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Endovascular Aneurysm Repair (EVAR) is a minimally invasive procedure crucial for treating abdominal
aortic aneurysms (AAA), where precise pre-operative planning is essential. Current clinical methods
rely on manual measurements, which are time-consuming and prone to errors. Although Al solutions
are increasingly being developed to automate aspects of these processes, most existing approaches
primarily focus on computing volumes and diameters, falling short of delivering a fully automated pre-
operative analysis. This work presents BRAVE (Blood Vessels Recognition and Aneurysms Visualization
Enhancement), the first comprehensive Al-driven solution for vascular segmentation and AAA analysis
using pre-operative CTA scans. BRAVE offers exhaustive segmentation, identifying both the primary
abdominal aorta and secondary vessels, often overlooked by existing methods, providing a complete
view of the vascular structure. The pipeline performs advanced volumetric analysis of the aneurysm
sac, quantifying thrombotic tissue and calcifications, and automatically identifies the proximal

and distal sealing zones, critical for successful EVAR procedures. BRAVE enables fully automated
processing, reducing manual intervention and improving clinical workflow efficiency. Trained on a
multi-center open-access dataset, it demonstrates generalizability across different CTA protocols and
patient populations, ensuring robustness in diverse clinical settings. This solution saves time, ensures
precision, and standardizes the process, enhancing vascular surgeons’ decision-making.
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Endovascular Aneurysm Repair (EVAR) has become the primary treatment option for Abdominal Aortic
Aneurysm (AAA) in suitable patients over the last decade, due to its lower perioperative morbidity and mortality
compared with the open approach!2. EVAR isolates the AAA using a stent-graft (SG) with three sealing zones:
one at the aorta and two at the common iliac arteries, ensuring secure attachment and diverting blood flow from
the aneurysmal sac to prevent rupture. Precise imaging is a key component of the care pathway for patients
with AAA. Contrast-enhanced computed tomography angiography (CTA) analysis with dedicated workstations
allows for a 3D evaluation of the complete aortic anatomy, essential for accurate measurements>.

EVAR feasibility relies on assessing morphological characteristics of the aorta, AAA sac and surrounding
anatomy from pre-operative CTA (pre-CTA). These characteristics are crucial for optimal SG sizing, accurate
EVAR planning and for determining the quality of arterial access points for SG deployment. Recently, the new
ESVS guidelines 20242 propose the EVAR sizing and planning worksheet, which outlines the key morphological
features that vascular surgeons need to measure. These include, among others, the location of the renal artery, to
ensure the SG does not block renal flow, and the diameter, length, and angulation of the proximal neck, to ensure
proper seal and fixation of the SG.

All the anatomic features for EVAR eligibility are typically evaluated by the vascular surgeons using dedicated
commercial image processing software for EVAR sizing. However, this task is challenging, requires a long
learning curve, and remains operator-dependent and time-consuming, particularly in the presence of aberrant
anatomy, tortuous aorta and significant disease around the lumen*. This process might be complex for everyday
clinical practice, even with advanced 3D workstations, and results are affected by high inter- and intra-operator
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Variabili'[y.4 Moreover, some parameters, such as AAA body volume, AAA lumen volume, and thrombus volume,
are not directly provided by all clinical software>°.

Traditional analytical approaches, such as active contour and morphological snake models’, have been used
to overcome the limitations of manual segmentation, with promising results in the automatic segmentation of
both the aortic lumen and intraluminal thrombus. The advent of AI in research has further enhanced these
efforts, with Al-based solutions, such as deep neural networks®8-15, demonstrating significant potential.

Despite significant breakthroughs, most research to date has primarily focused on AAA thrombus
segmentation and the automated measurement of a limited subset of the morphological features necessary
for EVAR planning. Recently some studies focused their attention on automatic segmentation and volumetric
analysis of the aortas in patients with infrarenal AAA7313!4 Others added the measurements located at specific
aortic areas, such as the AAA sac'®"16, and along all the aortic tree®!>, but their analysis was again limited to
extracting only maximum diameters and volumes measurements, without addressing the sealing zones. Kim
et al.'” proposed a segmentation approach that is based on Active Learning and a subsequent measurement
algorithm. However, their work is restricted to a single institution and the segmentation necessitates manual
intervention.

This narrow focus has led to the neglect of critical factors such as the quality of aortic branches and distal
sealing zones, both of which are crucial for effective EVAR planning. Furthermore, there remains a notable
gap in the automatic quantification of thrombus and calcifications in these regions, even though the literature
highlights that iliac artery aneurysms develop in 10% to 40% of AAA cases.'S.

