 scans are acquired at 3 years.
Each CT scan is provided with the corresponding lumen segmentation. The
segmentation is obtained using the implemented segmentation pipeline and
is manually modified by the expert when necessary. Stent segmentation
is automatically performed using the procedure described in Section 5.3.
Because most geometric analysis is performed in the first and last 2 cm of
the stent (i.e., the landing zones), the identification of the stent graft in the
CT scan is a critical step. Therefore, the segmentations provided by the
automated method are visually checked by an expert and modified where
necessary.

The study was approved by the Liguria Regional Ethics Committee
(Comitato Etico Regionale Liguria) on October 20th, 2021 (Ref. internal
No: 451/2021).

5.4.2 Methods
Geometric analysis is entirely performed using the VMTK library [81]. The
next sections will briefly present the steps used to analyze the single postop-
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erative CTA acquisition. Then, for patients with multiple follow-up acqui-
sitions, the measurements obtained at various time-points are compared to
identify any aortic issue.

Centerline Computation

The first key step in the developed pipeline involves the extraction of the
lumen centerline. The lumen segmentation is first pre-processed by keeping
only the largest connected component and removing the disconnected com-
ponents. The polygonal model of the lumen is created using Marching Cubes
algorithm from the lumen segmentation. A polygonal model is obtained from
the stent-graft segmentation as well. Then, the anatomical landmarks that
were manually identified by the experts and used to train the network de-
scribed in Section X are used as seed points to extract the centerline from
the full 3D model of the lumen. Since we are interested in analyzing the
thoracic tract, we consider as source seed the landmark located in the aortic
bulb, and the landmark located in the renal bifurcation as the target seed
(Figure 5.3). Since the geometric analysis must be limited to the stent graft
area, a convex hull is built from the stent polygon and used to isolate the
portion of the centerline of our interest Figure 5.4. In order to focus on the
damaged area within the stent graft, only the aortic sections that are con-
tained in the convex hull are maintained for the analysis. Then, a smaller
centerline is computed within the area of interest (Figure 5.5).

Tortuosity and Length Computation

Some of the key aspects used to assess aortic changes during follow-up are
aortic length within the stent-graft and tortuosity. An increase of centerline
length over time, given two or more stents implanted, means a mutual mi-
gration of the stents over each other and thus a decrease in the overlap zone.
In addition, tortuosity has been identified as a risk factor for type 1b en-
doleak [126], so monitoring tortuosity over follow-up acquisitions is critical.
Moreover, centerline tortuosity represent an important factor for di�erent
cardiovascular diseases [127]. Given the centerline length L and the shortest
distance between the two centerline endpoints ED, the centerline tortuosity
T is defined as follows:

T = L

ED
≠ 1 (5.1)

116



5.4. TORTUOSITY AND LENGTH COMPUTATION

(a) (b)

Figure 5.3: 3D model of postoperative lumen and stent. In a), the thoracic
lumen and the stent graft are represented in white and green respectively. In

figure b), the computed aortic centerline is represented in blue.
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Figure 5.4: Convex hull created from the stent-graft segmentation. The convex
hull is represented in yellow, while the stent-graft and the aortic centerline are

represented in green and white respectively.
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Figure 5.5: Geometrical analysis in the damaged aortic area. Given the convex
hull represented in Figure 5.4, only the centerline contained in the hull is

maintained for the analysis (in purple).
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Figure 5.6: Geometrical analysis in the landing zones. Two centerlines are
considered (yellow): one includes the first 2 cm and the other the last 2 cm of the

centerline within the stent-graft. The average curvature and diameters are
evaluated in both segments.

Landing Zones Analysis

Since the main purpose of the work is to evaluate geometric changes in the
landing zones, parameters such as mean diameter and curvature in the first
and last 2 cm of the stents are calculated. To obtain these indices, two small
centerlines are extracted from the centerline of the lumen within the stent:
the first describes the proximal landing zone, the second the distal landing
zone (Figure 5.6). The values of curvature and diameters are obtained using
VMTK library and averaged.

5.4.3 Results
The geometric analysis was applied to a dataset of 15 patients with postop-
erative CTA acquisitions. Table 5.7 shows the result obtained on a single
patient. For this patient, the measured data show that over time the proxi-
mal and distal landing zones evolve: the diameters increase and in the future
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1 Month
Acquisition

1 Year
Acquisition

2 Year
Acquisition

Stent lenght
[mm] 166.6 168.8 172.8

Aortic tortuosity 0.39 0.36 0.34
Max diameter first
2 cm [mm] 40.0 43.6 45.4

Min diameter first
2 cm [mm] 37.3 40.6 41.64

Max diameter last
2 cm [mm] 27.8 31.8 34.6

Min diameter last
2 cm [mm] 24.5 28.0 31.7

Curvature first
2 cm 0.012 0.008 0.008

Curvature last
2 cm 0.015 0.012 0.017

Table 5.7: Post-operative analysis of a patient with follow-up at one month, one
year, and two years after surgery.

an endoleak could develop with need for retreatment. Also, as expected,
stent length increases while aortic tortuosity decreases.

Figure 5.7 presents the maximum diameter measurements in the landing
zones during the various follow-up. The data shows that in a selected pop-
ulation of aneurysmal patients undergoing TEVAR, the proximal and distal
neck tends to evolve during follow-up. The mean landing zone diameters
computed at 1 month, 1 year, 2 years and 3 years follow-up are summarised
in Table 5.8. The mean diameter increases across follow-up acquisitions.

