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a b s t r a c t
We propose a fully automated parameter estimation framework for performing patientspeciﬁc hemodynamic computations in arterial models. To determine the personalized
values of the windkessel models, which are used as part of the geometrical multiscale
circulation model, a parameter estimation problem is formulated. Clinical measurements of
pressure and/or ﬂow-rate are imposed as constraints to formulate a nonlinear system of
equations, whose ﬁxed point solution is sought. A key feature of the proposed method is
a warm-start to the optimization procedure, with better initial solution for the nonlinear
system of equations, to reduce the number of iterations needed for the calibration of the
geometrical multiscale models. To achieve these goals, the initial solution, computed with
a lumped parameter model, is adapted before solving the parameter estimation problem
for the geometrical multiscale circulation model: the resistance and the compliance of the
circulation model are estimated and compensated.
The proposed framework is evaluated on a patient-speciﬁc aortic model, a full body arterial
model, and multiple idealized anatomical models representing different arterial segments.
For each case it leads to the best performance in terms of number of iterations required
for the computational model to be in close agreement with the clinical measurements.
© 2014 Published by Elsevier Inc.

1. Introduction
Blood-ﬂow computations, when used in conjunction with patient-speciﬁc anatomical models extracted from medical
images, provide important insights into the structure and function of the cardiovascular system. In recent years, these
techniques have been proposed for diagnosis, risk stratiﬁcation, and surgical planning [1–4].
Different approaches have been proposed for specifying the outlet boundary conditions, ranging from pressure or ﬂow
rate proﬁles to lumped parameter models (0D models). For an accurate patient-speciﬁc computation, the role of physiologically sound boundary conditions is well appreciated in the literature. The effect of distal vasculature is modeled by
outlet boundary conditions coupled with the computational domain (region of interest), resulting in a geometrical multiscale model. The boundary conditions are represented by lumped parameter models, which are designed to capture one

*

Corresponding author at: Transilvania University of Brasov, B-dul Eroilor nr. 29, 500036, Brasov, Romania. Tel.: +40 741029888.
E-mail addresses: lucian.itu@unitbv.ro (L. Itu), sharma.puneet@siemens.com (P. Sharma), ali.kamen@siemens.com (A. Kamen),
constantin.suciu@siemens.com (C. Suciu), dorin.comaniciu@siemens.com (D. Comaniciu).
http://dx.doi.org/10.1016/j.jcp.2014.10.034
0021-9991/© 2014 Published by Elsevier Inc.