To overcome these limitations, this work introduces the first comprehensive Al-driven solution for AAA
morphological features extraction. The tool, named BRAVE [Blood vessels Recognition and Aneurysms
Visualization Enhancement], aims to facilitate EVAR planning with an easy, automatic and quick computation
of all morphological features indicated in the new ESVS guidelines 2024°. These include proximal neck and
AAA sac morphological features, but also aortic branches and proximal and distal sealing zones. The robustness
and reliability of BRAVE were validated across diverse clinical settings by comparing its segmentations with
those manually extracted by expert vascular surgeons. Additionally, a final comparison was performed between
the morphological features extracted by BRAVE and those manually extracted using dedicated CE-marked
commercial image processing software for EVAR. Results confirm accurate vessel identification, with correct
segmentation in all cases compared to expert annotations in the external validation pre-CTAs dataset. Regarding
the thrombus segmentation, the SegResNet network achieved an average Dice Similarity Coefficient of 0.96,
demonstrating high accuracy, whereas for most anatomical regions the entire pipeline obtained a value above
0.85. Bland-Altman analysis showed that biases and limits of agreement were consistently below predefined
clinical criteria, confirming the reliability of morphological features extraction.

To summarise, the main contributions of the paper are the following:

- Comprehensive segmentation: BRAVE segments not only the primary abdominal aorta but also identifies sec-
ondary vessels, often missed by existing methods, providing a complete picture of the vascular structure.

- Volumetric analysis: The pipeline performs advanced volumetric analysis of the AAA sac, quantifying throm-
botic tissue and calcifications, which enhances surgical planning and decision-making.

- Sealing Zones Identification: BRAVE automatically identifies and analyzes the proximal and distal sealing
zones, which are critical for successful EVAR procedures.

- Al-driven automation: The use of deep learning models (U-Net and SegResNet) and unsupervised algorithms
enables fully automated processing, reducing the need for manual intervention and increasing the efficiency
of the clinical workflow.

- Generalizability: Trained on a multi-center open access dataset, BRAVE is robust across varying CT protocols
and patient populations, making it applicable in diverse clinical settings.

Materials and methods

The BRAVE pipeline

The BRAVE pipeline, as shown in Fig. 1, is an automatic tool designed for pre-CTA analysis in EVAR planning,
comprising five consecutive steps that integrate deep learning and unsupervised machine learning algorithms.
The process begins with Initial Segmentation using a pre-trained nnU-Net to identify key anatomical structures,
including the aorta and iliac arteries. The Vessel Identification Algorithm (Algorithm 1) then identifies and
segments secondary vessels of the infrarenal aorta. Next, the SegResNet network refines the segmentation,
focusing on the thrombus within the aorta and common iliac arteries, a challenging task for traditional methods.
The Areas Localization Algorithm (Algorithm 2) isolates areas of interest within the segmented images,
accurately recognizing bifurcations and segmenting the AAA sac. Finally, the Morphological Features Extraction
(Algorithm 3) module quantifies anatomical metrics, including thrombus and calcifications, according to the
2024 ESVS guidelines. The five consecutive steps are detailed in the following.

Initial segmentation

The first step performs an initial segmentation of the pre-CTAs to automatically identify mainly the aorta
and the common iliac arteries, as well as external iliac arteries, and relevant anatomical structures as kidneys,
vertebrae, common iliac veins, and the inferior vena cava, as Fig. 2 shows. This step uses a pretrained nnU-Net
segmentation network that already proved effective in previous studies'®.

Vessels identification
A newly developed automated Vessels Identification Algorithm (VIA, Algorithm 1, Fig. 3) leverages initial
segmentation results and anatomical relationships to identify secondary vessels branching from the infrarenal
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Fig. 1. Schematic representation of the BRAVE pipeline illustrating the 5 steps for processing an input pre-
CTA. First, an initial segmentation of anatomical structures of interest was obtained through a nn-UNet,
followed by a Vessel Identification Algorithm (Algorithm 1) which identifies and segments secondary vessels.
Next, a SegResNet refines the segmentation of the aorta and iliac arteries (yellow vs red contours) and an Areas
Localization Algorithm (Algorithm 2) isolates key anatomical parts for EVAR planning. Lastly a Morphological
Features Extractor (Algorithm 3) estimates key features of the patient and generates a report. The figure was
created using Photopea 5.4
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Fig. 2. Outputs produced by the nnU-Net in the first pipeline step for some selected patients. Each colour
represents an anatomical structure of interest reported in the legend. The figure was created using Photopea 5.4
with 3D models generated in 3D Slicer 5.6.1.

aorta, including the renal arteries, celiac artery, superior mesenteric artery, and internal iliac arteries. These
branches are segmented within a 5 cm radius from the centerline of the aorta and the common iliac arteries.

