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A B S T R A C T

Fluid–structure interaction (FSI) can be key in the generation of accurate digital replica of cardiovascular
systems. To personalize these models, however, several patient-specific parameters need to be measured,
which can be challenging to accomplish in a non-invasive manner. Alternatively, the cardiac kinematics of the
patient can be extracted from imaging data and then directly imposed as a dynamic boundary condition in the
computational model, also incorporating temporal and spatial measurement errors. A more advanced method
combines FSI with kinematic driven simulations using data-assimilation. Despite its potential, the application of
this technique to complex multi-physics cardiovascular simulations remains limited. In this study, we develop
an FSI model of a patient’s left ventricle (LV) and aorta, personalized with dynamic imaging data using a
Nudging algorithm—a data assimilation technique—which is tailored to each cardiac chamber. In particular,
for the LV, which embeds small-scale and irregular endocardial structures (higher measurement errors), the
active contraction of the patient is replicated primarily using integral measurements (ventricular volume and
surface area). On the other hand, the passive motion of the aorta is guided in the simulation relying directly
on the local tissue positions from CT scan. The algorithm’s simplicity and zero additional computational cost
make it particularly suitable for multi-physics problems. Our results show that the assimilation procedure must
be tuned to guide the system toward the measurements within the uncertainty range of the in-vivo data.
1. Introduction

Over the past decade, Fluid–Structure Interaction (FSI) models of
the cardiovascular system have gained significant attention [1–8], since
they provide an intricate physical representation of the cardiovascular
region, thus improving our understanding of its pathologies [4]. Indeed,
such computational models allow monitoring of both hemodynamic
factors (like blood velocity and pressure) and structural variables (in-
cluding material point displacements and mechanical stresses) with a
higher spatial and temporal resolution with respect to in-vivo scan-
ning techniques. However, exploiting the in-silico models in clinical
practice to predict the effects and evolution of pathologies calls for a
model calibration on the specific cardiovascular system of the patient.
Consequently, as the model complexity grows, the amount of patient
information required to calibrate these numerical tools correspondingly
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increases. More specifically, the personalization of in-silico models re-
quires not only the patient-specific anatomy but also fitting each model
parameter using available clinical data. This data can be obtained
through various measurement modalities and, clearly, non-invasive
techniques must be preferred when dealing with patients in a clinical
setting.

In this context, medical imaging represents the most important
source of in-vivo information and soft tissue movements can be ob-
tained from 4D imaging techniques like computed tomography (CT),
magnetic resonance imaging (MRI), or ultrasound (US) [9]. Hemody-
namic quantities can be measured from Phase Contrast MRI or US [10–
13]. Recent and ongoing advancements in medical imaging have led to
accelerated image acquisition, improved image quality, and minimized
patient risk [14–17]. Consequently, dynamic imaging techniques, for
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example, play now a crucial role in the quantification of motion-related
markers, especially in the cardiovascular sector. Additionally, biologi-
cal materials tend to display very different behavior when characterized
in in-vivo, post-mortem, or in-vitro experimentations, making medical
imaging even more important [18].

However, these measurements often yield partial observations of
he patient’s cardiovascular system and the corresponding model’s state
ariables, which are needed to calibrate patient-specific FSI simula-
ions. Firstly, these measurements are either limited to a few locations

in space or have limited spatial resolution. Secondly, depending on
the specific acquisition modality, different levels of signal-to-noise
ratios can substantially impact the quality of the measures. Regarding
dynamic modalities, the limited temporal resolution, especially in 4D
techniques, often leads to motion artifacts due to patient movement
(respiratory cycle, etc.) [19]. Consequently, motion estimation tech-
iques struggle to capture precise tissue motion at small scales [20–22].

Thus, while medical imaging provides critical insights into the pa-
tient’s condition, the obtained quantities always present uncertainties,
are noise-prone, and their non-trivial post-processing might introduce
additional errors. This complicates the calibration of the model’s pa-
rameter and makes it a delicate procedure — and often an ill-posed
problem [23,24].

Methodologies for reducing model uncertainties using only partial
observations and aligning computational models with experimental/in-
vivo observation are employed in many fields of science and engineer-
ing and are referred to as Data Assimilation (DA). DA’s objective is
to take advantage of both model and observations in parallel: on one
hand, measurements are used to reduce model uncertainties. On the
other hand, the model is used to filter out the observation noise using
hysical principles and access ‘‘hidden’’ physical quantities not directly

measurable by the imaging modality or measurement technique [25].
The possibility to improve the simulation using time-resolved in-

vivo data perfectly fits in the framework of data assimilation and
as already been explored in several works [10,11,18,20,24,24,26–

30]. As reported in Moireau et al. [18], for mechanical models these
uncertainties always exist in practice and affect the predictions of the
models. Therefore, they should be adequately ‘‘filtered’’ through data
assimilation procedures to improve their accuracy. Furthermore, even
with perfectly known parameters, filtering the state uncertainties with
adequate data always improves the numerical approximation of the
system [31].

One key point of data-assimilation approaches is that the instanta-
neous position of the cardiac tissues obtained from CT is not imposed
as a boundary condition as happens in kinematic driven or ‘‘Image
based CFD’’ [32–34]. The latter, we recall, uses dynamic imaging data
to prescribe arterial (or cardiac) wall displacement, thus avoiding the
olution of the structural model and its two-way coupling with hemo-
ynamics. As a consequence, not only the resulting hemodynamics is

contaminated by the uncertainties/errors in the patient-data, but the
omputational domain is constrained to the subset of the cardiovascular
ystem where the patient data is available. Differently, in this study we
etain the full FSI modeling of the cardiac anatomy and we include a DA
rocedure to drive the simulation toward the patient data, where/when
vailable. The advantage is twofold. Firstly, as the patient data are not
mposed ‘‘stiffly’’ as a boundary condition, their uncertainty is partially
iltered out by the dynamics of the system. Secondly, such approach can
ope with the lack of imaging data in a portion of the cardiovascular
ystem, as it allows to exploit patient data where available and to still
ely on the FSI modeling where they are not.

The method (based on the Nudging algorithm [25,35,36]) is intro-
duced in Section 2.5 and will be then applied to run an FSI patient-
specific simulation guided using dynamic CT Angiography image data
acquired over a heartbeat (whose processing is described in Sec-
tion 2.1). The simulation (whose numerical details are described in
ections 2.2 and 2.4) comprehends a wide portion of the cardiovascular

system, including the whole thoracic aorta and the left ventricle.
2 
Although CT provides the fine details of the patient’s cardiac anatomy
(owing to its superior spatial resolution with respect to other scanning
techniques), it lacks hemodynamics observables such as blood velocity
and pressure. Therefore, we try to fill this gap by leveraging the FSI
model, which allows to recover both hemodynamics and mechanical
variables when correctly calibrated or driven by patient data.

The key point of our approach lies in the attention devoted to the
different signal-to-noise ratios of the measurements of each cardiovas-
cular district (region or cardiac chamber, i.e. aorta or left ventricle in
our specific setup). The position of material points in time presents a
much higher noise in the left ventricle compared to the aortic wall,
given its complex multi-scale anatomy and motion. This is addressed
by feeding a weighted combination of integral and local measurements
into the model, depending on the district.

2. Material and methods

The left ventricle (LV) and thoracic aorta (AO) walls and lumens are
onsidered to model the patient’s cardiovascular system. The lumen is
escribed in terms of the blood velocity 𝐮(𝐱, 𝑡) and pressure 𝑝(𝐱, 𝑡) in an
ulerian reference system 𝐱 and in time 𝑡. 𝐲(𝑡) and 𝐲̇(𝑡) represent the
agrangian position and velocity of the wall’s material points, whereas

the Lagrangian position measured from CT is indicated by 𝐲̂(𝑡).

2.1. Cardiovascular geometry and kinematics

For this study, we retrospectively analyzed a patient (65 years old,
male) not affected by cardiovascular diseases. Patient-specific data is
extracted from an ECG-gated dynamic Computed Tomography (CT)
Angiography scan, acquired using Siemens, Photon counting Naeotom
Alpha CT scanner. Twenty (𝑁 = 20) image volumes of 512 × 512 × 326
voxels covering the whole thorax (CT(𝑡0), . . . , CT(𝑡𝑁−1)) are recon-
structed through the cardiac cycle at a heart rate of 91 bpm, resulting
in a temporal resolution of 𝑡𝑖+1 − 𝑡𝑖 = 𝛥𝑡 = 33 ms, an in-plane spatial
resolution of 0.31 × 0.31 mm, and a slice thickness of 0.70 mm. Fig. 1a
illustrates the clinical dataset showing two different slices of the CT
n the end-diastolic configuration (𝑡0): one in the coronal direction
nd the other clipping the heart in half (Parasternal Long Axis View
PLAX)). The left and right ventricle (RV), left and right atrium (LA and
A), aorta, and aortic and mitral valves (AV and MV) are visible and
ighlighted in the two slices. It is evident how the lumen boundaries
f the aorta and left ventricle are substantially different (the two green
rrows). The aorta has a smoother and more delineated boundary
ompared to the LV, which contains several smaller structures.