L. Itu et al. / Journal of Computational Physics 281 (2015) 316–333

317

(or more) of the i) total resistance, ii) total compliance, and iii) the wave propagation and reﬂection effects in the distal
vasculature. The most widely used lumped parameter model is the three-element windkessel model [5], which is characterized by its simplicity (only three parameters), and ability to capture two important characteristics of the distal circulation
(compliance and resistance).
In a clinical scenario, the values of the windkessel model parameters are not available on a per-patient basis. Instead,
multiple pressure or ﬂow measurements are usually available for each patient. A clinically feasible and accurate ﬂow computation should not only be in agreement with these measurements, but should also have means to model other hemodynamic
states for the same patient. To achieve this, one has to estimate a set of personalized windkessel model parameters, while
ensuring that the computations match the measured data.
Different calibration procedures for the outlet boundary conditions have been proposed. Olufsen et al. [6] proposed a
calibration method for determining the dynamic cerebral blood ﬂow response to sudden hypotension during posture change.
Their experimental calibration procedure depends strongly on the patient-speciﬁc state, i.e. on the position of the patient.
A fully automatic optimization-based calibration method for the windkessel models was suggested [7], where the input
was speciﬁed by non-invasively acquired systolic/diastolic pressures and, in some cases, additional ﬂow data. The windkessel
parameters were obtained by solving a system of nonlinear equations, formulated based on a set of objectives for the
pressure and ﬂow rate waveforms at various locations. A Broyden method was employed for solving the nonlinear system
of equations. The initial parameters values were determined by a reduced-order model, composed of only the windkessel
models of the geometrical multiscale model.
An adjoint based method for calibrating the windkessel parameters was proposed [8], where the Jacobian was computed
without the use of ﬁnite-differences, and eliminated the risk of that the Broyden’s method would not converge for initial
guesses far away from the solution. Furthermore, a reduced-order model with resistance outlet boundary conditions was
introduced [9], under which the terminal resistance values of the arterial model of the arm were adapted to obtain desired
ﬂow rate distribution between vascular territories.
A competitive alternative to the above mentioned optimization based methods is represented by ﬁltering based methods.
These methods were successfully used to estimate different aspects of ﬂuid–structure interaction applications, like arterial
wall stiffness [10], the surrounding tissue support [11], or windkessel parameters [12].
In the current study, we propose a parameter estimation method for personalizing hemodynamic computations. The
proposed method is inspired by the approach introduced previously [7], and has been developed based on the following strategies: a warm-start of the optimization procedure with better initial solution, and a reduction in the number of
iterations performed for the calibration of the geometrical multiscale models (for simplifying phrasing, we will refer to
geometrical multiscale models simply as multiscale models). The ﬁrst strategy allows us to minimize the risk of a possible failure of the optimization approach due to a bad initial guess [8] – a fairly common occurrence for pathologic cases.
Moreover, we achieve a faster computation time for the overall estimation method by reducing the number of repetitive
iterations on the same geometry.
The parameter estimation method automatically determines the windkessel parameters, in the multiscale circulation
model, by solving a system of nonlinear equations. To obtain an initial guess, the equations are ﬁrst solved for a lumped
parameter model. The main characteristic of the proposed method is that, when switching from the lumped model to the
multiscale model, the windkessel parameters are appropriately adapted to take into account the hemodynamic properties
(resistance and compliance) of the multiscale model.
The paper is organized as follows. In Section 2, we ﬁrst brieﬂy review the three-element windkessel model and the
calibration method introduced previously [7]. Next, we introduce the proposed parameter estimation method, together with
the algorithms used for estimating and compensating the resistance and compliance of the highest order model. Section 3
presents detailed calibration results for six different computational setups, including a patient-speciﬁc aortic coarctation
(CoA) case and a full body arterial model. Results are reported for four different approaches: the calibration method for
windkessel parameters proposed previously, the parameter estimation method with resistance compensation and direct
compliance compensation, the parameter estimation method with resistance compensation and analytical compliance compensation and the parameter estimation method with resistance compensation and numerical compliance compensation.
A discussion on the methodology is presented in Section 4.
2. Methods
In this section, we describe an eﬃcient optimization-based algorithm, which ensures that the personalized ﬂow computations are in close agreement with the physiological measurements. In the present study, we use a 1D-0D reduced-order
geometrical multiscale model as proof of concept. One-dimensional models have been shown to accurately predict timevarying ﬂow rate and pressure wave forms [13]. Most of the one-dimensional models introduced in literature use elastic
wall laws [14–17], but viscoelastic arterial wall models have also been applied [18,19]. Further, recent research activities
have shown the growing interest in the one-dimensional blood ﬂow model not only for the computation of a full body
arterial model, but also for speciﬁc parts of the circulation in pathologic situations: the coronary circulation [20], the abdominal aorta [21,22], proximal part of the aorta [23], and the aortic valve [24]. The 1D model used in this study has been
previously introduced in [20,23]. Time-varying ﬂow rate proﬁles are used as inlet boundary condition, while three-element

318

L. Itu et al. / Journal of Computational Physics 281 (2015) 316–333

windkessel models were coupled at the outlets of the highest order model. The 3-element windkessel model is represented
by the following relationship between instantaneous ﬂow and pressure:

dp
dt

= Rp

dq

−

dt

p
Rd · C

+

q( R p + R d )
Rd · C

(1)

,

where p is the instantaneous pressure at the inlet of the windkessel model, q is the instantaneous ﬂow rate, R p and R d are
the proximal and distal resistance respectively, and C is the compliance.
Next, we brieﬂy review the calibration method proposed previously and introduce the proposed parameter estimation
method.
2.1. Calibration method for windkessel parameters
The calibration method automatically estimates the free parameters (windkessel parameters) to ensure that the computed
pressure and ﬂow-rate values minimize the objective function [7]. More speciﬁcally, the algorithm iteratively estimates the
total resistance of the windkessel model, R t , the proximal resistance ratio, ρ , and the time constant of the exponential
pressure decay in the windkessel model at zero ﬂow, τ :

Rt = R p + Rd,

(2)

ρ = R p /Rt ,

(3)

τ = Rd · C .