A flood-filling algorithm is first applied to the rough segmentation of the aorta and common iliac arteries
using a 3D connected components approach with a neighborhood size value of 3. The algorithm divides high-
intensity structures by applying an intensity threshold that is above the mean Hounsfield value of the vena
cava, thereby ensuring the separation of arteries from veins. The remaining vessels, after excluding the aorta
and common iliac arteries, are subsequently ranked using a non-linear aggregation function, specifically the
Choquet integral. This approach combines information on the Euclidean distance in the physical space from the
reference structures (e.g., kidneys) and the volumes to generate a score. A secondary vessel with the highest score
for a key anatomical structure is then classified accordingly.

Thrombus segmentation

The third step performs a comprehensive thrombus segmentation within the aorta and common iliac arteries, a
notably challenging task. Segmenting the thrombus in these areas is complicated. Indeed, the pretrained nnU-
Net network struggles with this particular task due to the heterogeneity of the thrombus both within the same
patient and across different patients and its proximity to structures of similar intensity. We thus developed a novel
segmentation network, based on the SegResNet architecture, which is an encoder-decoder based convolutional
network specifically trained for thrombotic tissue segmentation.

Areas localization

Subsequently, a dedicated algorithm, the Areas Localization Algorithm (ALA, Algorithm 2, Fig. 3), identifies
all areas of interest within the segmented images. The process begins with the automatic detection of initial and
terminal points, tracing the centerline between these points. An unsupervised algorithm separates bifurcated
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Algorithm 1: Vessels Identification

Input: CT volume; segmentations of Kidneys, Aorta and lliac Arteries
Output: segmentation of renal arteries, superior mesenteric artery, celiac and internal iliac arteries
1: Use Flood-filling algorithm (3D) with small neighborhood size starting on aorta at the level of the
kidneys
2: Subtraction of the flood-filled segment with the segmentation of the Aorta and lliac Arteries
3: Separate islands into separate structures
4: For every structure:
4.1: Calculate distance from kidney left, kidney right, iliac artery left, iliac artery right
4.2: Calculate volume
5: Aggregate volumes and distances into a normalized score using an aggregation function
6: Return segmentations with highest score on each key-structure

Algorithm 2: Areas Localization

Input: Refined segmentation of the aortic tree with centerlines
Output: Isolated areas of interest
1: Perform CPR on the centerlines of the aortic tree
2: Proximal Sealing Zone Isolation
2.1: Delineation of lowest point of renal arteries
2.2: Delineation of enlargement of the vessel (using a simple gradient-based check)
2.3: Isolation of Proximal Sealing Zone
3: AAA Sac Isolation:
3.1: Delineation of aorto-iliac bifurcation using Branch clipper tool
3.2: Isolation of AAA sac
4: Distal Sealing Zones Isolation:
4.1: Delineation of common-iliac bifurcations using Branch clipper tool
4.2: Isolation of Common lliac Arteries and distal sealing zones
5: Return new isolated segmentations

Algorithm 3: Morphological Features Extraction

Input: CT volume, demarcation points

Output: Morphological Features

1: Using information from demarcation points:
1.1: Calculate diameters of sealing zones, lengths and angles
1.2: Fit a two-component Gaussian Mixture Model (GMM) using sealing zones’ walls HUs
2.2: Classify voxels as thrombus or calcifications using the fitted GMM on sealing zones’ walls
2.3: Classify voxels as thrombus or calcifications using the fitted GMM on AAA sac

3: Return Extracted Morphological Features

Fig. 3. Pseudo-codes of unsupervised algorithms used in the automatic BRAVE’s pipeline.

vascular segments into distinct branches based on their centerline model?, thereby recognizing the aortic and
common iliac bifurcations.

The aortic bifurcation is initially identified based on the segmentation performed with the nnU-Net. Then
the SegResNet adds information about the thrombotic areas. At the end, the aortic bifurcation point can be
identified with a better accuracy.

The nnU-Net’s segmentation includes also the common iliac arteries but further isolation of the common iliac
artery from the external iliac artery is still necessary. By applying Antiga’s method, we effectively separate these
components and accurately define the distal sealing zones, located just above the common iliac bifurcations.

This results in a complete segmentation of the AAA sac, including the lumen, proximal and distal sealing
zones, and common iliac arteries.
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Morphological features extraction

Finally the Morphological Features Extraction (MFE, Algorithm 3, Fig. 3) module automatically acquires all
anatomical metrics, as outlined in the 2024 ESVS guidelines. All the single morphological features extracted are
detailed in the Supplementary Table S1 online. Among these metrics, thrombus and calcifications within the
proximal and distal sealing zones are quantified by an unsupervised clustering algorithm. While the sealing zones
are segmented in prior steps, they do not specifically differentiate between thrombotic or calcified tissues. For
this reason, additional quantification using clustering is necessary, as it allows for more accurate identification
and quantification of these two tissue types within the sealing zones. The unsupervised clustering algorithm used
is the Gaussian Mixture Model (GMM), which parametrized two normal distributions, one for each tissue type
based on their Hounsfield numbers values with calcification having the distribution with the highest mean value,
and thrombotic tissue, which has lower value.