A pre-processing procedure was used to generate a manual segmen-
ation of the aorta and the LV for each cardiac phase acquired with CT
can. Specifically, the 3DSlicer [37] open source software was used for
he segmentation while the free software MeshMixer [38] was adopted

for a final smoothing and re-meshing process. Fig. 1b illustrates the
workflow for extracting patient-specific data from the medical images.
The resulting twenty triangular tessellations 𝑠(𝑡𝑖) (purple surfaces in
Fig. 1b) represent the aortic and ventricular lumen boundaries at
different time points 𝑡𝑖 ∈ {𝑡0,… , 𝑡𝑁−1} along the cardiac cycle. The
first phase 𝑡0 (end-diastolic configuration) is used to create the final
tessellation of the in-vivo configuration through a meshing process to
obtain a mesh with triangular elements of uniform size (first green
surface from left to right in Fig. 1b). The coordinates of the nodes of
his mesh will be referred to as 𝐲̂(𝑡0). A more detailed representation of
he structural mesh is reported in Fig. 2, where the in-silico geometry

(green) is pinpointed within the whole cardiac geometry of the patient.
The other segmentations (see for example 𝑠(𝑡1) and 𝑠(𝑡𝑁−1) in Fig. 1)
are used for motion estimation [22], i.e., to measure the movement of
each tissue’s material point through time. In other words, the other
segmentations are used to measure the Lagrangian positions 𝐲̂(𝑡𝑖) of the
material in the deformed configurations 𝑡 ...𝑡 .
1 𝑁−1
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Fig. 1. In-vivo data processing. (a): two different slices of the ECG-gated dynamic CT scan in the diastolic configuration (𝑡0): one in the coronal direction and the other clipping
the heart in half (Parasternal Long Axis View). The left and right ventricle (LV and RV), left and right atrium (LA and RA), aorta (AO), and aortic and mitral valves (AV and
MV) are visible and highlighted in the two slices. The two green arrows highlight the differences between the aortic and LV lumen boundaries. (b): dynamic CT scan image
volumes (CT(𝑡0), . . . ,CT(𝑡𝑁−1)) from which patient-specific information is extracted. A segmentation of the aorta and left ventricle (𝑠(𝑡0),… , 𝑠(𝑡𝑁−1)) is generated from each image
volume (purple surfaces). The segmentations 𝑠(𝑡𝑖) are used to estimate the kinematics of the structures by computing a displacement field d𝑡0↦𝑡𝑖 from 𝑡0 to each 𝑡𝑖. The final
tessellation of the in-vivo configurations (green surfaces) is created from 𝑠(𝑡0) through a meshing process, giving 𝐲̂(𝑡0). Each subsequent configuration 𝐲̂(𝑡𝑖) is generated applying
the 𝑖th deformation field d𝑡0↦𝑡𝑖 .
𝜏

In order to compute the Lagrangian displacements, a surface-based
registration process is employed (as opposed to intensity-based regis-
tration approaches, which work directly on the imaging data [39,40]).
Since the triangular meshes of the segmentation 𝑠(𝑡𝑖) do not have points
correspondence through time (i.e., the meshes are not conformal one
to each other), a deformation field mapping a reference configuration
(say 𝐬(𝑡0)) into the configuration of each other cardiac phase 𝑡𝑖 is
computed adopting the specific algorithm described in Scarpolini et al.
[41]. Briefly, this approach is based on the minimization of a distance
function between the reference surface 𝑠(𝑡0) and the target one 𝑠(𝑡𝑖)
(Fig. 1b), thus obtaining the displacement fields d𝑡0↦𝑡𝑖 that map 𝑠(𝑡0)
onto 𝑠(𝑡𝑖) for each available time point. In order to apply these deforma-
tions onto the final tessellation 𝐲̂(𝑡0), we interpolate in space each d𝑡0↦𝑡𝑖

using radial basis functions and obtain the subsequent 𝐲̂(𝑡1),… , 𝐲̂(𝑡𝑁−1).
In this way, we obtain 𝑁 = 20 tessellations through time 𝐲̂(𝑡𝑖) with
point correspondence. It should be noted that the registration is done
between lumen boundaries and not material points. Consequently, the
measured displacement vectors will have a higher accuracy on their
surface normal component with respect to the tangential ones, which
are partially overlooked by the registration procedure, as also explained
in Moireau et al. [26]. This phenomenon must be taken into account
when analyzing results, as the tangential displacement of myocites
connected to the helicoidal motion during systolic contraction, for
example, will be partially overlooked by the method.

Furthermore, it is important to notice that these measurements will
have different accuracies depending on the structure. As shown in
Fig. 1a, the presence of complex small-scale structures on the LV wall
(papillary muscles and trabeculae) makes it more difficult to clearly
delineate a boundary surface. This difference will be addressed in
Section 2.5 by developing an assimilation procedure that takes this lack
of knowledge into account.

In addition to Lagrangian positions, integral quantities of every
single structure have been measured. In particular, the volume and area
of the left ventricle (𝑉 (𝑡 ) and 𝐴̂ (𝑡 )) and aorta (𝑉 (𝑡 ) and 𝐴̂ (𝑡 ))
𝐿𝑉 𝑖 𝐿𝑉 𝑖 𝐴𝑂 𝑖 𝐴𝑂 𝑖

3 
have been measured using the Lagrangian positions 𝐲̂(𝑡𝑖) at each corre-
sponding cardiac phase 𝑡𝑖. Additional clinically interesting quantities,
such as End Diastolic Volume (EDV) and End Systolic Volume (ESV),
are measured as well. Measurement errors for these integral quanti-
ties have been estimated by computing the inter-observer variability:
two experts in the medical field independently segmented the same
structure in a single cardiac phase (resulting in different Lagrangian po-
sitions and, consequently, integral quantities) and the semi-dispersion
of the obtained results was used as error, as typically done in the
medical imaging community [42,43]. These quantities, together with
the estimated errors, are reported in Table 2 and are in agreement with
literature values found in Maffei et al. [44] (both values and errors).

Regarding the aortic and mitral valves, it is clear from Fig. 1a
that their segmentation is a challenging problem. Recent works show
promising results in obtaining the full 3D valvular geometry from CT
scans [45]. However, the limited accuracy of these methods, in addition
to the problem of measuring their mechanical properties, produces high
uncertainties when dealing with FSI simulations. Consequently, in this
study, we opted to simply model the heart valves as flat porous surfaces
attached to the surrounding tissues (aortic and mitral annuli), an
approach usually referred to as ‘‘resistive immersed surfaces’’. Fig. 2a
shows these surfaces as white patches inside the heart. This simplified
modeling avoids the specification of the leaflets’ geometry and works
by prescribing opening and closing timing as observed from the CT.
Indeed, even if the detailed leaflet geometry is hard to reconstruct, its
opened or closed configuration can be easily observed. For example, in
the PLAX view of Fig. 1a, the AV is in fully opened configuration, while
the MV is fully closed. The time 𝜏 that the valves require to go from
fully opened to fully closed configuration is a characteristic parameter.
Since the CT temporal resolution is insufficient to capture this time,
̃ was set to 40 ms according to measurements performed on subjects
with healthy aortic and mitral valves [46,47]. This value corresponds to
the lower bound of the literature range (40–160 ms), which was further
supported by imaging data. Dynamic CT scans indicated near-complete
valve transition between closed and open states within two consecutive



M.A. Scarpolini et al. Computers in Biology and Medicine 189 (2025) 109876 
Fig. 2. Comparison between patient-specific complete cardiovascular geometry and in-silico model. Panel (a) shows the complete cardiovascular geometry of the patient,
with the right, left ventricle, aorta, coronary arteries and left atrium. The latter is compared in panel (b) to the in-silico model geometry of the left ventricle and aorta (2D surface),
depicted in green. These surfaces are discretized with triangular elements (Lagrangian grid) and immersed in the fluid domain, which is discretized as a cartesian mesh (Eulerian
grid). At each open artery tip (descending aorta and epi-aortic vessels), the Windkessel model is used to apply appropriate boundary conditions by forcing the fluid in the cyan
cylindrical subdomains 𝛺𝑖.
acquisitions (approximately 33 ms). In our setup, the effect of opening
and closing valves is numerically prescribed by gradually changing the
porosity of the valves from zero to infinity.

This simplification is also motivated by the will to keep the focus
of the work on the DA procedure rather than complex physical mod-
eling and numerical techniques required to model the valves (see for
example [48]).

2.2. Fluid dynamics

The blood velocity 𝐮(𝐱, 𝑡) and pressure 𝑝(𝐱, 𝑡) are governed by the
incompressible Navier–Stokes equations:
{

𝜌 (𝜕𝐮∕𝜕 𝑡 + ∇ ⋅ (𝐮𝐮)) = −∇𝑝 + ∇ ⋅ 𝝉 + 𝐟IB + 𝐟WK

∇ ⋅ 𝐮 = 0 (1)

where 𝜌 = 1060 Kg∕m3 is the constant blood density. The blood is
modeled as an incompressible Newtonian fluid, so the viscous stress
tensor is given by 𝝉 = 𝜇(∇ + ∇𝑇 )𝐮 with 𝜇 = 3.5 mPa s representing
the blood viscosity with a hematocrit of 40% [49,50]. Eq. (1) are
solved in nondimensional units over a Cartesian mesh using central
second-order finite differences discretized on staggered grids [51,52]
and are marched in time using a fractional step with an explicit Adams–
Bashforth method for the non-linear convective term and an implicit
Crank–Nicolson method for the viscous terms. The nondimensionaliza-
tion process results in a Reynolds Number 𝑅𝑒 = 𝜌𝑈 𝐿∕𝜇 = 6133, where
𝑈 = 0.75 m s−1 and 𝐿 = 27 mm are the characteristic velocity and length
scales used for nondimensiolization. Given the transitional nature of the
flow at a Reynolds number of ∼ 6000, we perform a Direct Numerical
Simulation (DNS) of the Navier–Stokes equations. The cartesian mesh
is composed of 𝑛 = 366 × 484 × 484 ≃ 8.6 ⋅ 107 equally spaced
grid points, distributed every 370 μm in each direction. The no-slip
condition on the moving wet cardiovascular tissues is imposed through
the instantaneous forcing 𝐟IB using an Immersed Boundary Method
(IBM) based on the moving least square (MLS) interpolation [53–55].
As it happens in IBMs, the cardiovascular structures (Lagrangian grid)
are immersed in the fluid domain (Eulerian grid), as shown in Fig. 2b.
The hydrodynamic loads acting on the wet tissues are computed as:

𝐟𝐻 = (−𝑝𝐧 + 𝝉 ⋅ 𝐧) 𝑑 𝑠 (2)

being 𝐧 the wet normal direction.
4 
As visible in Fig. 2b, the tips of the arteries and the left ventricle
representing the inlets/outlets of our cardiovascular domain do not
cross the boundaries of the fluid computational domain. During the
cardiac dynamics, blood is sucked from the outer volume through the
mitral valve opening and propelled towards the same outer volume
through the aorta and epi-aortic vessels. To model the impact of the
truncated cardiovascular tree and obtain realistic blood pressure in
the heart chambers, appropriate lumped parameters models should be
used as boundary conditions. For the descending aorta and epi-aortic
vessels, we used the Windkessel model which describes the peripheral
resistance and arterial compliance by solving the equivalent electrical
circuit with two resistances 𝑅𝑑 and 𝑅𝑝 and a capacitor 𝐶. These three
parameters are tuned to obtain standard physiological pressure (80–120
mmHg) [56–58] and are reported in Table 1 for each clipped artery.
Their calibration is described in the next section.