(4)

Measured pressure and/or ﬂow rate values are used as objectives of the calibration method. The parameter estimation
problem is formulated as a solution to a system of nonlinear equations, with each equation representing the residual error
between the computed and measured quantity of interest. To determine the values of all the residuals ( f (xi )), a computation
with the parameter values xi is required. Since the absolute values of the adapted parameters and of the residuals generally
differ by orders of magnitude, for the calibration method both the parameter and the objective residuals have been scaled
using typical values, as is described below.
The nonlinear system of equations is ﬁrst solved for a 0D model, composed of the windkessel models used in the
multiscale model. To ﬁnd an initial solution for the 0D model, a grid of physiological parameter value sets is considered.
The parameter value set leading to the smallest L2 norm for the objective residual, is used as initial solution for a dogleg
trust region method, which determines the solution x0 used during the subsequent steps.
Next, a ﬁxed-point approach is used to compute a ﬁnite-difference Jacobian which is determined using the typical step
sizes, and is consistent with the chosen typical values of the objective residuals. The components of the Jacobian approximations are computed as follows:

Jij =

1
typ

sj

 

f x0 +

1
2



typ

sj ej



1 typ
− f x0 − s j e j · e i ,

(5)

2

typ

where e i and e j represent the unit vectors in the ith and jth direction respectively, and s j
parameter j, given by:
typ

sj

=1



 neq

typ

Jij/ fi

is the typical step size for

(6)

,

i =1
typ

where f i is the typical value of the objective residual f i .
The process composed of Eqs. (5) and (6) is an iterative procedure which is terminated once the Euclidean norm of the
typ
typ
difference of two consecutive Jacobians, normalized by the corresponding f i and s j values, is less than 10−6 .
Next, the multiscale model is set up and run, and the objective residuals are evaluated. For the ﬁrst run with the
multiscale model, the solution variables are initialized based on the results obtained with the 0D model. Each computation,
with a given set of parameter values, is run until the L2 norms of the normalized differences between the pressure and ﬂow
rate proﬁles at the current and the previous cardiac cycle are smaller than 10−5 .
typ
If all objective residuals are smaller than the tolerance limit (taken here equal to f i /10), the calibration method is
terminated. Otherwise, a quasi-Newton method is employed to update the parameter values. First the Jacobian matrix is
updated: since the computation of a ﬁnite-difference Jacobian matrix with the multiscale model is expensive, the Jacobian
determined with the ﬁxed-point approach is updated at each iteration, using:

J i +1 = J i +

[ f (xi +1 ) − f (xi ) − J i si ]( D 2s si )T
siT D 2s si

,

where si = xi +1 − xi is the current step and D s is a diagonal scaling matrix:

(7)
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(8)

Finally, the new parameter values are estimated:
1
x i +1 = x i − J −
f (xi ).
i

(9)