The BRAVE pipeline was developed in Python 3.11.9 (https://www.python.org) using the Pytorch
2.3.0 (https://pytorch.org)?!, MONAI 1.3.0 (https://monai.io)??, and VMTK 1.4.0 (http://www.vmtk.org)?®
libraries, integrated with the 3DSlicer 5.6.1 platform (https://www.slicer.org)**?* for visualisation and manual
segmentation tasks. The SegResNet network was trained and validated on an NVIDIA RTX A5000 24 GB GPU,
while the trained pipeline was used on a standard workstation.

Pipeline training and validation

The robustness and reliability of BRAVE were validated across diverse clinical settings, using pre-CTAs from
publicly available datasets, representing a real-world dataset that generalises across different clinical institutions’
imaging protocols.

The nnU-Net was pretrained on 1228 general purpose full body CT images from Zenodo?®, which included
various scanners, acquisition sequences and institutions, as well as patients with and without AAAs. Since the
network had already been extensively validated in a previous study'’, further validation was unnecessary.

A SegResNet was trained on 200 high-resolution cropped CTA images of AAA patients from a publicly
available dataset?’, with both non-contrast and CTA images in high resolution (256 %256 pixels) across 64
slices for each patient. The test set, including 20 additional cropped CTA images from the same repository, was
used for thrombus segmentation validation. A detailed description of the SegResNet model, training pipeline,
hyperparameter tuning, and relevant information is provided in the supplementary materials (Table S2),
including model configuration, dataset and preprocessing, and evaluation metrics.

The entire pipeline was validated on an external set of 20 full abdomen pre-CTA scans from patients with
AAA, collected from publicly available datasets?®23-30,

Further details about the two validation procedures are described in the following.

Validation of thrombus segmentation

The thrombus within aorta and common iliac arteries is a complex tissue with significant variability in
characteristics, such as porosity and calcification, both inter- and intra-patients. Its proximity to other abdominal
structures with similar imaging intensities complicates the segmentation. Consequently, the pretrained nnU-
Net network often fails to be accurate in this task. To overcome this, SegResNet was developed for precise
segmentation of the aorta and the common iliac arteries, and their associated thrombus. The 220 pre-CTAs of
AAA patients, available with the manually performed ground truth segmentation?’, were used for SegResNet
training and testing, split in a 90%-10% ratio. Common metrics used to estimate the segmentation performance
are the Dice Similarity Coefficient (DSC), Jaccard Index (JI), Sensitivity Index (SelI), Specificity Index (SpI)
and Hausdorff Distance (HD). DSC is calculated as twice the number of pixels shared by both segmentations,
divided by the total number of pixels in each mask. In contrast, JI is determined by dividing the intersection
of the masks by their union. Sel is defined as the ratio of true positives to the sum of true positives and false
negatives, whereas Spl is calculated as the ratio of true negatives to the sum of true negatives and false positives.
Instead the HD measures the maximum distance between points on two surfaces, providing an upper bound on
the discrepancy between them. It is commonly used to evaluate segmentation accuracy, particularly in 3D shape
comparisons, by identifying the greatest distance from any point in one set to the nearest point in the other.

Validation of the full BRAVE pipeline

A comprehensive validation of the entire pipeline was performed on an additional set of 20 full abdomen pre-
CTAs. This final validation process consisted of two steps. First, comparing the final automatic segmentations
with manual segmentations performed by two expert vascular surgeons, using the segmentation tools of
3DSlicer platform on the CTA images slice by slice for each single patient. Second, validating the extraction
of morphological features against those manually obtained using CE-marked software employed in clinical
practice (3mensio Vascular 10.3 (https://www.3mensio.com), Pie Medical Imaging BV, Maastricht, NL).

The comparison between automated Al-based and manual segmentations (first step) was assessed using
the previous metrics used for thrombus segmentation, i.e. DSC, JI, Sel, SpI and HD. Average performance
across various anatomical regions (Table 1) was calculated to assess efficacy on each sub-segmentation task.
Additionally, a general mean score was provided for overall capability evaluation.