The pressures provided by the Windkessel model are imposed
through the volume forcing 𝐟WK in Eq. (1), which is only active in
the cylindrical subdomains 𝛺𝑖 (having outward-pointing normal vector
𝑛𝑖, as in Fig. 2b). The forcing is homogeneous inside each subdomain
and dynamically computed at each time step using a proportional–
integral–derivative (PID) controller on the error value 𝑒𝛺𝑖

= (𝑝𝛺𝑖
−𝑝WK

𝛺𝑖
),

where 𝑝𝛺𝑖
is the average pressure measured at the inward-facing base

of the cylinder 𝛺𝑖, and 𝑝WK
𝛺𝑖

is the pressure obtained by solving a three
elements Windkessel model for that specific subdomain. On the other
hand, owing to the lower pressure loads inside the left atrium, on the
mitral opening we set a zero pressure condition (which corresponds to
sucking blood directly from the outside box when the valve is opened).

2.3. Windkessel calibration

The Windkessel parameters regulate the pressure at each artery tip
based on their blood outflow, which in turn depends on the hemody-
namic variables on the whole domain and their interaction with the
structure deformations. A specific iterative calibration process for the
Windkessel parameters calculation was defined by calculating an initial
guess and then refining the parameter by using the results of the FSI
simulation. The initial guess of the Windkessel parameters is needed
to reduce the computational cost of the calibration procedure. To this
aim, an estimation for the net flowrate through the four outlets during
systole (descending aorta and the three epi-aortic vessels, while the
mitral valve is sealed) 𝑞 (𝑡) can be inferred by the increasing/decreasing
𝑖
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Table 1
Windkessel model parameters for each subdomain 𝛺𝑖: Descending Aorta (DA), Brachio-
cephalic Artery (BCA), Left Common Carotid Artery (LCCA) and Left Subclavian Artery
(LSA). Distal and proximal resistances 𝑅𝑑 and 𝑅𝑝 are given in units of k g m−4 s−1 × 106
nd the capacitance 𝐶 is given in m4 s2 k g−1 × 10−9.
𝛺𝑖 𝑅𝑑 𝑅𝑝 𝐶

DA 326.3 14.21 3.675
BCA 917.6 38.88 1.293
LCCA 2402.3 61.08 0.437
LSA 1190.2 51.12 1.004

aortic (𝑉𝐴𝑂(𝑡)) and ventricular (𝑉𝐿𝑉 ) volumes measured from in-vivo
ata. The total blood entering the aorta 𝑞tot(𝑡) is estimated as

𝑞tot(𝑡) =
∑

𝑖
𝑞𝑖(𝑡) = −𝑑𝑉𝐿𝑉

𝑑 𝑡
|

|

|

|

|systole
−

𝑑𝑉𝐴𝑂
𝑑 𝑡 (3)

while the subdivision of 𝑞tot(𝑡) to each outlet can be approximated based
on their respective cross-sectional areas 𝐴𝑖, as in Youssefi et al. [59],
Boccadifuoco et al. [57]

𝑞𝑖(𝑡) ≃
𝑞tot(𝑡) ⋅ 𝐴𝑖
∑

𝑖 𝐴𝑖
(4)

To find the Windkessel parameters in the absence of direct in-
vivo pressure measurements, our approach is to replicate physiological
conditions. Specifically, this was done by choosing a pressure range
between 80 and 120 mmHg at each vascular outlet. This strategy
has been adopted in several works in literature [57,60,61] and the
calibration process can be conducted either manually or through an
utomated approach utilizing optimization algorithms. Given the flow
ates 𝑞𝑖(𝑡), each iteration of the calibration requires merely the res-
lution of a set of ordinary differential equations, thus proceeding
lmost instantaneously. Here, the optimization procedure is carried
ut through a differential evolution algorithm [62], which utilizes an
bjective function designed to maintain the obtained pressure profile
ounded inside the standard physiological range of 120 and 80 mmHg.

A similar approach can be found in Antonuccio et al. [63]. The op-
imization is subject to an additional constraint on the characteristic
ime 𝜏 = 𝑅𝑑 ⋅ 𝐶, which is confined within the interval of 0.3 to 4 s
o ensure physiological relevance. Finally, subsequent FSI simulations
re iteratively repeated until the Windkessel parameters reach conver-
ence. This iterative process is necessary for FSI simulation because the
low at outlets (𝑞𝑖(𝑡)) depends on the structure’s compliance. In our case,
wo iterations were sufficient, achieving parameter variation below 1%.
he final parameters used in this study are reported in Table 1.

2.4. Structural mechanics

The dynamics of the deformable cardiovascular tissues are solved
sing a spring-network structural model based on Fedosov’s interaction
otential approach [64,65]. A mechanical solver for thin shells is
sed for both the left ventricle and aorta which are discretized as
riangulated surfaces. The structural model is built considering the
riangulated network of springs (see for example the inset about the
agrangian grid in Fig. 2), one for each edge. The mass of the structure
s concentrated on the vertices of the triangles, uniformly distributed
mong them. The potential energy of the system accounts for the in-
lane and bending stiffness of the tissues. In particular, the out-of-plane
eformation of two adjacent triangles sharing an edge is modeled by
eans of a bending spring, whose elastic constant depends on the

ontinuum elastic properties and the local tissue thickness. A detailed
xplanation, together with an explicit derivation of the forces acting on
he mesh nodes, is given in de Tullio and Pascazio [53].

Several models of the elasticity of the myocardium are available in
he literature, also accounting for its orthotropic properties [2,66]. In

this work, a simple linear elastic material was used since the major
5 
focus was the DA technique and a detailed description of the cardiovas-
ular tissue properties was out of the scope. Moreover, the adoption of a
aterial model able to cope with the fiber architecture introduces a set

of unknown and uncertainties that, at the state of the art, are impossible
to be derived from in-vivo CT images. The Young elastic modulus of the
ortic tissue 𝐸 = 0.36 MPa was chosen so as to reproduce the average

one measured from the in-vivo Lagrangian displacements using a recent
method from Celi et al. [21], while for the left ventricle 𝐸 = 60 k Pa

as chosen according to literature ranges [26,67]. The wall thickness
is considered uniform in the cardiac chambers and set to ℎ𝐴𝑂 = 2.7 mm
or the aorta and ℎ𝐿𝑉 = 8 mm for the ventricle following physiological
alues in Viola et al. [2] and clinical studies [68–70].

The contraction and relaxation of the left ventricle along with the
assive motion of the aorta result from the dynamic balance among the
nertia of the tissues 𝑚𝐲̈, the external hydrodynamic forces given by the
luid solver 𝐟𝐻 in Eq. (2), the internal passive forces coming from the

structural solver 𝐟𝐼 and the ‘‘Data Assimilation forces’’ 𝐟𝑁 generated
w.r.t. in-vivo measurements (detailed description in the next section):

𝑚𝑖𝐲̈𝑖 = 𝐟𝐼𝑖 + 𝐟𝐻𝑖 + 𝐟𝑁𝑖 (5)

where 𝑚𝑖 is the concentrated mass of the 𝑖th Lagrangian node and 𝐲𝑖
is its position. In the human heart, the active contraction of the my-
ocardium is normally triggered by the activation potential signal [1].
To simulate this, digital heart models must recreate this signal cou-
pling an Electrophysiology (EP) model to the fluid–structure interaction
equations [5,71,72]. Instead, in this work, we do not resort to any EP
model, and the effect of the active ventricular contraction is naturally
incorporated in the ‘‘Data Assimilation forces’’ driven by the CT data
(the contribution given by 𝐟𝑁𝑖 ), as will be described in Section 2.5. The
ode index 𝑖 will be dropped in the following equations to keep the
otation simple.

In order to integrate Eqs. (1) and (5), a loose coupling approach is
used where the fluid is solved first and the generated hydrodynamic
loads are used to evolve the structure, whose updated configuration is
the input for the successive time step. This approach is computationally
cheaper than a strong coupling approach but is prone to numerical
instability, and a small time step (here 𝑑 𝑡 = 1 μs) has to be used
o ensure numerical stability. Additional details about this choice are
iscussed in Viola et al. [2], Verzicco [1].

The numerical system resulting from the discretization of the fluid–
structure interaction (FSI) problem demands substantial computational
resources. To address this, the multiphysics solver used in this work
is implemented using CUDA Fortran to harness the benefits of highly
parallel multi-GPU computing, eliminating the need for large-scale
supercomputing facilities. Further details on the implementation and
scalability of this approach can be found in Viola et al. [3]. The pro-
osed assimilation strategy (nudging) adds a negligible computational
ost to the simulation, without impacting the time needed to solve the
riginal FSI problem. For this study, each simulation is conducted on
 single Nvidia A100 80 GB GPU, with each cardiac cycle requiring
pproximately 14 h to compute.

The initial conditions of the structural mesh are initialized from
the in-vivo model in order to obtain anatomical personalization of
the model. However, 𝐲̂(𝑡0) is associated with the in-vivo end-diastolic
configuration (with a typical arterial pressure of 80 mmHg) and thus
does not correspond to the stress-free configuration that is needed to
initiate the structural solver. Hence, the stress-free configuration has
been estimated through a weighted reverse displacement method [73,
74], which is detailed in Appendix A.