The main drawback of the above described calibration method is that the hemodynamic properties of the highest order
model of the multiscale model are not taken into account when switching from the 0D model to the multiscale model. This
aspect has several consequences. First of all, the solution obtained for the 0D model, which is used as initial solution for
the nonlinear system of equations solved for the multiscale model, is considerably different from the ﬁnal solution of the
parameter values. This can lead to a failure of the minimization approach employed for the nonlinear system. Furthermore,
this risk is enhanced when the hemodynamic computation is performed for pathologic cases, i.e. when the hemodynamic
properties of the highest order model become more important compared to the properties of the 0D model. Secondly, the
number of calibration iterations required to obtain the ﬁnal solution for the parameter values increases. These repetitive
computations increase the total execution time, an aspect which is a signiﬁcant disadvantage when the calibration method
is applied for patient speciﬁc computations in a clinical setting.
2.2. Proposed parameter estimation framework
We introduce a parameter estimation method which eliminates the drawbacks of the calibration method described in
the previous section. An outline of the algorithm is illustrated in Fig. 1, which is composed of the steps described previously
and two critical steps (displayed in bold: steps 6 and 7). One of the main advantages of the proposed algorithm is that it
can be eﬃciently applied not only for healthy cases, but also for pathologic cases. The main idea is to eﬃciently account for
the hemodynamic properties of the highest order model inside the multiscale model, when switching from the 0D model to
the multiscale model. Particularly, we focus on two properties of the multiscale model: the compliance and the resistance.
At step 6, the compliance and resistances of the highest order model are estimated. These two quantities have not been
taken into account when solving the nonlinear system of equations with the 0D model. Next, at step 7, the parameter values
of the windkessel models are recomputed to account for the hemodynamic properties of the highest order model. Note that
the values of the parameters of the nonlinear system are not modiﬁed at this stage and only the windkessel parameters are
changed. The algorithms used for the estimation and compensation of the resistances and compliances are described in the
next two subsections.
As a result of the two additional steps, the parameter estimation method adapts the overall properties of the multiscale
models. For the multiscale computation, the windkessel parameters are the only quantities updated from one iteration to
the next.
The parameter estimation methods do not always use the total resistances or the compliances as calibrated parameters.
Nevertheless, regardless of the choice of parameters, the resistances and the compliances of the terminal windkessel models
are always adapted when switching from the 0D model to the multiscale model. Additionally, if the resistances or the compliance of the multiscale model are adapted directly or indirectly, the parameters of the windkessel models are recomputed
at the end of each iteration, based on the new parameter values determined through (9) and the estimated quantities of
the highest order model. If the quantities are not adapted at all, then step 7 is applied only once (an aspect indicated by
the dashed line in Fig. 1). The target objectives are: maximum pressure, P max , minimum pressure, P min , and ﬂow rate split
between outlets of the highest order model, Φ . The typical value of the residuals for pressure and ﬂow-rate split objectives
was set to 1 mmHg and 0.005 respectively.
2.3. Resistance estimation and compensation
To estimate the resistance of a healthy vascular segment for the highest order model, ( R HO )i , we assume a velocity
proﬁle:

( R HO )i =

2(γ + 2)μ

L i

π
0

1
r i4 (l)

dl

(10)

γ is the power coeﬃcient in the velocity proﬁle u = Ū γ γ+2 [1 − ( Rr )γ ], μ is the viscosity and ri is the radius. For this
work, we have chosen a parabolic proﬁle (γ = 2) without any loss of generality. Alternatively a power law proﬁle (γ = 9)
where

or a Womersley proﬁle [25] can be considered.
For a pathologic vascular segment (e.g. coarctation, stenosis) we use a comprehensive pressure-drop model to estimate
the resistance of the pathological segment. This approach was validated against catheter-based ground-truth measurements
in our previous work [23]. Since the time-varying ﬂow rate through the descending aorta is not known apriori, the resistance
of the CoA segment is computed from the average ﬂow rate (which represents an objective of the parameter estimation
method, i.e. it is known apriori):
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Fig. 1. The proposed parameter estimation method.

( R HO )i = R CoA ( Q ) =  P ( Q̄ DAo )/ Q̄ DAo ,

(11)

where  P (•) refers to the pressure drop model [23], and Q̄ DAo is the average ﬂow rate through the descending aorta.
A similar approach can also be used if the multiscale model contains stenosed arteries. Depending on the region of
interest, different pressure drop models have been proposed in the literature, e.g. coronary artery stenosis [26], femoral
artery stenosis [27], renal artery stenosis [28]. For aneurysms, a different pressure drop model [29] can be applied to
estimate the resistance.
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Eqs. (10)–(11) are used at step 6 in Fig. 1 to determine the resistance of each branch of the multiscale model. Next, we
introduce a recursive algorithm, employed at step 7, for adapting the total terminal resistances of the windkessel models,
which is used during the switch from the 0D model to the multiscale model. Let n be the number of outlets in the geometric
model, ( R t -0D ) j represents the total (sum of proximal and distal) resistance of the windkessel model used at each outlet
( j = 1..n). The objective is to estimate the total resistances at each outlet of the geometric multiscale model ( R t -MS ) j .
Algorithm 1 illustrates the recursive function used for the resistance adaptation.
Algorithm 1. adaptResistance (totalRes, vesselNr)
R t ← totalRes
i ← vesselNr
( R t -MS )i ← R t − ( R HO )i
if vessel i is a terminal vessel
return
else