In the second step, Bland-Altman analyses were performed on key morphological measurements (i.e.
maximum/minimum diameters, angles and lengths) to assess agreement and identify potential biases or outliers.
Following Giavarina D.*!, mean differences for each parameter were compared to clinically established a priori
limits of maximum acceptable differences (Expected Limits of Agreement, ELoA, e.g. <2 mm for proximal neck
diameter) to evaluate feature extraction reliability. Specific analyses by extracted feature groups are detailed in
Table 2.
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Anatomical region Dice similarity coefficient (DSC) | Jaccard index (JI) | Sensitivity index (Sel) | Hausdorff distance (HD)
Celiac Artery 0.91+0.06 0.92+0.05 0.91+0.07 5.70+6.82
Superior Mesenteric Artery 0.86+0.11 0.88+0.08 0.82+0.16 6.52+11.08
Left Renal Artery 0.90+0.06 0.91£0.05 0.93+0.07 3.04+2.68
Right Renal Artery 0.90+0.07 0.91+0.06 0.94+0.05 2.21+5.18
Proximal Neck 0.98+0.01 0.98+0.01 0.98+0.02 3.08+2.09
Proximal Neck Wall 0.79+0.11 0.83+0.07 0.73+0.15 5.10+7.16
AAA sac thrombus 0.97+0.03 0.97+0.03 0.98+0.03 4.52+5.02
AAA sac lumen 0.98+0.01 0.98+0.01 0.97+£0.02 5.34+2.52
AAA sac calcification 0.60+0.24 0.73£0.13 0.69+0.30 14.28+£7.50
Left Common Iliac Artery 0.96+0.06 0.96+0.05 0.97+0.09 3.16+2.82
Right Common Iliac Artery 0.97+0.05 0.97+£0.04 0.98+0.04 2.49+3.14
Left Distal Sealing Zone 0.97£0.04 0.97+0.03 0.99+0.02 2.18+2.32
Left Distal Sealing Zone Wall | 0.77+0.14 0.82+0.09 0.72+0.13 4.54+2.46
Right Distal Sealing Zone 0.96+0.05 0.96+0.04 0.99+0.01 2.26+3.13
Right Distal Sealing Zone Wall | 0.74+0.19 0.81+0.10 0.70+0.17 4.24+2.44
Left Internal Iliac Artery 0.85+0.12 0.88+0.08 0.92+0.11 6.19+6.32
Right Internal Iliac Artery 0.87+0.15 0.90+0.09 0.93+0.18 5.78+9.64
Left External Iliac Artery 0.96+£0.02 0.96£0.02 0.99+0.01 3.00+6.30
Right External Iliac Artery 0.95+0.02 0.96+0.02 0.97+£0.04 5.78+10.62

Table 1. Evaluation of BRAVE’s performance on various anatomical structures, against the surgeon’s
segmentations as the ground truth. Results are presented as mean + standard deviation.

Percentage
M I mean | Automatic mean | Bias mean Expected limits of | within

Morphological features group (SD) (SD) difference | Upper LoA | Lower LoA | agreement (ELoA) | ELoA
Proximal Neck diameters—mm 25.1 254 0.35 2.96 -2.26 2.0 82%
Maximum AAA sac diameters—mm 50.3 50.0 -0.37 2.04 -2.78 2.0 85%
Left Distal Sealing Zone diameters—mm 16.5 16.7 0.21 2.45 -2.03 2.0 93%
Right Distal Sealing Zone diameters—mm 16.3 16.4 0.12 2.79 -2.55 2.0 82%
All Lengths—mm 56.3 56.5 0.20 4.46 -4.05 3.0 76%
Alpha and Beta angles—° 30.5 29.6 -0.89 5.95 -7.74 5.0 89%
External Iliac arteries diameters—mm 8.8 7.8 -1.01 0.77 -2.78 2.0 80%
Minimum AAA Lumen and Max Bifurcation 26.0 25.9 0.13 322 2.97 2.0 73%
Diameters—mm

Suprarenal diameters—mm 25.2 25.8 0.57 2.66 -1.53 2.0 87%

Table 2. Results of the Bland-Altman analysis. Automatic and manual means together with bias mean
differences are reported along with the upper and lower limits of agreements (LoAs) and the parameters
percentage within a clinically established a priori limits of maximum acceptable differences (Expected Limits
of Agreement, ELoA).

Additionally, a weighted Cohen’s kappa statistic was used to assess the agreement on calcifications and
thrombus in the sealing zones, while a correlation analysis evaluated the tortuosity indexes.

Results

Vessels identification

The accuracy of the VIA was evaluated by comparing the results with manual annotations provided by
human experts. Among the 20 pre-CTAs of patients with AAA, all segmentations were correctly annotated
by the automatic branch detection algorithm, without any misidentified artery. Figure 4 shows the final 3D
reconstruction and mesh generation performed in 3DSlicer for a subset of patients.