2.5. Data assimilation procedure

The system of FSI governing Eqs. (1) and (5) and the corresponding
initial and boundary condition can be recast in the form of a dynamic
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Table 2
Ventricular parameters compared between in-vivo measurements and three in-silico experiments NLV1,
NLV2 and NLV3 at different nudging settings. End Diastolic Volume (EDV), End Systolic Volume (ESV),
Stroke Volume (SV), Ejection Fraction (EF) and Cardiac Output (CO) are reported. For experiment NLV1 the
quantities are not reported since it stops during the systolic contraction due to a collapse of the structure.
The discrepancy (𝑥in-silico − 𝑥in-vivo) between in-silico and in-vivo quantities are reported in the last three
columns.

Quantity In-vivo In-silico In-vivo/in-silico discrepancy

NLV1 NLV2 NLV3 NLV1 NLV2 NLV3

EDV mL 75 ± 2 – 74.8 73.9 – −0.2 −1.1
ESV mL 23 ± 3 – 24.9 25.5 – 1.9 2.5
SV mL 51 ± 3 – 49.8 48.4 – −1.2 −2.6
EF % 69 ± 4 – 66.6 65.5 – −2.4 −3.5
CO L min−1 4.7 ± 0.3 – 4.5 4.4 – −0.2 −0.3
d
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system as follows:
{

𝐗̇ = (𝐗, 𝑡)
𝐗(𝑡0) = 𝐗0

(6)

where 𝐗 is the state vector, i.e., the collection of variables describing
our system and are evolved by the model. In this work the state
vector is composed by both structural and hemodynamics variables,
i.e., 𝐮(𝐱, 𝑡), 𝑝(𝐱, 𝑡), 𝐲 and 𝐲̇, while the dynamical model  are the fluid
and structural Equations ((1) and (5), respectively), as described in 2.2
and 2.4. 𝐗0 is the initial conditions vector. The general principle of

A consists of using some available measurements 𝐙 to improve the
predictions of the computational model [25,36,75]. There are two main
ategories of DA algorithms: sequential, like the one used in this work,
nd variational. Variational approaches guide the model by minimizing

a suitable cost function involving the difference between the data and
the corresponding outputs from the simulation. Sequential algorithms
irectly incorporate the observations 𝐙 into the system by modifying

the dynamical model (6). This is done by defining the gain  and
bservation  operators and redefining Eq. (6) into

{

𝐗̇ = (𝐗, 𝑡) +  [𝐙 −[𝐗, 𝑡]]
𝐗(𝑡0) = 𝐗0

(7)

where  models the measurement process on the system by extracting
he measures from the state vector [35,76]. For example, (𝐗, 𝑡) could

represent the measurement of the volume 𝑉 (𝑡) of a certain anatomical
structure from the coordinates of its material points 𝐲(𝑡). If 𝐗 was the
exact system state, then the observations 𝐙 would be 𝐙 = (𝐗, 𝑡) + 𝜉,

here 𝜉 is the noise related to the measurement process. The operator
acts as a sort of inverse of , transforming the discrepancy between

the measured quantity 𝐙 and the analogous model’s prediction (𝐗, 𝑡)
into a correction for the state 𝐗. In other words, Eq. (7) nudges the
state vector 𝐗 towards the observations 𝐙 by adding a forcing that is
proportional to their discrepancy 𝐙 −(𝐗, 𝑡).

Classical sequential DA like the Kalman filter [25,77], however,
re intractable when the model  contains non-linear partial differ-

ential equations (as in our case) and the state vector belongs to a
high dimensional space [10,25,26]. This is because they require the
computation of covariance matrices, which have the size of the state
vector. Consequently, ‘‘simplified’’ versions of sequential DA algorithms
have been developed when dealing with complex systems. From one
side, reduced order Kalman filters can be developed by constraining the
uncertainties to smaller spaces, for example, as in Moireau and Chapelle
[78]. Another approach is to use simpler filtering methods that do not
consider the uncertainties distributions and stem from control theory,
for example the popular Nudging technique [25,35,36,79], otherwise
known as Luenberger observer in control theory [26]. Our specific
pproach resembles the latter and involves the introduction of poten-
ials that penalize the departure of the system from the measurements.

Specifically, as discussed in 2.1, our observations of the system 𝐙
nclude integral quantities like the volume 𝑉 and area 𝐴 of anatomical
tructures, and the local positions 𝐲̂(𝑡) of these structures. Consequently,
6 
we introduced the potentials defined in Spandan et al. [54]:
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑊𝑉 =1
2
𝑘𝑉

(

𝑉 − 𝑉
𝑉

)2
𝑉 (Volume)

𝑊𝐴 =1
2
𝑘𝐴

(

𝐴 − 𝐴̂
𝐴̂

)2
𝐴̂ (Area)

𝑊𝑃 =1
2
𝑘𝑃 (𝐲 − 𝐲̂)2 (Lagrangian Position)

(8)

Applying the minimum energy concept, we obtain the ‘‘nudging’’ force
𝐟𝑁 in Eq. (5) by differentiating the potentials with respect to displace-
ments:

𝐟𝑁 = − 𝜕
𝜕𝐲

(

𝑊𝑉 +𝑊𝐴 +𝑊𝑃
)

(9)

It can be shown that this approach is a variation of the Nudging tech-
nique, which is a particular case of Eq. (7), where the gain operator 
oes not take into account covariance matrices [35], i.e., it reduces to a

multiplicative factor weighting the discrepancy between the simulation
nd the in-vivo observation. In fact, if we break up 𝐟𝑁 into each one of
ts components 𝐟𝑁 = 𝐟𝑁(𝑉 ) + 𝐟𝑁(𝐴) + 𝐟𝑁(𝑃 ) (volume, area and positions)
nd we manipulate Eq. (9), we obtain
⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝐟𝑁(𝑉 ) = − 𝑘𝑉
1
𝑉

𝜕 𝑉
𝜕𝐲

(𝑉 − 𝑉 )

𝐟𝑁(𝐴) = − 𝑘𝐴
1
𝐴̂

𝜕 𝐴
𝜕𝐲

(𝐴 − 𝐴̂)

𝐟𝑁(𝑃 ) = − 𝑘𝑃 (𝐲 − 𝐲̂)

(10)

This last equation highlights the proportionality of the forcing terms 𝐟𝑁
to the discrepancy between the predicted and measured quantities (𝑉 −
𝑉 for example). The two derivatives 𝜕 𝑉 ∕𝜕𝐲 and 𝜕 𝐴∕𝜕𝐲 can be computed
y expressing both volume and area in terms of surface integrals and

then by discretizing them on the triangulated surfaces (see [80] for a
detailed derivation), while 𝑘𝑉 , 𝑘𝐴 and 𝑘𝑃 are the nudging constants
(or ‘‘gaining parameters") that must be calibrated. Appendix B illus-
rates how these constants can be roughly estimated from the physical
arameters of the system. Being the forcing terms completely explicit,
he nudging procedure does not increase the computational cost of the
imulation.

Since our observations have different amounts of noise depending
on the specific structure, we define different nudging constants for
each of them. In fact, as can be observed in Fig. 1a where both the
orta (AO) and left ventricle (LV) are visible, the aortic lumen has a
ar smoother and more regular boundary compared to the ventricular
ndocardium (highlighted by the two green arrows). On the other hand,
he ventricular walls are characterized by several multi-scale irregu-
arities that are not present in the aortic ones (e.g., papillary muscles
nd trabeculae). This makes the segmentation process of the aortic
umen easier and less prone to errors. Consequently, measurements
f the aortic wall motion 𝐲̂(𝑡) are accurate enough to be used for
uiding the FSI simulation without resorting to an additional nudging
n integral geometric quantities (e.g., area and/or volume). In contrast,
he latter are necessary for guiding the ventricular dynamics, owing to
he higher noise in the local measuring the ventricular endocardium.
onsequently, in Section 3 the active LV contraction (Section 3.1) and

the passive aortic motion (Section 3.2) will be analyzed separately.
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Fig. 3. Comparison between in-silico and in-vivo ventricular contraction at different nudging settings (Experiments NLV1, NLV2 and NLV3). Experiment NLV1 (panels a,d)):
nudging only the LV volume (𝑘𝑉 = 10, 𝑘𝐴 = 0, 𝑘𝑃 = 0); Experiment NLV2 (panels b,e,g)): nudging the LV volume and surface area (𝑘𝑉 = 10, 𝑘𝐴 = 1000, 𝑘𝑃 = 0); Experiment
NLV3 (panels c,f,h)): nudging volume, area and Lagrangian positions of LV (𝑘𝑉 = 10, 𝑘𝐴 = 1000, 𝑘𝑃 = 10). For each experiment, the LV volume 𝑉𝐿𝑉 and LV surface area 𝐴𝐿𝑉
are reported, together with in-vivo measurements. The gray vertical lines in panels (a-c) represent the opening (dashed lines) and closing (solid lines) times of the aortic and
mitral valves imposed, as discussed in Section 2.4. Moreover, the in-vivo (transparent red) and in-silico (transparent green) LV configurations are shown for each experiment at
maximum systolic contraction (panels d-f) and late diastole (panels g,h). The interrupted solid lines in panel (a) indicate that it was not possible to integrate an entire heart beat
and, consequently, the corresponding diastolic snapshot is not reported.
3. Results

3.1. Nudging the ventricular contraction

As explained in Section 2.4, we do not use any EP model in this
study to solve the active tension of the ventricular myocardium. In-
stead, the ventricular contraction observed from the dynamic CT scan
is reproduced using only DA, which, in this sense, replaces EP. Hence,
nudging forces are crucial in the left ventricle dynamics, as they drive
the simulation by generating the active contraction. In the aorta, on
the other hand, these forces will act more as a ‘‘correction’’ term of the
dynamics, as explained in the next section.