5.4.4 Conclusions
The results obtained on the geometrical analysis only have a preliminary na-
ture, because the analyzed dataset is small and the number of acquisitions
per patient is di�erent. Nevertheless, these preliminary results specifically
allowed to observe the expected trend, despite the small dataset. In addi-

121



5. DEEP LEARNING APPLIED TO FOLLOW-UP

(a)

(b)

Figure 5.7: Maximum diameters analysis. (a) Maximum diameters in the first
2cm of the stented aorta . (b) Maximum diameters in the last 2cm of the stented

aorta. The diameters are reported on the y axis and measured in mm, while
patients IDs are reported on the x axis.
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Max diameter
first 2 cm

[mm]

Min diameter
first 2 cm

[mm]

Max diameter
last 2 cm

[mm]

Min diameter
last 2 cm

[mm]
1 Month

Acquisition 31.56 ± 4.91 29.42 ± 4.53 28.16 ± 4.04 25.74 ± 4.02

1 Year
Acquisition 34.33 ± 5.92 31.01 ± 5.38 29.00 ± 4.63 26.72 4.12

2 Year
Acquisition 35.92 ± 5.38 32.42 ± 4.98 30.59 ± 3.35 27.59 ± 3.20

3 Year
Acquisition 37.51 ± 2.60 33.23 ± 2.61 30.29 ± 2.51 27.83 ± 1.83

Table 5.8: Mean landing zones diameters at di�erent follow-up.

tion, this study highlighted the possibility to compare aortic diameters at
di�erent levels to provide information about possible aneurysmal dilatation
in the distal and proximal zones.
In future developments it will be necessary to increase the dataset and use a
statistical test (t-test) to verify that the diameter in the landing zones actu-
ally increases during the follow-up. The same approach will be used to ana-
lyze how the other geometric parameters (length, tortuosity, etc.) vary over
time. In addition, the segmentation network described in Section 3.4.3 will be
trained to extract the thrombus from postoperative CTA scans. In this way,
it will be possible to compute the volumme variation of the aneurysm sac dur-
ing follow-up acquisitions thus assessing the e�cacy of the EVAR/TEVAR
treatment.
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6

Conclusions

In recent years, new artificial intelligence technologies have been designed, de-
veloped and deployed in the medical and clinical domains. With the increas-
ing amount of available medical data, there is a strong need for automated
methods that can process information automatically, supporting clinicians.
The goal of this thesis has been to propose and validate deep learning method-
ologies designed to support the various phases of endovascular treatment.
Thus, the methodologies proposed in this thesis are aimed at solving specific
image processing problems related to the endovascular domain.

In the context of pre-operative applications, a novel pipeline has been
proposed to allow a fully automated identification and segmentation of the
aortic lumen and intraluminal thrombus from CTA scans. Given the auto-
matic segmentations, geometric evaluations of the diameters are performed
to evaluate and monitor the preoperative morphology.
This work has allowed for faster segmentation and automation of the aor-
tic diameter measurement procedure, which is subject to intra- and inter-
operator variability. Future developments would need to have a larger database
based on multi-hospital collaboration to make the developed models more ro-
bust. In addition, the developed segmentation method could be put into a
multi-user accessible platform to make it accessible from di�erent users. In
the context intra-operative endovascular applications, we have focused on
the aortic deformations caused by tools-tissue interactions. A deep learn-
ing model has been trained as a surrogate of finite element analysis to en-
able faster predictions of the intra-operative aortic deformations induced by
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sti� tools insertion. This proof-of-concept work showed promising results,
demonstrating the feasibility of using deep learning as a FEA surrogate and
overcoming the FEA limits in terms of computational time. In future de-
velopments, a bigger dataset will be used to train the model and the DL
predictions will be compared to the intraoperative aortic deformations ob-
served in fluoroscopy images.

Finally, the last part of this work deals with post-operative endovas-
cular applications. In this context, a DL model is trained to perform lu-
men segmentation from both preoperative and postoperative CTA scans.
In addition, automatic geometric analysis of follow-up TAA scans is per-
formed to verify whether and how the aortic anatomy changes in the land-
ing zones during post-TEVAR follow-up acquisitions. This work speeds up
the geometric analysis of aortic anatomy and makes measurements com-
pletely operator-independent, facilitating the comparison of these measure-
ments during follow-ups. In future work, as for the pre-operative applications,
it will be necessary to use larger and possibly multi-center datasets to per-
form model training and geometric analysis. In addition, it will be useful
to include automatic thrombus segmentation from postoperative images as
well, so that we can assess how the volume of the aneurysmal sac evolves
during follow-ups.

The thesis was conducted in a multidisciplinary setting, integrating the
medical and research side with the industry side as well. The methodolo-
gies developed in this thesis will be further expanded to be integrated into
a support tool for clinical practice in the vascular field. Applying these
DL-based methodologies will allow to automate the diagnostic-therapeutic
process. Since aortic diseases have serious consequences in terms of mortal-
ity and complications, we expect that such clinical tool will have a strong
impact on the quality of life of patients. Thus, the proposed work leaves the
door open for future developments related to current and future challenges
in the endovascular field.
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