Thrombus segmentation

The SegResNet network was evaluated on a test set comprising 20 pre-CTAs of patients with AAA. In Fig. 5, the
manually created ground truth by an experienced cardiovascular radiologist and the automatically extracted
thrombi from the aorta are superimposed on the pre-CTA to illustrate their overall concordance. The SegResNet
achieves very accurate results on average, occasionally overestimating the thrombus in some slices (last column
of Fig. 5A). According to the test set, the average values of the comparison metrics were 0.96 +0.002 for the
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Fig. 4. Outputs generated by the Vessel Identification Algorithm in the second pipeline step for a selection of
patients. The identified vessels are distinguished by specific colours according to the legend, while the aorta
and iliacs (common iliac arteries including external iliac arteries) are depicted with partial transparency for
reference. The figure was created using Photopea 5.4 with 3D models generated in 3D Slicer 5.6.1.

Fig. 5. Examples of segmentations produced by the SegResNet (yellow contours) compared with the respective
ground truths (blue contours) (A), along with a 3D inspection (B).

DSC, 0.96+0.002 for the JI, 0.98+0.001 for Sel, and 0.99£0.001 for Spl. Results clearly indicate that the model
is adequately able to segment the aorta’s thrombus.

Areas localization

In addition to aorta and common iliac arteries and their main branches recognised by previous algorithm, the
Al-based tool identifies also the proximal and distal sealing zones, the AAA sac, encompassing the lumen, and
common iliac arteries, as shown in Fig. 6. Results clearly indicate that the ALA is highly effective in accurately
segmenting the entire AAA sac, which includes the lumen, proximal and distal sealing zones, as well as the
common iliac arteries.

Overall pipeline
The analysis of automated Al-based segmentation in comparison to manual segmentation yielded the following
average metric values across different anatomical regions, reported in Table 1. DSC, JI and Sel are above 0.85
with the exception of sealing walls (0.79, 0.77 and 0.74 for DSC, 0.83, 0.82 and 0.81 for JI, 0.73, 0.72 and 0.70
for Sel) and AAA sac calcification (0.60 for DSC, 0.73 for JI, 0.69 for Sel), due to the small extension of these
anatomical structures, whereas Spl is always close to 1.00, due to the high number of voxels constituting the
background of the images. Furthermore, the overall mean scores for all 20 patients were determined to be 0.88
for DSC, 0.91 for JI, 0.90 for Sel, and 0.99 for SpI. Highest HD values are associated with difficult structures to
segment such as calcifications in the aneurysmal sac (14.28 mm), or secondary vessels that have several small-
sized branches, internal iliac artery left and right (6.19 mm and 7.45 mm), superior mesenteric artery (6.52 mm)
and celiac artery (5.70 mm); acceptable values for HD are associated with the remaining structures (between 2
and 5 mm).

The results highlighted the effectiveness of the Al-based approach for each sub-segmentation task, with
average values reflecting the accurate and reliable tool’s performance, also for thrombotic and aneurysmal
common iliac arteries usually found in association with AAAs.

Scientific Reports|  (2025) 15:16431 | https://doi.org/10.1038/s41598-025-00484-7 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Aorta + lliacs

Renal Artery Left

Renal Artery Right
Celiac

Superior Mesenteric Artery
Internal lliac Left
Internal lliac Right
Sealing Zones
Aneurysm Calcifications
Aneurysm Thrombus
Aneurysm Lumen
External lliac Left
External Iliac Right

Common lliac Left

IR AN

Common lliac Right

Fig. 6. Output generated by the Areas Localization Algorithm in the fourth pipeline step for a selection of
patients. The first row displays also the aorta and iliac arteries (including the common and external iliac
arteries) as a reference. The second row intentionally omits the aorta and iliacs to better highlight the results of
the Areas Localization Algorithm, without being obscured by the white full aorto-iliac structure. The identified
vessels and areas in the last row are indicated in the legend. The figure was created using Photopea 5.4 with 3D
models generated in 3D Slicer 5.6.1

Biases and limits of agreement were consistently below predefined criteria, confirming the reliability of
feature extraction, generally achieving over 80% performance, as shown in Bland-Altman plots for the main
features extracted in Fig. 7 and summarized in Table 2. The “All lengths” group was at 76% due to variations in
centerline generation algorithms, while "Minimum AAA Lumen and Max Bifurcation Diameters" was at 73%
due to discrepancies in aortic bifurcation identification. The correlation between tortuosity indexes from both
methods yielded a Pearson coefficient of 0.78 (p <0.001), indicating strong agreement.

The unsupervised clustering algorithm assessed the proportions of calcification and thrombotic tissue in each
sealing zone’s wall. The weighted Cohen’s kappa statistic showed substantial agreement between the algorithm
and surgeons, with values of 0.77 for thrombotic tissue and 0.63 for calcification.