The active LV contraction reproduced with different nudging set-
tings is analyzed for integral quantities only and successively employing
the punctual information on the local endocardium position. Each
setting is compared with all the available in-vivo measurements. Three
different simulations are performed: experiments NLV1, NLV2 and
NLV3. Firstly, experiment NLV1 uses only volume nudging with 𝑘𝑉 =
10 and 𝑘𝐴 = 𝑘𝑃 = 0, while experiment NLV2 adds surface area
information, with 𝑘𝑉 = 10, 𝑘𝐴 = 1000 and 𝑘𝑃 = 0. Lastly, experiment
NLV3 also relies on the instantaneous position of the endocardium
markers, with 𝑘𝑉 = 10, 𝑘𝐴 = 1000 and 𝑘𝑃 = 10. For all three
experiments, nudging on the aorta is set to a minimum non-zero value
in order to regularize its motion (𝑘 = 𝑘 = 0 and 𝑘 = 0.1).
𝑉 𝐴 𝑃

7 
End Diastolic Volume (EDV), End Systolic Volume (ESV), Stroke
Volume (SV), Ejection Fraction (EF), and Cardiac Output (CO) are
the main clinical functional parameters of the ventricle that can be
directly measured from in-vivo data and can be used to validate the
DA procedure. Table 2 reports these quantities for the in-vivo mea-
surements and the three experiments, respectively. While NLV2 and
NLV3 reproduce each functional parameter inside the measurement
uncertainty, NLV1 experiment stops during the systolic contraction due
to elastic instabilities. Volume nudging (𝐟𝑁(𝑉 )) tends to decrease the
volume of the ventricle, while the structural model contrasts it by
keeping the myocardium strain as low as possible, leading to a collapse
of the structure, which hinders the numerical solution of the equations.
To solve this problem and induce a contraction of the myocardium, we
add surface area nudging 𝐟𝑁(𝐴) in experiment NLV2 and NLV3.

Fig. 3a–c shows the LV volume and surface area over time for the
three simulations, compared with the in-vivo measurements. Addition-
ally, the LV dynamics is visually represented in Fig. 3d–h overlapping
the in-silico (i.e., 𝐲 in green) and in-vivo (i.e., 𝐲̂ in red) LV surfaces
during the maximum volume contraction time instant (end-systolic
phase when possible) and during maximum volume expansion (late
diastole). Panel (a) shows that in NLV1 the volume follows the in-vivo
profile while the surface area remains at higher values, thus preventing
the integration of a whole heartbeat in the NLV1 case.

As indicated in both Table 2 and Fig. 3b, experiment NLV2 repro-
duces faithfully the in-vivo contraction in terms of integral quantities.
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This is already an interesting achievement since we are reproducing
entricular functional parameters using only integral measurements
hat are routinely obtained through non-invasive clinical imaging such

as echo-cardiography [81–83]. However, a graphical inspection of
Fig. 3e reveals that the precise kinematic is not well reproduced in
experiment NLV2. In particular, the LV longitudinal axis is not aligned
with the one observed in the in-vivo data. In the real setting, the physi-
ological LV contraction arises from a complex physical system involving
the material properties (myocardium fibers orientation [6,84]), the
spatiotemporal propagation of the active potential signal, and the visco-
lastic surrounding tissues effects. All this missing complexity makes it
ecessary to nudge additional quantities to reproduce the ventricular
eformation with high accuracy. If local measurements, such as the
otion of each material point, are available, this information can be
sed to ‘‘guide’’ the simulation even further. Experiment NLV3 adds
oint-wise nudging 𝐟𝑁(𝑃 ) and is able to reproduce the integral quanti-
ies (with a slight increase in discrepancy from the measurement values,
s shown in the last three columns of Table 2) and the kinematics
Fig. 3)c,f).

The resulting ventricular contraction produces a net flowrate inside
the aorta that will be investigated in the next section.

3.2. Nudging the passive aortic deformation

As explained in Section 2.5, the segmentation of the aortic region
is less prone to errors owing to its smoother wet surface and better
visibility in CT measurements with respect to the LV endocardium.
Consequently, Lagrangian positions 𝐲̂𝑖(𝑡) are more accurate for the
aortic lumen. Considering this, the nudging algorithm for the aorta
irectly employs the Lagrangian positions (𝑘𝑃 ≠ 0 and thus 𝐟𝑁(𝑃 ) ≠ 0)
nd avoids volume and area nudging (𝑘𝑉 = 𝑘𝐴 = 0).

The effects of nudging the aorta with different intensities are per-
ormed through four experiments: NA1, NA2, NA3, and NA4 with 𝑘𝑃 =
.1, 𝑘𝑃 = 1, 𝑘𝑃 = 10 and 𝑘𝑃 = 100, respectively. For each nudging
onfiguration, the assimilation settings for the ventricle will be fixed to
xperiment NLV3 of the previous section (i.e., 𝑘𝑉 = 10, 𝑘𝐴 = 1000 and
𝑘𝑃 = 10 for the LV). The aim is to find the optimal intensity capable
of ‘‘relaxing’’ the simulation towards the in-vivo configuration without
forcing measurement errors into the simulation and making the system
too numerically stiff. In order to quantify the effects, we can inspect the
distance between the in-silico and in-vivo configurations, both locally

𝑑⟂(𝐲, 𝑡) = (𝐲(𝑡) − 𝐲̂(𝑡)) ⋅ 𝐧̂ (11)

and averaging over the whole aorta

𝑑⟂(𝑡) = 1
𝐴̂𝐴𝑂

∫𝜕 𝛺𝐴𝑂

𝑑⟂(𝐲, 𝑡) 𝑑 𝛴 (12)

where 𝜕 𝛺𝐴𝑂 is the aortic lumen boundary, 𝐧̂ is the in-vivo, outward
acing normal to the lumen boundary, and 𝑑 𝛴 is the area of a surface

element. We recall that the distance 𝑑⟂(𝐲, 𝑡) only accounts here for the
normal displacement to the aortic walls, as CT data cannot infer the
tangential components.

Fig. 4 compares the different nudging strategies against the avail-
able in-vivo data—which is taken as ground truth here—in terms
of structural quantities. Each quantity is averaged over two cardiac
cycles after periodic stationarity is reached. Fig. 4a compares the aortic
olume 𝑉𝐴𝑂 and 𝑉𝐴𝑂 over time. The measurement error of 𝑉𝐴𝑂 is

highlighted through the gray shadow. We observe that the overall
olume change of the aorta 𝑉 max

𝐴𝑂 − 𝑉 min
𝐴𝑂 is well reproduced in all four

xperiments. However, the precise time evolution of 𝑉𝐴𝑂 is slightly
helped by the DA procedure that enables to follow the precise time
volution of the measured data even more accurately, as for the NA3
nd NA4 experiments. It can be observed that the case of lower nudging
ntensity (NA1 and NA2) yields a slightly delayed volume profile with
espect to in-vivo measurements, i.e., a smaller volume during the
ystolic acceleration and a larger one after the systolic peak till the end
 a

8 
of the cardiac cycle.
Fig. 4b shows the average normal distance 𝑑⟂(𝑡) of Eq. (12) com-

puted between the in-silico and in-vivo aortic walls. The gray shadow
around 𝑑⟂ = 0 represents an uncertainty interval estimated as the
nter-observer segmentation variability. Specifically, the interval width
f ±𝜎 = ±0.11 mm is computed as the standard deviation 𝜎 of the per-
ertex normal distance distribution measured between two different
egmentations performed by different experts. In Fig. 4b, it can be

observed that 𝑑⟂(𝑡) is about zero for 𝑘𝑃 = 100 (strongest nudging setup
A4), but is already quite small for 𝑘𝑃 = 0.1, i.e. in the ‘‘lightest’’
udging setup NA1. Indeed, in NA1, the maximum value in time of

𝑑⟂(𝑡) is around 0.3 mm, which is the resolution of the CT. NA3 and
NA4 are the only two setups that are completely inside the uncertainty
range, while NA2 shows greater differences, particularly after systole
at 𝑡 ≃ 0.25 s.

To inspect the distance between in-silico and in-vivo data more
locally, Fig. 4c,e,f,g shows 𝑑⟂(𝐲, 𝑡) of Eq. (11) in four cross sections
𝜋1, 𝜋2, 𝜋3, 𝜋4 along the aorta at 𝑡∕𝑇 = 0.16. The material points 𝐲
intersected by each plane are shown in polar coordinates by setting
the origin at each cross section’s median point and the 0◦ azimuthal
angle in the direction defined by the white arrows along the centerline
in panel (d). 𝜋1 plane is located at the aortic sinus, 𝜋2 at the ascending
aorta, while 𝜋3 and 𝜋4 at the descending section.

The local distance in Fig. 4c,e,f,g shows a similar behavior to the
verage distance in panel (b). The only two experiments that fall inside

the uncertainty range of in-vivo data are NA3 and NA4. NA4 shows a
practically zero distance at each azimuthal angle, while NA3 peaks at
values of 𝑑⟂(𝐲, 𝑡) ∼ 0.11 mm in the 𝜋1 plane (reaching the boundary
of the uncertainty range). Indeed, the aortic sinus is the aortic region
with the largest movement, and the greatest differences with respect
to in-vivo data are captured here. For NA1 𝑑⟂(𝐲, 𝑡) is maximized in the
ame region 𝜋1 but reaches values of ∼ 1.2 mm.

From Fig. 4, it is clear that the right nudging intensity 𝑘𝑃 should be
hosen such that the system remains inside the in-vivo measurements
ncertainty range. This is satisfied by both experiments NA3 and NA4.
o ensure the most accurate alignment with in-vivo data, one might be
empted to always set the nudging intensities to their highest possible
alues. However, this approach would not be optimal due to the
nherent uncertainties in in-vivo measurements. Forcing the simula-
ion to precisely match the in-vivo quantities through high nudging
arameters, on one hand, tends to a kinematic-driven simulation, thus
nheriting the uncertainties on the reference patient data, and on the
ther, it results in a numerically stiff system. This picture is further
xplored by analyzing the hemodynamic quantities.