( R t -0D )i ← 1



1
k

( R t -0D )k

,

k → terminal vessels downstream from vessel i

for each daughter vessel j of vessel i
Φ j ← ( R t -0D )i /( R t -0D ) j
( R t -MS ) j ← ( R t -MS )i /Φ j
adaptResistance (( R t -MS ) j , j)
end (for)
end (if)
return
The function adaptResistance is called exactly once for the root segment of the arterial tree, which recursively computes
all terminal resistances of the multiscale model. If the current segment is a terminal segment, the total terminal resistance
is determined by subtracting the multiscale resistance of the current segment from the total resistance at the root of the
vessel. If the current segment has daughter vessels, the goal is to distribute the new total resistance, ( R t -MS )i , to the outlets
of segment i, in a manner that maintains the ﬂow rate ratio in each daughter vessel. In the ﬁrst step, the total resistance of
the daughter vessels inside the 0D model is determined. Next, for each daughter vessel, using the ratio of total resistance
of current vessel to terminal resistance of the current daughter vessel (Φ j ), the new terminal resistance of the current
daughter vessel is determined (( R t -MS ) j ). If the daughter vessel j is not a terminal vessel, ( R t -0D ) j is computed using the
resistances of the downstream terminal vessels. Finally, function adaptResistance is called to further distribute the resistance
of the current daughter vessel.
Eqs. (10)–(11) are used to estimate only once the resistance of each vascular segment. If the resistances are adapted
directly or indirectly, Algorithm 1 is also applied, in a slightly modiﬁed version, at the end of each calibration iteration
performed for the multiscale model (after computing the new parameter values through (9)). Hence, the total resistances of
the 0D model used in Algorithm 1, ( R t -0D ) j , are substituted by the total equivalent resistances of the multiscale model at
each outlet of the highest order model, ( R t ) j , which is determined before applying the modiﬁed version of Algorithm 1. If
the directly or indirectly adapted resistance refers to a single outlet, ( R t ) j is set equal to this parameter value. Otherwise
the parameter value is distributed to all outlets covered by the parameter. For the current study, we use a power law:

rkm /r m
j ,

(Rt ) j = Rt ·

(12)

k

where R t refers to the adapted parameter, index k is used to iterate over all outlets covered by the adapted parameter and
m is a power coeﬃcient, whose physiological range of values is between two for large arteries [30] and three for small
arteries [31].
2.4. Compliance estimation and compensation
To estimate the compliance of a vascular segment i of the highest order model in the multiscale model, (C HO )i , we use
the material properties of the arterial wall:

L i
(C HO )i =

3π r i2 (l)
2

0

·

r i (l)
E i · hi

dl,

(13)

where E i is the Young’s modulus and h i is the wall thickness. Alternatively, also the method proposed by Ismail et al. [8]
can be used. Most of the compliance in an arterial/venous tree resides in the large vessels, hence the compliance of the
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Fig. 2. (a) Classic representation of the multiscale model; (b) the compliance of the highest order model is lumped into a 0D compliance at outlet j placed
before the windkessel model; (c) the compliance of the highest order model is ported inside the windkessel element; (d) classic representation of the
windkessel model.

highest order model may become signiﬁcant compared to the compliance of the windkessel elements, especially
when using

domains with large arteries. Next, the total compliance of the highest order model is determined C HO = i (C HO )i , which is
then distributed to the outlets of the geometric model:

(C MS-a ) j = C HO · r 2j

n



r 2j .