Additionally, as shown in Supplementary Table S3, the time taken for manual and automatic segmentation,
as well as morphological feature extraction, is provided for the 20 full abdomen pre-CTAs.

Discussion

Accurate segmentation is crucial for successful EVAR. This study developed and validated BRAVE, an Al-driven
software that enhances EVAR planning by efficiently computing key morphological features from pre-CTAs.
The software aims to provide surgeons with an automated tool for EVAR planning, in line with the 2024 ESVS
guidelines.

Previous studies offered tools that were not fully automated, lacked comprehensiveness, or provided
partial analysis®~1°. To address these limitations, a five-step automated pipeline has been developed, achieving
unprecedented segmentation granularity, including accurate thrombus identification in the aorta and the iliac
arteries. Segmenting thrombus in pre-CTAs is challenging due to the similarity in intensity values between
thrombus and surrounding tissues, leading to mis-segmentation®2. Traditional semi-automatic algorithms, such
as level sets and graph cuts, often struggle with poorly contrasted boundaries, require significant user input,
and rely on parameter tuning, limiting their clinical applicability’. BRAVE successfully addresses the task by
employing a cascade of two networks, a pretrained nnU-Net for detecting the aorta and common iliac arteries
and other critical organs followed by a SegResNet architecture for accurate thrombus segmentation, with an
average DSC of 0.96, confirming its reliability. The accuracy of Vessels Identification and Areas Localization
algorithms was validated by expert annotations, achieving perfect segmentation in a test set of 20 pre-CTAs
of AAA patients. Additionally, the system accurately identifies sealing zones and the AAA sac, improving the
segmentation of complex anatomical areas. The overall Al-based segmentation pipeline demonstrated strong
performance, with DSC, JI, and Sel metrics above 0.85 for most regions, with only slight challenges in areas like
aorto-iliac bifurcation and calcification on sealing walls or AAA sac.

The high HD values observed in the secondary vessels and in the AAA sac calcifications are a consequence of
the challenges in the manual segmentation (e.g.: the difficulty in capturing tortuous vessels and the incomplete
identification of calcified regions). Moreover, in the literature there are no available HD reference values of
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Fig. 7. Bland-Altman plots illustrating the agreement between the surgeons and the proposed system for
a subset of features, i.e. Proximal Neck Diameters (A), Right (B) and Left (C) Distal Diameters, Maximum
Aneurysm Diameters (D), Lengths (E) and Minimum Diameters of the External Iliacs (F).

secondary vessels and calcification for comparison. On the contrary, the HD values for the aorta’s segments and
common iliac arteries are in accordance with the results from the literature'.

EVAR planning has mainly focused on addressing anatomical issues at the proximal neck, such as angulation,
short necks, calcifications, and thrombus*’. However, the equally important distal sealing zones present unique
challenges that have been overlooked in the literature. An unsupervised clustering algorithm in BRAVE has been
used to identify these areas, setting this research apart from existing literature by effectively addressing both
the anatomical and technical constraints in their characterization®~!>3%3, This innovative approach enhances
vascular surgeons” understanding of tissue properties, with confirmed agreement (Cohen’s kappa statistics) for
quantification of thrombus and calcification in the sealing zones, as suggested in the 2024 ESVS guidelines.

In addition, the AAA luminal volume is a significant risk factor for complications associated with EVAR.
Previous studies indicate that volumetric analysis can more accurately assess changes in AAA and predict
successful sac isolation after EVAR compared with traditional diameter measurements, affected by the difficulty
in detecting shape changes, aortic tortuosity and high levels of interobserver variability*®’. These studies have
highlighted the high reproducibility and reliability of volumetric assessment and, at the same time, the lack of
clinically available software for volume calculations. The proposed automatic system addresses these aspects by
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providing accurate volumetric segmentations and feature extractions in a time frame compatible with clinical
workflows. An important outcome of this analysis was the substantial reduction in processing time, which
directly addresses the common concern of time efficiency in daily clinical practice. By running the automatic
approach in batch mode, the surgeon can fully dedicate their time to evaluating the results of segmentation and
the automatically extracted measures, instead of spending time on tedious, time-consuming, and monotonous
tasks. This shift allows for more efficient use of the surgeon’s time, greatly improving clinical workflows.

Overall, the Al-driven tool successfully extracted all morphological features in accordance with the 2024
ESVS guidelines, demonstrating minimal bias and adhering to agreement limits approximately 80% of the time.
These findings are consistent with the results of recent validation studies'>!® for what concerns infrarenal aortic
diameter measurements. By analyzing the Bland-Altman plots, compared to most recent work of Kim et al.'?,
the measurements of maximum diameter and those at the proximal neck and sealing zones, this study achieves
limits of agreement that are about 1 mm and 5 mm better for the lengths on average. For other morphological
features, such as angles or tissue characterization, no comparisons were available as BRAVE is the first automated
approach capable of extracting them.

