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Deep learning applied to the
intraoperative stage

During EVAR, intraoperative image fusion can be exploited to reduce the
need for contrast injections. To get an anatomical road-map, real-time fluo-
roscopy is fused with 3D preoperative Computed Tomography Angiography
(CTA) to get a final more informative image containing information about
the aortic anatomy. However, the insertion of sti� tools in the common iliac
arteries may cause deformations that decrease the fusion accuracy and limit
the e�ectiveness of preoperative planning. To prevent these limitations, fi-
nite element analysis (FEA) could be exploited to predict the intraoperative
vessels deformations, but simulations require long computing times that are
not compatible with clinical practice.

This chapter describes how deep learning can be used as surrogate of
finite element simulations to predict the intraoperative deformations caused
by sti�-tools insertion in a fast and reproducible way. A brief overview on
intraoperative real-time imaging and image fusion is reported in Section 4.1.
In Section 4.2, EndoNaut® navigation station (Therenva, France) and finite
element methods are exploited to perform image fusion on a patient a�ected
by high vessel tortuosity, proving that FEA can predict the intraoperative
vessel deformations allowing an accurate image fusion. Section 4.3 describes
how deep learning is used to predict the intraoperative aortic deformations,
providing an overview of all the steps involved in the developed pipeline.
Finally, Section 4.4 describes the obtained results, focusing on the limitations
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and future developments.

4.1 Intraoperative real-time imaging
Endovascular aneurysm repair is performed under 2D live fluoroscopy. This
imaging modality based on X-ray radiations allows the visualization of bone
tissues and endovascular tools, such as guidewires, catheters, and stent grafts
equipped with radio-opaque markers. Since X-ray imaging does not allow
the visualization of the aortic lumen, digital subtraction angiography (DSA)
is usually coupled to digital fluoroscopy to visualize blood vessels and the
aneurysm [89]. To obtain the DSA images, an adequate volume of iodinated
contrast agent must be injected at an appropriate injection rate during the
acquisition. Indeed, contrast agent can be problematic for patients with renal
issues and a rapid acquisition framing rate demands an increased radiation
dose [90].

(a) Fluoroscopy (b) Contrast injection

Figure 4.1: Fluoroscopy and DSA. In Figure 4.1(a), only the bone tissue and
the endovascular tools are visible. In Figure 4.1(b), iodinated contrast agent is
injected to allow the visualization of the vascular tree. The images have been

provided by IRCCS San Martino University Hospital (Genoa, Italy).

Several works in literature have discussed the criticism related to ra-
diation exposure and contrast volume injection during EVAR [91]. Radia-
tions e�ects are dangerous for both patient and sta� in the operative room,
while repeated injections of iodinated contrast agent contribute to the de-
velopment of lifelong nephropathy for the patient [92]. In recent workflows,
new-generation hybrid room equipped with image-fusion systems are used
to reduce the need for contrast medium injections and radiation dose. To
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perform such image fusion, the aortic lumen is segmented from preoperative
images such as CTA or MRI to get a representation of the aortic anatomy [93].
The preoperative data is registered to the C-arm system in order to correctly
integrate preoperative information with intraoperative real-time 2D images.
After registration, the 3D model of the preoperative aortic lumen is pro-
jected onto the live fluoroscopic images, thus providing an arterial roadmap
for the operators. It has been widely demonstrated that combining pre-
operative morphological information with intraoperative x-ray fluoroscopy
can be e�ective to reduce contrast injection, radiation exposure, and EVAR
length [91, 92, 94]. Fusion techniques assumes that preoperative data is ac-
curately registered to the C-arm to safely navigate the endovascular devices
in the vascular tree [95]. Nevertheless, the insertion of sti� guidewires and
delivery systems during EVAR may cause significant deformations of aorta
and its main branches, especially in tortuous anatomies [96].
Currently, the intraoperative arterial deformations induced by rigid-material
insertion are not taken into account in the preoperative phase during plan-
ning and stent sizing [97]. Thus, a di�erent endograft may be necessary
during the intervention since the stent graft sizing is performed considering
the undeformed preoperative aortic morphology. Moreover, the sti� tools
insertion may cause displacements of the anatomical markers used to plan
the the stent graft placement. In both these cases, the overlay accuracy is
significantly reduced as the intraoperative patient anatomy is di�erent com-
pared to the vascular tree obtained from preoperative images.
In their work, Maurel et al. [98] showed that a 50% reduction in the radiation
dose can be achieved using a commercial image-fusion software dedicated to
mobile angiographs in conventional operating theaters without need for ex-
pensive hybrid operative rooms. However, the considered software does not
take into account the deformations induced by tools-tissue interactions.