(14)

j =1

where (C MS-a ) j represents the assumed additional compliance introduced at each outlet of the highest order model inside
the multiscale model. The goal is to determine the compliance of the windkessel models, (C MS ) j , so as to obtain for the
multiscale model the same total compliance as the one used for the 0D model, (C 0D ) j . Fig. 2 introduces different representations for the compliance of the multiscale model, alongside the 0D model.
Fig. 2(a) displays the classic representation of the multiscale model, composed of the highest order model and the
terminal windkessel element. In Fig. 2(b), the compliance of the highest order model is lumped into a 0D compliance
at outlet j , (C MS-a ) j , placed before the windkessel model. To determine the compliances of the windkessel elements of the
multiscale model, (C MS ) j , (C MS-a ) j is ported inside the windkessel model, as displayed in Fig. 2(c). For the models in Fig. 2(c)
and Fig. 2(d) to be equivalent, the following relationship must hold:

(C MS ) j = (C 0D ) j − (C MS-a-WK ) j .

(15)

Hence, to determine (C MS ) j , (C MS-a-WK ) j must be computed. (C MS-a-WK ) j represents the assumed additional compliance
introduced by the multiscale model at outlet j and ported inside the three-element windkessel model. Three different
approaches were tested for computing (C MS-a-WK ) j .
Approach 1 – Direct compliance compensation. The inﬂuence of the proximal resistance of the windkessel model is neglected:

(C MS-a-WK ) j = (C MS-a ) j .

(16)

Approach 2 – Analytical compliance compensation. Approach 1 does not take into account the fact that the proximal
resistance of the windkessel element diminishes the inﬂuence of the compliance. Thus, following a method proposed previously [32]:

(C MS-a-WK ) j = (C MS-a ) j / 1 − ( R p -MS ) j /( R t -MS ) j ,

(17)

where ( R p -MS ) j is the proximal resistance of the windkessel model at outlet j of the highest order model.
Approach 3 – Numerical compliance compensation. Thirdly, we propose a numerical approach based on the pulse pressure
method (PPM) [33], which is described in Algorithm 2. PPM has been introduced to estimate the compliance downstream
of a location in an arterial tree, at which the time-varying ﬂow rate values and the average and pulse pressure are known.
In the following we use a modiﬁed PPM, based on a three-element windkessel model (PPM-WK3) which replaces the
two-element windkessel model in the original PPM.
Algorithm 2. PPM-based compliance compensation
for each terminal vessel j
Run computation with two element WK model (( Q 0D (t )) j , ( R t -MS ) j , (C MS-a ) j ) → (PP ref ) j
Initialize PPM-WK3 → ( Q 0D (t )) j , ( R p -MS ) j , ( R d-MS ) j , (C MS-a ) j , (PP ref ) j
Run PPM-WK3 → (C MS-a-PPM ) j
(C MS-a-WK ) j ← (C MS-a-PPM ) j
end (for)
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First, a two-element windkessel model is used to determine a reference pulse pressure, (PP ref ) j , using the ﬂow rate proﬁle
obtained at outlet j of the highest order model during the last computation performed with the 0D model, ( Q 0D (t )) j , the
total resistance at outlet j after resistance compensation, ( R t -MS ) j , and the assumed additional compliance introduced at
outlet j, (C MS-a ) j . Next, PPM-WK3 is initialized and run, and as a result the compliance value, to be subtracted in Eq. (15)
from the compliance used inside the 0D model, is determined.
Approaches 1–3 are used to estimate only once the assumed additional compliance introduced by the multiscale model
at each outlet j of the highest order model. If the compliance of the multiscale model is adapted directly or indirectly, the
compliance values of the windkessel elements are recomputed at each calibration iteration performed for the multiscale
model. In this case, considering C the total compliance of the multiscale model, this value is ﬁrst distributed to the outlets
of the highest order model, using a relationship similar to (14):

(C MS-t ) j = C · r 2j



n

r 2j ,

(18)

j =1

where (C MS-t ) j represents the total equivalent compliance of the multiscale model at each outlet of the highest order model.
For the recomputation of the windkessel compliance, a relationship similar to (15) is employed:

(C MS ) j = (C MS-t ) j − (C MS-a-WK ) j .