Despite variability from CTA scan resolution and statistical factors, the differences between automatic
and manual feature extraction remain within clinically strict a priori criteria. The observed deviations were
primarily due to incorrect measurements related to uncorrected automatic segmentation of the aortic-iliac
region. This misidentification occurred either from challenges in distinguishing the aneurysm from surrounding
structures—such as duodenum or intestinal loops or adjacent vasculature like the inferior mesenteric artery—
due to the similar pixel intensities, or from an inability to precisely identify key anatomical landmarks, such as
aortic bifurcation or secondary blood vessels bifurcations. These aspects were also identified as the main reasons
for discrepancies in recent external validation of automatic tools for infrarenal maximum aortic aneurysm
diameter estimation'®.

This limited deviation from the a priori rigorous criteria is largely compensated by the significant benefits
of automating the segmentation process and morphological features extraction. These features are essential in
clinical EVAR planning, enabling automated selection of aortic SG for the surgeon. Currently, this selection
relies solely on the instructions for use (IFU) provided by the manufacturer. Future research may explore if the
automatically-extracted features can be used to address whether a particular SG, not strictly adhering to the
IFUs, could still be suitable, aiding surgeons in solving complex problems.

The study’s primary limitation is the small sample size used for the final tool validation. Online searches were
conducted to identify appropriate full abdomen CTA scans that must include the entire abdomen of the patient,
ensuring that both the iliac and celiac arteries are visible, the patients have an infrarenal abdominal aneurysm,
and the patients are eligible for EVAR. Only a limited number of CTA scans were identified that satisfied these
criteria. Furthermore, the annotation of the dataset required a tedious process of manual segmentations and
complete EVAR planning by expert surgeons for all of the full abdomen pre-CTA scans that were identified, an
additional evidence of the importance of the proposed automatic system. On the other hand, using pre-CTAs
from online repositories enhanced the AI software’s robustness and reliability across clinical settings. Indeed,
this approach created a dataset that mirrors real-world conditions, incorporating diverse imaging protocols from
various healthcare institutions. By integrating scans from multiple environments, the AI adapted to different
techniques and equipment, managing discrepancies for practical robustness. The use of accessible repositories
provided a diverse range of cases, crucial for training the AI to effectively analyse and interpret pre-CTAs,
improving its generalisation and predictive accuracy in new scenarios.

Additionally, BRAVE creates high-quality 3D models of AAAs and surrounding vasculature, crucial for EVAR
planning, sizing SG, and personalised clinical decisions. These models obtained automatically from BRAVE can
also be used for AAA growth simulation, computational fluid dynamics (CFD) analysis, shape assessment, and
development of risk assessment algorithms, with the added potential for 3D printing to create patient-specific
anatomical models.

In summary, the findings show that the proposed tool allows to spare entirely the vascular surgeons’ time
needed for segmentation and morphological features extraction for EVAR planning. The solution offers a
detailed pre-planning analysis for EVAR and has proven to be accurate, robust and reliable.

Interpretability is a critical component for clinical adoption. The BRAVE pipeline provides rich information
about how morphological features are computed, from detailed segmentation of the anatomical structure to
highlights on the most important landmarks within the CT-scan. Each of these elements can be evaluated by the
surgeon, enhancing the understanding of the model’s outputs.

It is important to emphasize that BRAVE serves as a support to the vascular surgeon’s activities in the EVAR
planning, rather than a complete replacement, enhancing efficiency without compromising clinical precision.
The system is designed to be easily integrated into existing preoperative workflows by simply loading CTA
images, which are routinely available before EVAR procedures. It offers automated insights in an interpretable
format, with the surgeon maintaining full control over the results and being able to revise them as needed,
ensuring that clinical decision-making remains under the physician’s discretion. This approach allows the tool
to act as a supportive aid rather than a replacement for the vascular surgeon’s expertise. However, successful
implementation in clinical settings will depend on addressing regulatory requirements and ensuring the tool’s
robustness through additional investigations.

Conclusion

This research developed and validated BRAVE (Blood vessels Recognition and Aneurysms Visualization
Enhancement), a fully automated Al software designed to enhance EVAR planning. BRAVE efficiently extracts
various morphological features, such as thrombus and calcifications, demonstrating reliability across clinical
settings and significantly reducing planning time for vascular surgeons. By automating morphological analysis
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and streamlining pre-CTA evaluations, the software aims to standardise results, improving the efficiency and
accuracy of EVAR planning, ultimately benefiting both patients and healthcare professionals.
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Data and derived statistical analyses are available from the corresponding author upon request.
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