In literature, several approaches have been proposed to perform image
fusion considering tools-induced anatomical deformations. Some works have
proposed non-rigid registration to align preoperative and intraoperative im-
ages [99, 100]. Other studies have proposed finite element simulations to
estimate the intraoperative aortic deformations induced by tools-tissue in-
teractions and perform a coherent image fusion with real-time fluoroscopy.
While deformable registration techniques adapt the preoperative data like
CTA or MRI to the intraoperative image without considering the biome-
chanical properties of the vascular tree, finite-element simulations incorpo-
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rate that information into biomechanical models [101]. Several studies have
focused on finite element simulation to investigate the tool-tissue interac-
tions [102–107]. After simulating the guidewire insertion into the aorta, the
deformed aortic lumen is overlaid to the intraoperative fluoroscopy.

Figure 4.2: Simulation of the aortoiliac deformations caused by tools insertion.
In blue the preoperative non deformed aortoiliac structure, in red the deformed

intraoperative configuration [108]

However, computational methods have large time cost, which prevents
the inclusion of FEA in the planning stage. Considered the limitations given
by computational time, surrogate models have gained attention to approxi-
mate expensive physics-based simulations.

In the last few years, several studies have proposed deep neural networks
as a surrogate modelling approach to address the need for real-time predic-
tions.
More in details, some publications have shown the feasibility and the poten-
tial of using deep learning as surrogate of FEA in the cardiovascular field.
Liang et al. have proposed a machine learning approach to establish the
relationship between shape features and risk for abdominal aortic aneurysm
predicted by finite element simulations [109]. In another work, the authors
have employed deep learning as a FEA surrogate model to estimate the aor-
tic wall stress distribution [110]. The potential of surrogate models of finite
element simulation has been further enhanced in [111], where a deep learning
model has been exploited to recover zero-pressure geometry of thoracic aorta.
Finally, Liang et al. have trained a neural network to estimate the steady-
state distribution of pressure and flow velocity inside the thoracic aorta [112].
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FINITE ELEMENT METHODS

Given the state of the art of surrogate models in the cardiovascular field, the
aim of the our study is to investigate the feasibility of using a deep learning
model as a surrogate of finite-element simulation to predict the intraoper-
ative aortic deformations caused by the insertion of sti� guidewires. Such
surrogate model would enable faster predictions of the intraoperative aortic
configuration, allowing an e�ective planning and an accurate image fusion.

4.2 Case Study: EndoNaut® navigation sta-
tion and finite element methods

Given the limitations of standard image fusion described in Section 4.1, the
aim of this preliminary study is to investigate whether FEA can anticipate
intraoperative vessel deformations even considering particularly tortuous pa-
tients. EndoNaut® navigation station (Therenva, France) and FEA have
been exploited to perform image fusion on a single patient a�ected by high
vessel tortuosity. EVAR is performed in a standard operative room equipped
with EndoNaut® station.

The considered patient is a 78-year-old man followed in Duplex Ultra-
sound follow-up for a saccular abdominal aortic aneurysm (AAA). He was
admitted at our Vascular and Endovascular Unit given a high AAA growth
rate (i.e., aortic diameter > 0.5 cm in six months). Preoperative CTA showed
a sacciform abdominal aortic aneurysm with a maximum diameter of 4.5 cm.
The patient’s medical history is significant for myasthenia gravis, sleep apnea,
hypertension, dyslipidemia, and congenital unilateral renal agenesis. Taking
into consideration concomitant diseases, endovascular treatment was chosen.
Sizing and planning data were derived from the preoperative analysis of the
CTA scan carried out with EndoSize® software (Therenva, France) on a Mac
OS X laptop (Table 4.1). Quantitative analysis included aorto-iliac lumen
centerline (CLL) construction, the segmentation of the vascular and bones
structures and the measurements of diameters, length, and tortuosity in-
dexes. The obtained data was transferred to the EndoNaut® workstation
(Therenva, France). EndoNaut® fusion imaging was then employed to nav-
igate and place the stent graft. This image fusion system is designed to
work with either mobile or fixed C-arm through a 3D/2D technology align-
ing the preoperative 3D CTA to the live intraoperative fluoroscopy. The
registration is performed with an intensity-based 3D/2D registration method
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Measurements
Neck diameter, median (IQR) [mm] 19
Neck diameter at 15mm, median (IQR) [mm] 20
Neck length (IQR) [mm] 48
AAA diameter, median (IQR) [mm] 45
Right CIA diameter, median (IQR) [mm] 17
Distance right renal artery - right iliac
bifurcation [mm] 238