Fig. 5a,b shows the blood flowrate measured in two different aortic
ross sections: at the descending aorta 𝑞𝐷 𝐸 𝑆 𝐶 and at the left subclavian
rtery (LSA) 𝑞𝑆 𝐴3. It can be observed that the overall behavior of
hese quantities is quite similar in all four settings. However, for 𝑘𝑃 =
10 and 𝑘𝑃 = 100 (NA3 and NA4), high-frequency oscillations can
be observed in the flowrates right after the aortic valve opens (the
ray dotted vertical line at 𝑡 ≃ 20 ms). Another footprint of these
scillations is evident in Fig. 4a,b at the corresponding time points.

These effects are clearly amplified in a stiff system, such as NA4. At
high 𝑘𝑃 values, the system tends to become kinematic-driven. When
the kinematics imposed is not perfectly compatible—potentially due to
measurement errors—the fluid is subjected to abrupt decelerations and
accelerations to satisfy the principle of mass continuity. Conversely,
employing a weaker nudging strategy allows the natural elasticity of
cardiovascular structures to mitigate such rapid changes in the fluid
ynamics (capacitive effect). Therefore, a compromise must be reached

between a fully coupled fluid–structure interaction (FSI) simulation
and a kinematic-driven one, taking into account the uncertainties in
each in-vivo measurement and the complexity of the physical model
sed for the simulation. Consequently, NA3 represents the best setting
among the numerical experiments performed NA1-NA4) that allows an
ccurate match with in-vivo data through the lightest possible nudging
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Fig. 4. Comparison of structural results at increasing nudging intensities on the aorta, compared with in-vivo data. Experiments NA1 (𝑘𝑃 = 0.1, blue lines), NA2 (𝑘𝑃 = 1,
green lines), NA3 (𝑘𝑃 = 10, orange lines) and NA4 (𝑘𝑃 = 100, purple lines) are reported in each plot. Panel (a): aortic volume, compared with in-vivo measurements 𝑉𝐴𝑂(𝑡) (black
markers). Panel (b): signed distance with respect to in-vivo configuration, averaged over the aortic wall 𝑑⟂(𝑡) (Eq. (12)). Panels (c,e,f,g) report the same quantity, but locally
(Eq. (11)) in specific cross sections 𝐲 ∈ 𝜋1 ,… , 𝜋4, which are shown in panel (d). For each cross-section, 𝐲 is represented in a polar coordinate system centered at the median
point, and the azimuthal angle origin is set in the direction shown in panel (d). The gray shadow in the panels represents the segmentation uncertainty, corresponding to the
semi-dispersion of two different segmentations, as detailed in Section 2.1.
intensity, thus reducing the stiffness of the system and its oscillations.
In this context, nudging algorithms allow selecting an intermediate

setting where the patient’s data is introduced into the simulation more
gradually rather than being directly imposed. The specific nudging
intensity must be carefully chosen (as previously reported in Section 2.5
and other works [85]) to strike a balance between matching the in-
vivo observations and limiting the increased stiffness of the resulting
system [26].

Further inspection of Fig. 5a,b reveals that for 𝑘𝑃 = 10 and 𝑘𝑃 = 100
(NA3 and NA4, respectively), the different 𝑉𝐴𝑂(𝑡) profile enhances of
5 − 10% the flowrate during late systole with respect to NA1 and NA2; 20
mL/s for the descending aorta and 5 mL/s for the LSA. From the inset of
Fig. 5a, we also notice that the volume oscillations during the diastolic
phase (clearly visible from the in-vivo measurements in Fig. 4a) induce
small waves in the descending aorta flowrate, which are not captured
in NA1 and NA2.
9 
3.3. Analysis of hemodynamics in a fixed assimilation setting

This section shows the clinically relevant quantities that can be
estimated using the nudged-FSI model. Notably, some of them as the
blood velocity, the pressure at specific points inside the cardiovascular
system, or the hydrodynamical shear stress at the aortic wall, cannot be
measured from dynamic CT scans alone. The nudging coefficients for
the LV and aorta are fixed to values based on the analysis presented
in Sections 3.1 and 3.2. We use experiment NLV3 for LV coefficients,
i.e., the one in which both LV functional parameters and the contraction
kinematics are correctly reproduced. For the aortic region, the setting
of experiment NA3 is used, i.e., 𝑘𝑃 = 10.0, as a compromise between re-
producing the measured Lagrangian positions 𝐲̂(𝑡𝑖) exactly and avoiding
spurious oscillations in the state variables (as shown in Fig. 4a–d).

Fig. 6a shows the ventricular and aortic volumes, compared be-
tween in-silico and in-vivo quantities. A good agreement with the latter



M.A. Scarpolini et al.

o
b

o
m

t
i
t
q

Computers in Biology and Medicine 189 (2025) 109876 
Fig. 5. Comparison of hemodynamic results at increasing nudging intensities on the aorta. Experiments NA1 (𝑘𝑃 = 0.1, blue lines), NA2 (𝑘𝑃 = 1, green lines), NA3 (𝑘𝑃 = 10,
range lines) and NA4 (𝑘𝑃 = 100, purple lines) are reported in each plot. Panel (a) shows the blood flowrate measured at the descending aorta 𝑞𝐷 𝐸 𝑆 𝐶 , while panel (b) shows the
lood flowrate measured at the Left Subclavian Artery (LSA) 𝑞𝑆 𝐴3. Each plotted quantity is averaged over two cardiac cycles after a stationary regime is reached.
Fig. 6. Model results in a specific Nudging settings. Panel (a) shows the ventricular and aortic volumes over time for both the in-silico and in-vivo quantities (𝑉𝐿𝑉 , 𝑉𝐴𝑂 and
𝑉𝐿𝑉 , 𝑉𝐴𝑂 , respectively). Panel (b) shows blood flowrates: time derivatives of ventricular 𝑑∕𝑑 𝑡𝑉𝐿𝑉 and aortic 𝑑∕𝑑 𝑡𝑉𝐴𝑂 volumes (compared with in-vivo measurements 𝑑∕𝑑 𝑡𝑉𝐿𝑉 and
𝑑∕𝑑 𝑡𝑉𝐴𝑂) and flowrates at the descending aorta 𝑞DESC. Panel (c) shows the 𝑃 𝑉 -loop, i.e. the left ventricular pressure 𝑝𝐿𝑉 plotted versus the volume 𝑉𝐿𝑉 . Each quantity is averaged
ver two cardiac cycles after a stationary regime has been reached. The gray vertical lines represent the opening (dashed lines) and closing (solid lines) times of the aortic and
itral valves imposed, as discussed in Section 2.4.
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is evident, as already explored in the previous sections. It is clear how
the ventricular systole (the region between the first dashed and solid
vertical lines) is characterized by a decrease of the ventricular volume
𝑉𝐿𝑉 that produces a simultaneous increase of the aortic volume 𝑉𝐴𝑂
caused by the hydrodynamic loads. When the aortic valve closes (first
vertical solid line), 𝑉𝐿𝑉 presents a plateau of around 0.1 s, while 𝑉𝐴𝑂
has already started its slow relaxation that propels the blood in the
diastolic phase. This relaxation lasts till the end of the cycle, while
the ventricle is filled up after the mitral valve opening (second dashed
vertical line from left).

Fig. 6b shows blood flowrates. Specifically, the time derivatives of
he ventricular and aortic volumes are shown and compared between
n-silico and in-vivo quantities. 𝑑 𝑉𝐿𝑉 ∕𝑑 𝑡 indicates the total blood en-
ering or exiting from the ventricle (compared with 𝑑𝑉𝐿𝑉 ∕𝑑 𝑡). 𝑑 𝑉𝐴𝑂∕𝑑 𝑡
uantifies the aortic compliance (compared with 𝑑𝑉𝐴𝑂∕𝑑 𝑡). Still in

Fig. 4b, 𝑞DESC is the flowrate at the descending aorta outlet. The errors
of the measured quantities (vertical bars in Fig. 4b) are computed by
propagating the initial errors 𝛥𝑋 (𝛥𝑉𝐿𝑉 and 𝛥𝑉𝐴𝑂 estimated following
Section 2.1) to time-derivatives using 𝛥(𝑑 𝑋∕𝑑 𝑡) =

√

2𝛥𝑋∕𝛥𝑇 following
standard error propagation methods [86]. Given the low time resolu-
tion of the in-vivo data, we can observe that the error of 𝑑𝑉𝐿𝑉 ∕𝑑 𝑡 and
𝑑𝑉 ∕𝑑 𝑡 increases substantially with respect to 𝑉 and 𝑉 (which
𝐴𝑂 𝐿𝑉 𝐴𝑂

10 
are too small to be visible). It is interesting to notice how the aortic
compliance is quite high, storing around 29% of the stroke volume
|𝑉 max

AO − 𝑉 min
AO | ≃ 0.29 SV.

Fig. 6c shows the PV loop, i.e. the ventricular pressure 𝑝𝐿𝑉 plotted
gainst the volume 𝑉𝐿𝑉 , which describes the mechanical work per-

formed by the ventricle. The four typical sections of cardiac dynamics
can be noticed in this last diagram. First, the isovolumic contraction
phase (yellow dotted vertical line) builds up pressure inside the LV with
the valves closed. Then, this pressure initiates valve opening (not in our
implified valve model) and leads to the actual ventricular contraction
red dotted horizontal line). This contraction is almost isotonic, apart
rom the initial slight increase of pressure due to the arterial elasticity
fter the aortic valve has opened. This systolic contraction is then
ollowed by the closure of the aortic valve and the transition to an

isovolumic relaxation phase (purple dotted vertical line). This phase
ends with the opening of the mitral valve, which initiates the isotonic
filling (green dotted horizontal line) of the ventricle. The cycle ends
with the closure of the mitral valve and repeats from the beginning.