(19)

Compliance compensation is always performed after resistance compensation.
3. Results
To evaluate the performance of the proposed parameter estimation method, next we present results for patient-speciﬁc
and multiple idealized anatomical models representing distinct arterial segments, and for a full body arterial model. The ﬁrst
case is a patient-speciﬁc aortic coarctation model extracted from MRI images. The parameter estimation method ensures that
the computational setup is personalized, and, consequently, computed pressure and ﬂow values are in close agreement with
the clinical measurements. The second case is a full body arterial model, whereas the parameter estimation method ensures
that the computed systolic and diastolic pressure values, and the average ﬂow rate distribution to each outlet of the highest
order model match the reference values. The remaining cases are based on idealized arterial geometries [7], to analyze the
role of different cost-functions and constraints.
Results are reported for four different parameter estimation methods: the calibration method for windkessel parameters
(WKC) [7], the parameter estimation method with resistance compensation and Direct Compliance compensation (DC), the
parameter estimation method with resistance compensation and Analytical Compliance compensation (AC), and the parameter estimation method with resistance compensation and Numerical Compliance compensation (NC).
Blood is modeled as an incompressible Newtonian ﬂuid with a density of 1.050 g/cm3 and a dynamic viscosity of
0.040 dynes/(cm2 s). The grid size is 0.05 cm, while the time-step (limited by the CFL-condition) is set equal to 2.5e−5s.
3.1. Patient-speciﬁc ﬂow computation for aortic coarctation
Several CFD-based methods for non-invasive assessment of trans-stenotic pressure gradient have been proposed recently
[23,34–36]. For an accurate patient-speciﬁc estimation, the CFD-based solution should be in close agreement with the
measured pressure and ﬂow-data, a task that requires automatic calibration of the boundary conditions.
The patient-speciﬁc anatomical model [37] is composed of the ascending aorta, three supra-aortic branches, aortic arch,
coarctation, and the descending aorta (Fig. 3(a)). Fig. 3(b) displays the multiscale model corresponding to the CoA patientspeciﬁc geometry. A measured ﬂow rate proﬁle is provided at the inlet, while time-averaged ﬂow-splits are provided for
each of the outlets of the geometric model. The objective is to compute the pressure drop across the coarctation, under the
constraint that the CFD-based solutions should i) maintain the same ﬂow-split at each outlet as with the measured data,
and ii) replicate the measured systolic and diastolic pressure in the aorta. Fig. 3(c) displays the corresponding 0D model.
To build the discretized geometric mesh required for the blood ﬂow computation, we ﬁrst used the vascular modeling
toolkit (vmtk [38]) to extract the centerline and the cross-sectional areas along the centerline of each arterial segment. Next
we used an approach similar to previously introduced ones [39], wherein for each vessel of the arterial model, we used
several distinct 1D segments with spatially varying cross-sectional area values in order to obtain a geometry close to the 3D
geometry acquired through MRI.
Given the high compliance of the ascending aortic wall, this example underlines the advantages of a compliance compensation. At the same time, it also demonstrates the advantages of the resistance compensation for high resistance segments,
such as the coarctation.
The parameters to be estimated are the total resistances of the three supra-aortic vessels and of the descending aorta,
and the total compliance. The following system of nonlinear equations is numerically solved to obtain the optimum value
of each parameter:
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Fig. 3. (a) Proximal aorta geometry with coarctation, (b) Multiscale model used for determining the windkessel parameter values of the patient-speciﬁc
model, (c) 0D model used during the ﬁrst steps of the model personalization algorithm for ﬁnding an initial solution of the parameter values.
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,
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0