Left CIA diameter, median (IQR) [mm] 16
Distance right renal artery - left iliac
bifurcation [mm] 229

Suprarenal angulation, median (IQR) [degrees] 43°
Infrarenal angulation, median (IQR) [degrees] 79.2°

Table 4.1: Anatomic characteristics of the aortic aneurysm.

that exploits digitally reconstructed radiographs computed from the bones
segmentation of the preoperative 3D CTA. When needed, the 3D vascular
segmentation and sizing landmarks can be shown in overlay on the 2D fluoro-
scopic image. Compared to standard 3D/3D fusion technologies requiring the
intraoperative acquisition of cone beam computed tomography (CBCT) af-
ter the insertion of endovascular tools, this approach only needs the already
available intraoperative fluoroscopy images (with and without contrast in-
jection, with and without the presence of endovascular tools). To perform a
coherent image fusion, a deformed 3D aortic model computed by FEA is pro-
jected onto the live fluoroscopy images. In particular, the deformed model is
based on a finite element numerical simulation and carried out o�-line by the
EndoSize® workstation thanks to the precise analysis of the patient-specific
anatomy [106].
In the following, a summary of the adopted endovascular procedure is re-
ported.
A GORE® EXCLUDER® Conformable AAA endoprosthesis with ACTIVE
CONTROL System (W. L. Gore and Associates, Flagsta�, Ariz) was im-
planted. The main body presents this characteristics:

• proximal diameter 23 mm

• proximal length 180 mm
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• two left iliac branches 14 mm - 100 mm and 20 mm - 120 mm

• right iliac branch 18 mm - 100 mm

After epidural anesthesia, exposure of bilateral common femoral artery, and
systemic heparinization, the stent-graft was inserted through a surgical ap-
proach. A sti� guidewire was placed through the right femoral access (Beck-
up Meier, 0.035, Boston Scientific, Medi-Tech, Ireland). A 5 French catheter
Pigtail (Boston Scientific, Medi-Tech, Ireland) was used for the realization of
diagnostic images and for the engagement of the contralateral gate. Later,
a sti� guide wire (Amplatz super sti� 0.035, Boston Scientific, Medi-Tech,
Ireland) was positioned for the deployment of the left iliac branch.
The deployment of the endograft main body was followed by the insertion
and deployment of the contralateral iliac branch and ipsilateral branch iliac
artery stent-graft. The final angiography showed complete exclusion of AAA
without any aortoiliac endoprosthesis endoleak.
No major complications occurred when the patient was discharged on 11th

postoperative day with double antiplatelet therapy. The CTA acquired dur-
ing the follow-up (6 months) confirmed the exclusion of the AAA. Post-
operative CTA analysis confirmed the accuracy of the main body and the
iliac branches deployment. A 1-year follow-up was performed after interven-
tion.

Figure 4.3, 4.4 and 4.5 show that the aortic configuration predicted
by the finite-element simulation matches the intraoperative aortic anatomy
at di�erent levels of the aortic anatomy.Figure4.6 shows that the endograft
has been placed close to the target vessels both at the proximal aorta and
the bilateral common iliac arteries. This case study stress that FEA can
provide accurate results even on complex tortuous anatomies, and that the
integration of numerical methods and intraoperative fluoroscopy enables a
coherent intraoperative navigation.
Given the promising results achieved with FEA in terms of image fusion, the
remainder of the chapter will focus on deep learning as a FEA surrogate to
enable faster computations.
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Figure 4.3: Image fusion analysis at the proximal neck level. (A) Preoperative
model obtained segmenting the preoperative CTA. (B) Preoperative model

deformed by finite element simulations. (C) Integration of the deformed
preoperative model with intraoperative fluoroscopy at the proximal neck level.

Figure 4.4: Image fusion analysis at the right iliac axis level. (A) The
preoperative model does not match the intraoperative anatomy at the right iliac
axis level. (B) Preoperative model deformed by finite element simulations. (C)

Integration of the deformed preoperative model with the intraoperative
fluoroscopy at the right iliac axis level.
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Figure 4.5: Image fusion analysis at the left iliac axis level. (A) The
preoperative model does not match the intraoperative anatomy at the left iliac
axis level. (B) Preoperative model deformed by finite element simulations. (C)

Integration of the deformed preoperative model with the intraoperative
fluoroscopy at the left iliac axis level.