The pressure oscillations at each corner are induced by the imposed
valve opening and closure timings that are not perfectly matched with
the rest of the in-vivo data (see Section 2.1). During the isotonic
ejection phase (red dotted line), for example, the aortic valve closes
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Fig. 7. Blood velocity, pressure and WSS at systolic peak (𝑡∕𝑇 = 0.16), late systole (𝑡∕𝑇 = 0.28), early diastole (𝑡∕𝑇 = 0.51) and late diastole (𝑡∕𝑇 = 0.76). Blood velocity
(a–d) and pressure (e–h) distributions are shown on a longitudinal section of the left ventricle and aorta. Color bar ranges of the pressure are different for each time point in
order to appreciate the pressure gradient inside the aorta. Black arrows show the local velocity direction and magnitude.
too early with respect to the in-vivo data, creating a buildup of pressure
that disappears as soon as the valve opens (top-left corner of Fig. 6c).

Fig. 7 shows snapshots of blood velocity and pressure distributions
on a longitudinal section of the left ventricle and aorta. Additionally,
wall shear stress (WSS) is shown on the aortic and ventricular walls.
Each quantity is depicted at four typical time points of the cardiac cycle:
systolic peak (𝑡∕𝑇 = 0.16), late systole (𝑡∕𝑇 = 0.28), early (𝑡∕𝑇 = 0.51)
and late (𝑡∕𝑇 = 0.76) diastole. For the pressure, the color bar scale
range is tuned differently for each snapshot in order to highlight the
pressure gradient inside the aorta. Additionally, black arrows are drawn
in the blood velocity direction in order to visualize flow patterns.
At the systolic peak (Fig. 7a,e,i) we can see that the LV contraction
has developed and a strong pressure gradient of around 20 mmHg is
11 
generated smoothly from the ventricular apex down to the descending
aorta.

Fig. 8 shows the blood velocity at the same four time points of Fig. 7,
but on the 𝜋1,… , 𝜋4 cross sections of the aorta. The first column of
Fig. 8 highlights that the developed flow is almost laminar, especially
in the more distal cross sections (Fig. 8e,i,m). A high value of WSS of
8 Pa (Fig. 7i,j) develops in small regions of both the ascending and
descending aorta. Particular patterns of high WSS, which last until late
systole (Fig. 7j) develop on the descending aorta wall. We assume that
these patterns are caused by vortices that develop in correspondence
with the small bump on the inferior section of the aortic arch, as can
be seen from Figs. 7b and 8j–k. During late systole (Fig. 7b,f,j) the
pressure gradient caused by the ventricular contraction has vanished
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Fig. 8. Blood velocity in cross sections 𝜋1 ,… , 𝜋4 of the aorta. The sections correspond to the aortic annulus, ascending aorta (just before the aortic arch), and descending aorta
(just after the arch and near the end of the simulated domain), respectively. The velocity is plotted at four characteristic time points of the cardiac cycle: systolic peak (𝑡∕𝑇 = 0.16),
late systole (𝑡∕𝑇 = 0.28), early diastole (𝑡∕𝑇 = 0.51) and late diastole (𝑡∕𝑇 = 0.76), for each cross-section.
and an inverse gradient starts to build up. However, the blood flow
is still propelled by its inertia. At this moment, turbulent flow patterns
start to develop due to the break of the almost-laminar configuration of
the systolic peak (see also Fig. 8b,j,c,g). Additionally, with the fluid’s
inertia acting as the main lead of the flow the inlet velocity profile
becomes particularly asymmetrical with respect to the aortic annulus
(Fig. 7b and 8b–d).

At early diastole (Fig. 7c,g,k), the aortic valve has closed and the
mitral valve has recently opened, allowing blood from the atrium to re-
fill the ventricle. Even if velocity has dropped by more than 90% of the
systolic values, we can notice that the blood flowrates at the descending
aorta (and supra-aortic vessels as well, even if not reported on the plots)
are still slightly positive from Fig. 6b. This smaller flowrate is propelled
by the aortic compliance 𝑑∕𝑑 𝑡𝑉𝐴𝑂 < 0 which recreates a (smaller)
positive gradient pressure of about 2 mmHg (Fig. 7g) throughout the
aorta and maintains a steady flow direction.

At late diastole (Fig. 7d,h,l) the blood flow from the atrium to the
ventricle has increased and the ventricle is almost filled up completely.
Interestingly, vortices can be observed inside the ventricle. The pressure
gradient inside the aorta has decreased to almost zero (around 1
mmHg) and the cardiac cycle is almost to its end.

3.4. Footprint of the periaortic structures in the nudging forces

This section examines the spatial distribution of nudging forces on
the aorta to identify potential interactions with periaortic structures.
DENSE MRI (Displacement Encoding with Stimulated Echoes Magnetic
Resonance Imaging) studies [87] have shown that the aorta’s displace-
ment and deformation are heterogeneous and it has been suggested that
these variations may be partially due to the influence of periaortic inter-
actions [88]. Given the patient-specific nature of these interactions and
the challenges in accurately modeling them, a data-driven approach
like nudging offers a promising solution.

To this aim, Fig. 9 illustrates the spatial distribution of surface-
orthogonal nudging forces, defined as
𝑁(𝑃 ) 𝑁(𝑃 )
𝑓𝑖⟂ = 𝐧𝑖 ⋅ 𝐟𝑖 (13)

12 
on the aorta during early systole, where 𝐧𝑖 is the outward facing
normal of each mesh vertex. The figure also depicts in shaded gray the
configuration of periaortic structures surrounding the heart and aorta,
as extracted from the CT scan.

The spatial distribution of the orthogonal nudging forces manifest
several local maxima of 𝑓𝑁(𝑃 )

𝑖⟂ in regions where the aorta is in proximity
to key periaortic structures, as highlighted by arrows in the figure.
These periaortic interactions act as constraints on the cardiovascular
system, and their effect may be partially captured by the nudging
forces. For instance, a peak of 𝑓𝑁(𝑃 )

𝑖⟂ is present near the contact point
between the ascending aorta and the pulmonary artery, suggesting
additional pressure exerted by the pulmonary artery on the aorta.
Similarly, two other peaks are observed at the contact points between
the aorta and the superior vena cava, and the right atrium. Addition-
ally, a ring-shaped maximum of 𝑓𝑁(𝑃 )

𝑖⟂ can be seen around the aortic
annulus, likely reflecting the oscillatory motion of the heart, driven
by myocardial contraction, that causes a similar motion in the aorta.
Finally, the local maxima found around supraortic vessels likely reflect
the constraining action of structures inside the suprasternal area, such
as the esophagus or the trachea.

4. Discussion

In this work, an FSI-based computational model of the cardiovas-
cular segment was created using dynamic imaging data to ‘‘guide’’ the
simulation toward in-vivo information. On one hand, the mathematical
laws governing blood flow and soft tissue deformations are numerically
solved to obtain a physical characterization of the system. On the
other hand, the in-vivo measurements from a dynamic CT Angiography
scan are incorporated into the model to improve its predictions and
enhance its patient-specificity. This is done through Data Assimilation
using an algorithm inspired by Nudging. The study demonstrates that
nudging integral measurements over time, such as LV volume and area,
can accurately reproduce the main ventricular functional parameters
without needing a comprehensive electrophysiological model (Table 2).
This is significant as such measurements are readily obtainable via
non-invasive imaging techniques like echocardiography [81–83].
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Fig. 9. Spatial distribution of surface-orthogonal nudging forces 𝑓𝑁(𝑃 )
𝑖⟂ on the aorta during early systole, with periaortic structures extracted from the CT scan. Contact regions

where the aorta is in proximity to periaortic structures are highlighted with arrows. These regions seem to correspond to local maxima of the nudging force.
Additionally, the study highlights that, despite the superior morpho-
logical detail from CT scans, segmentation of the left ventricle is prone
to noise due to complex multi-scale irregularities of the myocardium.
This is caused by the presence of small-scale structures such as papil-
lary muscles, cordae tendinae and trabeculae (bottom green arrow in
Fig. 1a). Therefore, the proposed method suggests initially assimilating
integral variables to match functional parameters closely and then
incrementally incorporating local measurements based on noise levels.
Indeed, in order to achieve higher fidelity of the ventricular kinematics,
additional local measurements are necessary, as detailed in Section 3.1
and Fig. 3 where this possibility is explored by nudging also the
Lagrangian positions and displacements. In contrast to the ventricular
region, nudging of integral variables was unnecessary for the aorta due
to two reasons. Firstly, the in-silico model was capable of replicating
integral quantities like aortic compliance (𝛥𝑉𝐴𝑂) effectively even with
very low nudging intensities (Fig. 4 panels a,b,c,d). Secondly, the high-
quality images used in the study facilitated faster and more accurate
aortic lumen segmentations (top green arrow in Fig. 1a). These findings
indicate that the need for nudging may vary depending on the imaging
modality and its limitations.

To improve the efficacy of Nudging Lagrangian position measure-
ments (local variables), the accuracy of the normal and tangential
components of the displacements (with respect to the lumen boundary)
should be considered. In Chabiniok et al. [20], for example, they
use a signed distance field with respect to the lumen boundary, thus
eliminating any tangential component of the displacements. On the
other hand, employing a different imaging technique (probably in the
near future, with higher temporal and spatial resolution) and regis-
tration procedure, could enable the integration of patient-specific tan-
gential material point displacements. This data could contain relevant
physiological information such as the myocardium helical contraction
patterns or more detailed orthotropic material strains. This information
would easily be incorporated into the assimilation process without
requiring modifications to the algorithm or computational framework
(through the point-wise forces 𝐟𝑁(𝑃 )

𝑖 ).
Clinically, obtaining time-dependent Lagrangian positions of car-

diac structures is more time consuming and requires more invasive
techniques (like CT in this study) compared to simple volumetric
and area measurements. However, advancements in medical imaging
technology are continually enhancing the diagnostic capabilities and
safety of modalities like CT, making comprehensive imaging increas-
ingly accessible [14–17]. Moreover, the rapid development of Artificial
13 
Intelligence in medical imaging analysis can facilitate quicker data pro-
cessing and reduce intra/inter-observer variability of the results [89–
91]. The latter study, specifically, employs neural networks to fit
template cardiac meshes to MRI image data and directly obtain material
point displacements and meshes suitable for numerical simulations.