Figure 4.6: Postoperative follow-up CTA (1 month). The prosthesis has been
correctly placed near to the target vessels.
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4.3 Deep learning to predict intraoperative
deformations

4.3.1 Dataset
Computed Tomography Angiography scans of 40 patients a�ected by abdom-
inal aortic aneurysms have been provided by IRCCS San Martino University
Hospital (Genoa, Italy). All the patients involved in the study have signed
the informed consent form, allowing the treatment of their anonymized data
for research purposes. Given the retrospective nature of the analysis and
the adoption of anonymized data, we have not submitted the ethics commit-
tee/IRB application.

Each CTA has been provided with its corresponding aortic segmenta-
tion. The segmentation tool described in Chapter 3 has been used to auto-
matically extract the aortic lumen from the aortic arch to the common iliac
arteries. The obtained segmentation has been manually expanded to include
the femoral artery till the profunda femoris bifurcation, that will be used
as an anatomical landmark in data processing. Given the limited dataset
composed by 40 aortic models, a statistical shape model (SSM) is build to
obtain a bigger set of virtual aortic geometries. The geometries generated
with SSM are then submitted to a FEA simulation in order to predict the
intraoperative deformations caused by tools-tissue interactions.

4.3.2 Correspondence among meshes
The main challenge in building a statistical shape model (SSM) is establishing
mesh correspondences. Each shape must be described by the same number
of landmarks, that must correspond across di�erent meshes [113]. Since
establishing point correspondences across the shapes is not trivial, we have
reduced the complexity of the problem by representing each aortic mesh as
a tube described by its centerline and diameters. In this way, we have to
establish the correspondence between the 3D points of the centerline instead
of establishing correspondence between the 3D nodes of the aortic meshes.
To guarantee point correspondences we have identified anatomical landmarks
and resampled the centerlines and diameters to a fixed number of points. In
the following, the steps involved in mesh preprocessing will be detailed.
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Figure 4.7: Example of 3d mesh obtained from lumen segmentation
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Centerline and diameters extraction

Centerlines are e�ective descriptors of the shape of vessels. The Vascular
Modeling Toolkit (VMTK) [81] is used to extract the centerline and the
associated diameters from the preoperative aortic shapes. The centerline is
directly computed starting from surface models after the user-selection of the
source and target points in the model. Once the centerline and diameters are
obtained, each shape is described by a list of point pi described as follows

pi = (xi, yi, zi, di) (4.1)

where xi, yi, zi are the 3D coordinates of the centerline point pi and di is the
corresponding diameter. Therefore, each shape Sk in the dataset is described
by a list of points pi:

Sk = (p1, p2, . . . , pn) (4.2)

with k = 1, .., 40 and n depending on the considered shape. Since the cen-
terline points must correspond across the shapes included in the dataset,
it is necessary to identify anatomical landmarks in the shape. Given the
extracted centerline, VMTK library is further exploited to automatically ex-
tract bifurcations points from which anatomical markers will be derived. The
bifurcations of interest include:

• The aortic bifurcation with superior mesenteric artery and left and
right renal arteries

• The left and right common iliac bifurcation

• The internal and external iliac arteries bifurcation

• The femoral bifurcation

For each bifurcation, one anatomical landmark is extracted in order to estab-
lish correspondence between aortic models. Each VTMK bifurcation vector
is represented by three or four points according to the number of bifurcation
branches, and the top point is selected as anatomical landmark (Figure 4.8).

Shape preprocessing

The anatomical areas that are less e�ected by the deformations induced by
guidewire insertion are removed from the 3d model. The shapes only retain
the areas that are most prone to deformation. The left common iliac is
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Figure 4.8: Bifurcations and landmarks visualization. The blue boxes identify
the bifurcations of interest. As it can be noticed from the right panel, for each

bifurcation a single point (the red dot) is identified as anatomical landmark. The
anatomical landmarks extracted in the bifurcations will be used to establish

correspondences across di�erent aortic shapes
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Figure 4.9: Modified 3D shape. On the left panel, only the areas of interest are
maintained from the global 3D model (in green). On the right panel, the

centerline and diameters are computed from the trimmed model.

trimmed from the 3D model, as the guidewire is inserted in the right iliac
during the simulation. The areas maintained in the 3D aortic model are:

• The abdominal segment

• The right common iliac

• The right common femoral artery

After the shapes have been modified and only the areas of interests are main-
tained (Figure 4.9), the centerline and diameters are computed on these final
shapes and used for the subsequent steps.

Constrain the tubular surface

The centerline and diameters extracted from the trimmed models are used to
generate a tubular surface that approximates the trimmed aortic shape. Since
the tubular shape does not include the anatomical bifurcations, the center-
line is labelled to indicate whether the section perpendicular to the centerline
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point is free to deform or not during the guidewire insertion (Figure 4.10).
The first and the last sections of the surface are fixed for construction. The
sections corresponding to the common iliac bifurcation and the bifurcation
between inner and outer iliac arteries are maintained fixed because the ad-
jacent arteries limit the aortic deformation during the guidewire insertion.
Each point pi describing the shape is then represented by five values:

pi = (xi, yi, zi, di, li) (4.3)

where xi, yi, zi are the coordinates of the centerline point pi, di is the associ-
ated diameter and li is the label describing whether the corresponding section
is free to deform or not. The anatomical landmarks that have been extracted
from the whole aortic model are projected into the refined centerline. The
tubular surface will be used as input for the finite element simulation, as
FEA takes meshes with standard nodes representation as input.

Centerline correspondence

The aortic shapes must be described by the same number of points pi, that
must correspond across the shapes Sk. Given anatomical landmarks pro-
jected into the final centerline configuration, these landmarks are used to
establish correspondence between the shapes. The centerline segments in-
cluded between the anatomical landmarks must be resampled to the same
number of points across the patients. The centerline is divided into three
segments S1, S2 and S3, to represent the group of points that lies between
the identified landmarks. In order to define the number of points for each
segment, we have computed the number of points for the segments S1, S2,
and S3 (Figure 4.11) for all the 40 shapes Sk and we have derived a reference
subdivision rule from the observed data. From this analysis we have ob-
served the S1, S2, and S3 segment are approximately described by the 18%,
the 24%, and the 58% of the points belonging to a shape Sk. Given this
rule, we have to define the overall number of points pi used to represent the
shape. Moreover, since FEA will be performed on a tubular mesh obtained
from the centerline points and radius, the number of circumferential points
used in the tubular structure must be defined as well. To define the number
of L points pi and C circumferential points, the distance between the tubu-
lar mesh obtained from the centerline and diameters and the original aortic
mesh have been computed varying the values of L and C. For each pair of
values C, L, the error is computed as the mean error of the errors calculated
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Figure 4.10: Tubular surface with fixed sections. The red sections of the
tubular mesh are maintained fixed during FEA. The first and last sections are
fixed for construction. The sections in the middle are constrained because the

presence of adjacent vessels limits their deformation during the guidewire
insertion.
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Figure 4.11: Subdivision of aortic model into three segments S1, S2, and S3.
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Figure 4.12: Establishing the number of centerline and circumferential points.
In the left panel, the original patient model (gray) and the surface representation
obtained with L = 50 centerline points and C = 38 circumferential points (blue)

are overlaid. In the right panel, the distances between the true and the
reconstructed models are reported varying C and L.

for the 40 preoperative shapes. As shown in Figure 4.12, the error between
the tubular mesh and the original aortic surface is always ≥ 1mm.
To understand how the number of circumferential points C a�ects the simu-
lation results, the tubular shapes obtained with L = 50 and C = [25, 38, 50]
have been analyzed. Since there is no ground truth to compare the FEA
results with, the shapes have been compared among them. As it can be
seen from Table 1, the model with C = 25 circumferential points shows a
higher distance to models with C = [38, 50], while those models are similar
to each other. Therefore, we have assumed that the intraoperative model
with C = 25 is less accurate than the others, and we have selected C = 38
with L = 50 to represent the aortic shapes.

Given the subdivision proportion explained above, we have resampled
each S1, S2, and S3 segment to obtain segments with 9, 12, and 29 points,
respectively. In this way, the anatomical landmarks correspond among the
shape and resampling the segments maintain the correspondence between
points in the same segment.
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Models Distance (mm)

C25 - C50 1.04
C25 - C38 1
C38 - C50 0.17

Table 4.2: Establishing the number of centerline points. Distance between
intraoperative aortic models obtained with FEA with di�erent values of C and

L = 50.

4.3.3 Procrustes Analysis
Since the aortic surfaces are assumed to be invariant to roto-translations,
these transformations are removed among the preoperative shapes through
Procrustes Analysis [114]. Using this normalization process, the shapes are
aligned into a common reference system and the points of the shapes are
directly comparable. Since the alignment process is intended to register each
centerline, the shapes in the dataset are represented by the 3d points of the
centerline, regardless the diameter information:

Xk = [x1, y1, z1, .., x50, y50, z50], with k = 1, . . . , 40 (4.4)

The alignment process runs in an iterative way:

1. Each centerline Xkin the dataset is aligned to the mean shape using
roto-translations. For the first iteration step, one random shape of the
dataset is selected as the mean centerline.