This research leverages high-quality CT data for its rich morpholog-
ical detail [14–17], focusing the DA process on structural information
of soft tissues. Indeed, CT allows accurate measurements of boundary
lumen deformations given its higher spatial resolution. Conversely,
modalities like 4D-Flow cardiovascular magnetic resonance [92] could
provide flow measurements and allow DA of fluid dynamics as well [28,
93,94]. Specifically, the nudging algorithm is well studied in fluid
dynamics [36,79] and recently in turbulence as well [35,95]. This
would come at the cost of a reduced spatial resolution and contrast,
even though a segmentation of the structures remains possible, as
demonstrated in Bustamante et al. [96], Garzia et al. [60], Berhane
et al. [97].

In general, the success of the reconstruction (the results of the
‘‘guided’’ simulation) will depend on the amount of information pro-
vided (how many measurements in space and in time), on its quality
(where and what we measure), and on the nudging intensity itself.
In principle, this intensity should be very large, provided that the in-
vivo measurements are perfect (zero noise) and compatible with the
simplifications of the model. However, as observed in Fig. 4, imposing
the in-vivo kinematics with high intensity (experiments NA3 and NA4)
amplifies inconsistencies between the measurements and the model.
In fact, the right intensity must be calibrated such that the system
remains inside the measurement uncertainty range and should not be
any higher to avoid these unwanted effects. It is intuitive to imagine
that, in some cases, it might be better to allow for a larger error in some
small regions to allow the system to be closer to the target globally and
obtain more physical results. Moreover, the driving in-vivo kinematics
is interpolated in time at every numerical time step, which is much
smaller than the time resolution of the CT scan (33 ms). A too strong
nudging would thus produce a non-realistic evolution of the simulation.

To reduce this effect, Moireau et al. [26], Bertoglio et al. [27] pro-
posed to introduce nudging as correction to the velocity–displacement
relation, rather than as a force applied on the mechanical system.
This approach ensures that the correction term maintains a dissipative
nature without increasing the system’s rigidity.

It is evident that determining the optimal nudging intensity is cru-
cial. However, a robust methodology for determining the right balance
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still remains uncertain. We plan to apply the proposed method in a con-
text where both structural and hemodynamic data are perfectly known
numerical mock setup) to verify the accuracy of the reconstructed
ields.

Additionally, we plan to utilize a more comprehensive cardiac
natomy, including each of the four chambers and the principal artery/
eins of the cardiovascular system, along with a detailed FSI model of
he valves. This would eliminate the spurious effects in the PV loop of

Fig. 6c that are due to slightly erroneous opening and closing timings
of the valves and their simplified dynamics. Although an initial tuning
of the valve timings was performed in order to reduce these bumps, a
precise modeling of the valves is essential for accurately reproducing
such diagrams. A key advantage of the implemented nudging strategy is
its simplicity and general applicability. It does not rely on the specific
assumptions used in this work and can be applied to more complex
cardiac models. For instance, it can cope with more detailed cardiac
anatomies, also including cardiac valves and the orthotropic nature of
he myocardium.

Finally, other kinds of Data Assimilation algorithms (such as re-
duced Kalman filters [18,78] or other variational DA techniques [23])
an be studied to evaluate their performance and test their applicability

to complex FSI simulations like the one explored in this work.
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Appendix A. Stress-free geometry computation

The soft tissue dynamics is described in Section 2.4. The initial
conditions of the structural mesh are initialized from the in-vivo model
in order to obtain anatomical personalization of the cardiac structures.
However, 𝐲̂(𝑡0) is associated with the in-vivo end-diastolic configura-
tion, i.e., to a non-stress-free state for the aorta, with a typical arterial
pressure of 80 mmHg. Consequently, 𝐲̂(𝑡0) corresponds to a pressurized
configuration and not to a stress-free one. To start the simulation
accounting for this initial ‘‘pre-stress’’, a stress-free configuration must
be estimated. This consists of an inverse problem where the final result
of the pressurization is known (the diastolic configuration), and the
14 
initial configuration must be computed. The real pressure distribution
along the walls should also be known to estimate this configuration ac-
curately. However, in our work, we acquired patient-specific data solely
from the CT scan, and consequently, the pressure load is unknown.
Therefore, we assume a homogeneous physiological diastolic pressure
of 80 mmHg and use the weighted reverse displacement method [73,
74] to find the stress-free configuration of the aortic walls. In this
procedure, the endocardium is not considered as it is assumed to be in
its unstressed configuration. The aortic wall described by 𝐲̂(𝑡0), instead,
is inflated to 80 mmHg to obtain an estimation of the displacement of
each vertex of the structure under pressure. The over-inflated geometry
is described by the positions 𝐲̂80(𝑡0) and the displacements are given by

𝛿𝐲0↦80 = 𝐲̂80(𝑡0) − 𝐲̂(𝑡0). (14)

These displacements are then used to estimate the stress-free configura-
tion 𝐲̂0(𝑡0) by inverting the sign and adding a multiplicative correction
factor 𝛼:

𝐲̂0(𝑡0) = 𝐲̂(𝑡0) − 𝛼 ⋅ 𝛿𝐲0↦80 (15)

The correct value of 𝛼 is selected by re-inflating the obtained geometry
𝐲̂0(𝑡0) to 80 mmHg and checking the vertex-to-vertex distance with
espect to the in-vivo end-diastolic geometry 𝐲̂(𝑡0). Typically, values
f 𝛼 ≃ 0.8 allow to reach the minimum distance. The final geometry

𝐲̂0(𝑡0) obtained with the correct 𝛼 is used as the initial conditions of
the structural mesh of the simulation.

Appendix B. Estimation of nudging coefficients

Selecting appropriate parameters for sequential data assimilation
methods, such as nudging, can be computationally demanding, par-
ticularly when the model requires significant computational efforts to
be numerically integrated. This appendix provides two examples for
estimating the order of magnitude of two nudging parameters used in
this study: 𝑘𝐴 for the left ventricle and 𝑘𝑃 for the aorta. These rough
estimates are derived from the system’s physical constants.

To effectively correct the dynamics, referring to Eq. (5), the nudging
force 𝐟𝑁 must be comparable to the hydrodynamic forces 𝐟𝐻 or internal
tructural forces 𝐟𝐼 acting on the system.

For the left ventricle, where the active stress is predominantly bal-
anced by internal structural forces, the nudging parameter estimation
is based on the stiffness of the structure. The surface area force 𝐟𝑁(𝐴),
responsible for counteracting elastic stiffness, can be expressed as
‖

‖

‖

𝐟𝑁(𝐴)‖
‖

‖

= 𝑘𝐴

(

𝐴 − 𝐴̂
𝐴̂

)

‖

‖

‖

‖

𝜕 𝐴
𝜕𝐲

‖

‖

‖

‖

∼ 𝑘𝐴

(

𝐴 − 𝐴̂
𝐴̂

)

𝑙
2

where 𝑙 is the average edge length of the structural mesh and 𝜕 𝐴∕𝜕𝐲 is
omputed as in Krüger [80]. The internal force is given by
‖

‖

‖

𝐟𝐼‖‖
‖

∼ 𝐸 ℎ
(

𝑙 − 𝑙0
𝑙0

)

𝑙0

where 𝑙0 is the average stress-free edge length of the structural mesh,
𝐸 the elastic modulus and ℎ the thickness of the structure, as described
in de Tullio and Pascazio [53]. Assuming a maximum strain (𝑙−𝑙0)∕𝑙0 ≃
0.5 during systole and imposing a maximum discrepancy of 5% relative
to measurement data, the equation for 𝑘𝐴 (expressing each quantity
using nondimensional units) becomes:

‖

‖

‖

𝐟𝑁(𝐴)‖
‖

‖

≃ ‖

‖

‖

𝐟𝐼‖‖
‖

⟹ 𝑘𝐴 ∼
2𝐸 ℎ

(

𝑙−𝑙0
𝑙0

)

𝑙0

𝑙
(

𝐴−𝐴̂
𝐴̂

) ∼ 800

This value is in close agreement with the values chosen for NLV2 and
NLV3 (1000).

For the aorta, where the dynamics is passive and predominantly
overned by the hydrodynamic loads 𝐟𝐻 , a reasonable estimate for the
udging constant 𝑘𝑃 is given by comparing the hydrodynamic loads
ith the point-wise nudging force

‖ 𝑁(𝑃 )‖ ‖ 𝐻‖
‖

‖

𝐟 ‖

‖

≃ 𝑘𝑃 ‖𝐲 − 𝐲̂‖av , ‖

‖

𝐟 ‖

‖

≃ 𝑝dia𝐴av
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where 𝑝dia is the average diastolic pressure (approximately 80 mmHg),
av is the average area of the structural mesh elements, and ‖𝑦 − 𝑦̂‖av

epresents the maximum average discrepancy between in-silico and in
ivo data tolerated. Setting ‖𝑦 − 𝑦̂‖av = 0.11 mm, i.e. the measurement
rror in material point positions, we obtain (expressing each quantity
sing nondimensional units):

‖

‖

‖

𝐟𝑁‖

‖

‖

≃ ‖

‖

‖

𝐟𝐻‖

‖

‖

⟹ 𝑘𝑃 ∼ 𝑝𝑑 𝑖𝑎𝐴av∕‖𝑦 − 𝑦̂‖av ≃ 12
This value closely matches the choice made for experiment NA3 (10).
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