2. The remaining centerlines are aligned to the mean centerline.

3. The mean centerline from the aligned shapes is computed

4. If the computed registration error is lower than the error obtained at
the previous iteration return to step 2.

At the end of the alignment process, each centerline Xk is described by the
new configuration X̂k in the common reference frame. The aligned shape Ŝk

is now described by the centerline X̂k and the original diameters:

Ŝk = [p̂1, p̂2, . . . , p̂50] (4.5)

with p̂i = (x̂i, ŷi, ẑi, di) and x̂i, ŷi, ẑi the coordinates of the ith centerline point
in the common reference space.
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4.3.4 Synthetic Dataset Generation

Statistical shape models are geometric models that describe similar objects
in a very compact, encoded way [113]. To derive an average shape from a
dataset and determine the shape variability, the shapes have been aligned
through Procrustes Analysis.
Principal Component Analysis (PCA) is one of the gold standard approaches
to capture the geometric variability in a population. This approach decom-
poses the aligned shapes Ŝk into a mean shape and a hierarchy of major
modes explaining the shapes variation.
Given the aligned preoperative shapes {Ŝ1, Ŝ2, . . . , Ŝk} and the mean shape
S, the covariance matrix C is computed:

C = 1
k

kÿ

i=1
(Ŝk ≠ S)(Ŝk ≠ S)Õ (4.6)

The eigenvalues and eigenvectors are then computed from the covariance
matrix.
Considering the set of 40 shapes Ŝk consisting of a list of points p̂i, some
degree of interpoint correlation should be observed. Otherwise, the shapes
would contain no variation or the points describing the shapes cannot be
considered as landmarks. The shape model is used to generate new plausible
shapes that are not contained in the original dataset. Each new shape Y
can be expressed as the mean shape S and a linear combination of the major
modes:

Y = S +
Mÿ

m=1
cm +

Ò
⁄mVm (4.7)

with ⁄m and Vm eigenvalue and eigenvector respectively, and cm a randomly
sampled value. To generate a virtual dataset of aortic shapes, we have se-
lected M = 40 modes to maintain the data variability and we have searched
for the best distribution fitting each principal component in order to sample
cm directly from the selected distribution (Figure 4.13). Some examples of
the preoperative shapes generated with SSM are reported in Figure 4.14.
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Figure 4.13: PDF fitting the first principal component.

Figure 4.14: Aortic shapes generated with SSM. Sections represented in red
will be maintained fixed during the simulations, as the presence of branches

limits their deformations.
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4.3.5 Finite Element Modeling

The structural simulation of the guidewire insertion in the artery to compute
the related straightening, induced by the guidewire, has been performed by
finite element analysis (FEA) using the commercial FEA solver Abaqus 2019
(Dassault Systemes, FR).
As shown in Figure 4.15-a, the model consists of three parts: the guidewire,
a cylindrical surface, and the vessel. The cylindrical surface is aimed at sim-
ulating the insertion step of the guidewire inside the arterial lumen, following
the approach proposed by Auricchio et al. [115].
The analysis is composed by two main steps. Both the guidewire and the
cylindrical surface are straight at the beginning of the analysis. In the first
step, the cylindrical surface is bent to follow the lumen centerline driving the
deformation of the guidewire that in this way placed inside the artery (see
4.15-a, b, c). In this step the contact between the guidewire and the inner
surface of the cylinder is activated while the contact is deactivated with the
artery. In the second step, the guidewire is inside the artery, the contact of
the guidewire with the artery is activated and the cylinder is gradually ra-
dially expanded in order to allow the interaction between the guidewire and
the vessel, inducing the straightening (see 4.15-d). An example of the dis-
placement of the aterial lumen post guidewire insertion is reported in 4.15-e.
The guidewire has been discretized by 2-node linear 3D beam elements (B31)
with an element length size of 1mm. The beam has been considered circular
with a radius of 0.44mm to resemble a standard guidewire used in the clinical
procedure. The guidewire material is modeled as linear elastic with a Young’s
modulus of 200 GPa with a Poisson’s ratio of 0.33; density is assumed to be
7e-9 Tonne/mm3.
Arterial wall is modeled by 3-node triangular general-purpose shell, finite
membrane strains (S3) available in the ABQ elements’ library with a thick-
ness of 1.5mm. The arterial tissue is modeled as a linear elastic model with a
Young’s modulus of 2 MPa with a Poisson’s ratio of 0.33; density is assumed
to be 1e-9 Tonne/mm3. General contact is used to model the interaction be-
tween the parts of the model as previously described. Frictionless tangential
behavior is used.
The analysis is performed using explicit integration scheme in time. Quasi
static analysis strategy is adopted; to this aim, the ratio between the kinetic
and deformation energy (ALLKIE-ALLIE) is monitored and kept below 10%
along whole analysis.
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The configuration change of the cylindrical surface inducing the guidewire
deformation is driving by the pointwise application of nodal displacement
computed as the di�erence between the final configuration of the cylindri-
cal surface inside the artery (following the centerline) and its initial straight
form. A variable mass scaling is used with a target minimum increment
of 3e-7 is adopted to speed the analysis runtime that has an average dura-
tion of 7 minutes using two cores of one the CompMech servers (Dell R740
machine equipped with 2xIntel Xeon Gold 6248 (2.5GHz, 3.90GHz Turbo,
20C, 27.5MB Cache (150W)), 4x64Gb RDIMM. 2933MT/s, 2x960Gb SSD e
1◊1.8Tb HHD)

Figure 4.15: Simulation of guidewire insertion.

FEA has been exploited to generate the intraoperative deformation of
each virtual shape Y in the final dataset. For each pre-operative shape, a
corresponding intra-operative deformed shape is obtained. As already men-
tioned in the previous section, FEA is performed on the tubular mesh Ti

obtained from Yi. The FEA output is a deformed tube T̃i, from which the
centerline and the radius information are extracted to get the shape com-
pressed representation Ỹi. The whole pipeline is described as follows:

Yi æ Ti æ FEA æ T̃i æ Ỹi (4.8)
The preoperative and intraoperative shapes Y and Ỹ , expressed in terms of
centerline and radius, constitute the input-output pair used to train the deep
learning model in a supervised fashion. An overview of the proposed pipeline
is represented in Figure 4.16.
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Figure 4.16: Overview of the proposed pipeline. The initial dataset is increased
using statistical shape modeling. The preoperative dataset, composed by virtual

preoperative shapes, is submitted to finite element simulations to get the
corresponding intraoperative shapes. Finally, a deep learning model is trained

using preoperative and intraoperative shapes.

4.3.6 Deep learning as FEA surrogate
Given the dataset consisting of pre-operative and intra-operative virtual
shapes, the goal is to train a deep neural network to perform the mapping
between them. First, to evaluate the e�ects of guidewire insertion in the
iliac artery, the di�erence between preoperative and intraoperative shapes is
computed. For each pair (Y, Ỹ ), the distance between corresponding center-
line points is calculated. Finally, the global mean distance is obtained by
averaging each obtained shape distance. As expected, the major deforma-
tions occur in S3 segment, while the guidewire insertion has a lower impact
on the S1 segment (Figure 4.17). The points where the deformation is null
are those that are maintained fixed during the simulations, and correspond
to the first tube section, the last tube section, and the bifurcation sections
respectively. To perform the mapping between preoperative and intraoper-
ative aortic shapes, a deep learning model based on U-Net architecture is
designed and trained. The input data is treated as a multi-channel time
series with separate channels for 3D coordinates and radius, as reported in
Figure 4.18. Thus, in our case the U-Net architecture is designed with 1D
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Figure 4.17: Mean shape deformation. The mean deformation is presented.
The highest deformations caused by tools-tissue interactions occurs in the S3
segment (on the right). The points with deformation = 0 correspond to the

anatomical bifurcations that are kept fixed during the simulation.

Figure 4.18: Input and output shapes are seen as multi-channel timeseries. The
channels correspond to x, y, z centerline coordinates and the corresponding d

diameter.
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Figure 4.19: UNet to perform preoperative and intraoperative mapping.

convolutions, 1D maxpooling, and 1D upsampling. The model follow the
standard encoding-decoding configuration.
The virtual dataset of 4349 shapes is divided into:

• Training set with 3326 shapes

• Validation set with 653 shapes

• Test set with 370 shapes

A grid-search has been performed to evaluate the model performance by
varying the model hyper-parameters. The validation set is used to prevent
overfitting and to select the best hyper-parameters configuration. The grid
search parameters are:

• Learning rate lr = [1e ≠ 1, 1e ≠ 2]

• Batch size bs = [32, 64]

• Kernel size kernel = [3, 5]

• Number of base filters nfilters = [64, 128, 256]

• Number of convolutions for each layer nconvs = [1, 2]

• Network number of layers depth = [3, 4]

• Dropout dp = [0, 0.1]

Learning rate lr = 0.01, batch size bs = 32, kernel = 5, nfilters = 256,
nconvs = 1, depth = 4, and dropout dp = 0 provided the best results on the
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Figure 4.20: Qualitative results provided by the deep learning model in
deformation prediction. On the left, the preoperative shape is displayed (white).
In the middle, the preoperative shape (white) is represented together with the
intraoperative shape predicted by FEA (green). On the left, the deep learning

prediction is represented (red) and added to the scene.

validation set and the corresponding trained model has been chosen as final
best model.

4.4 Results
A U-Net based deep learning architecture has been trained to predict the
intraoperative aortic deformations induced by the guidewire insertion. The
qualitative results are reported in Figure 4.20. On the right of the Figure, the
deep learning prediction is reported in a common scenario with the preoper-
ative shape and the FEA ground truth. The intraoperative shape predicted
by the deep learning model is very close to the ground truth, showing that
promising results can be obtained with deep learning as FEA surrogate.

A quantitative analysis has been performed on the training, validation,
and test set to evaluate the model performance.
As already mentioned in Section 4.3.3, each shape is described as a set of
points p̂i = (x̂i, ŷi, ẑi, di), with i = 1, . . . , 50. To evaluate the model, each
point p̂i in the predicted configuration has been compared to its correspond-

101



4. DEEP LEARNING APPLIED TO THE INTRAOPERATIVE STAGE

Dataset Centerline error
[mm]

Diameter error
[mm]

Training set 0.29 ± 0.04 0.026 ± 0.006
Validation set 1.65 ± 0.94 0.047 ± 0.021

Test set 1.69 ± 1.06 0.046 ± 0.019

Table 4.3: Quantitative results provided by the trained model.

ing point in the ground truth configuration provided by FEA computing the
3D point distance. The error on the coordinates x̂i, ŷi, ẑi has been computed
separately from the error on the diameter di. For each single shape, the error
on the coordinates has been computed as follows:

error = 1
N

Nÿ

i=1

Ò
(xi ≠ x̂i)2 + (yi ≠ ŷi)2 + (zi ≠ ẑi)2 (4.9)

with xi, yi, zi the true point coordinates, and x̂i, ŷi, ẑi the coordinates pre-
dicted by the deep learning model. Finally, for each dataset the global error
is computed by averaging the errors computed on the single shapes. The
same approach is used to evaluate the error on the diameter. The quantita-
tive results are reported in Table 4.3. The centerline error on the training
set is very low, thus the model shows low-bias. The errors on the validation
and test sets are slightly higher, but they are considered satisfactory as they
are in the order of the pixel dimension. As expected, the errors on the di-
ameters are very low in all the three sets, as the major shape modifications
occur in terms of point coordinates. Figure 4.21 presents two examples of
intra-operative configurations predicted by the deep learning model. Figure
4.21(a) shows an accurate prediction of the intra-operarive shape deformed
by guidewire insertion and the intra-operative configuration overlaps with
the DL prediction. On the other hand, in Figure 4.21(b), the predicted iliac
is located in the middle between the pre-operative and the intra-operative
shapes, thus showing a larger error.

4.5 Conclusions
This work represents a proof of concept regarding the possibility to use deep
learning as surrogate of finite element simulations. The obtained results are
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(a) (b)

Figure 4.21: Examples of intra-operative aortic configurations predicted by the
deep learning model. The pre-operative aortic configuration is shown in white,

whereas the intra-operative shape and the one predicted by the model are shown
in green and red, respectively. In (a), the predicted aortic configuration matches
the intra-operative aortic shape; in (b) the predicted configuration shows a larger

error.
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considered satisfactory and promising. Moreover, the trained model takes
around 0.05 ± 0.04 s to run a prediction on a single shape, overcoming the
FEA limits in terms of computational time. However, some limitations must
be addressed in future works:

• The finite element simulations are simplified

• The initial dataset composed by 40 patients is limited in size and must
be increased

• The evaluation is performed considering the shapes provided by finite
element simulations as ground truth, but no clinical validation is per-
formed. In future works it will be necessary to compare the deep learn-
ing predictions to the acquired intraoperative data.

• Di�erent types of deep learning architectures and regularization tech-
niques must be explored to reduce the model variance
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