where P max is the maximum (systolic) pressure, P min is the minimum (diastolic) pressure, (Φ)• represents a ﬂow rate split,
while (•)comp refers to a value computed using the 0D/Multiscale model, and (•)ref refers to the reference value. Index BC
refers to the brachiocephalic artery, LCC to the left common carotid artery and DAo to the descending aorta. The reference
systolic and diastolic pressures (115 mmHg and 65 mmHg respectively), and the reference ﬂow-rate splits are taken from
literature data [37]. Only three of the four ﬂow rate splits are used as objectives in (20) since the fourth one is obtained as
difference. The characteristics of the pressure waveform are determined at the outlet of the left subclavian artery [36].
One of the estimated total resistances corresponds to several outlets (R t -BC represents the equivalent total resistance of
the right subclavian artery and the right common carotid artery). Hence, before applying Algorithm 1, at the end of the
calibration iterations performed for the multiscale model, the total equivalent resistance of the multiscale model at each of
the two outlets of the brachiocephalic artery is determined using (12), with a power coeﬃcient equal to two. The proximal
resistance of each windkessel model is set equal to the characteristic resistance and was maintained constant throughout
the parameter estimation method.
Since total resistance is adapted directly, Algorithm 1 is applied both when switching from the 0D model to the multiscale model, and during each additional calibration iteration performed for the multiscale model. Since compliance is also
adapted directly, (14) and (15) are used for the initial compliance compensation, and (18) and (19) are applied at each
further calibration iteration.
The objective and parameter values obtained with the four different parameter estimation methods are displayed in
Fig. 4. Whereas three iterations are required with the WKC method, two iterations are required with the DC and AC methods,
and only one iteration is required with the NC method.
With any of the proposed parameter estimation methods, the objective and parameter values are signiﬁcantly closer to
their reference/ﬁnal values. When the WKC method is used, the pulse pressure at iteration 0 is signiﬁcantly smaller than
the reference pulse pressure, caused by the additional compliance of the highest order model (especially the initial diastolic
pressure is considerably closer to the ﬁnal value). This aspect is also reﬂected by the fact that the compliance value at
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Fig. 4. Parameter estimation progression for the proximal aorta model. The total resistance of each of the three supra-aortic branches, the total resistance
of the descending aorta windkessel model and the sum of all compliances were the adapted parameters. The desired mean fractions of ﬂow through
supra-aortic branches and through the descending aorta were used as objectives, besides systolic and diastolic pressure.

iteration 0 is signiﬁcantly closer to its ﬁnal value for the proposed methods. Furthermore all initial computed ﬂow rate
split values are closer to their ﬁnal values. This is mainly caused by the signiﬁcantly improved initial estimate of the total
resistance on the descending aorta R t -DAo .
As opposed to the objectives, where the ﬁnal values are identical for all four parameter estimation methods, the ﬁnal
parameter values are different for the two methods. This is caused by the fact that the herein introduced methods adapt the
overall properties of the multiscale model, whereas the WKC method adapts directly the parameters of the three-element
windkessel models. Hence, although the parameter values of the two methods at iteration 0 are identical, the values of the
windkessel parameters are in fact different. The initial estimate of R t -DAo for the proposed parameter estimation methods is
superior since (11) is employed for computing the resistance of the CoA segment.
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Fig. 5. Comparison of the pressure proﬁles at the outlet of the left subclavian artery of the proximal aorta model, corresponding to the initial solution of
the NC method, the initial solution of the WKC method and the ﬁnal solution.

Table 1
Comparison of reference and computed ﬂow rate split values.
Artery

Reference ﬂow split
[%]

Computed ﬂow split (NC)
[%]

Brachiocephalic artery
Left common carotid artery
Left subclavian artery
Descending aorta

25.6
11.3
4.26
58.8

25.6044
11.3022
4.3009
58.7925

Table 2
Final values of the adapted parameters for four different parameter estimation methods applied for the nonlinear system in (20).
Parameter estimation
method

( R t -BC )ﬁnal
[g/(cm4 s)]

( R t -LCC )ﬁnal
[g/(cm4 s)]

( R t -LS )ﬁnal
[g/(cm4 s)]

( R t -DAo )ﬁnal
[g/(cm4 s)]

(C )ﬁnal
[10−6 cm4 s2 /g]

NC
AC
DC
WKC

8711.3
8720.0
8718.8
8665.7

19 710.6
19 730.8
19 728.2
19 615.9

51 541.6
51 595.4
51 587.6
50 715.9

3698.0
3700.7
3700.0
3555.4

308.71
304.63
294.18
216.14

Table 3
Compensated CoA resistance and compliance values for four different parameter estimation methods applied for the nonlinear system in (20) (RS – right
subclavian artery, RCC – right common carotid artery, LCC – left common carotid artery, LS – left subclavian artery).
Parameter estimation
method

R CoA

C MS-a-WK [10−6 cm4 s2 /g]

[g/(cm4 s)]

RS

RCC

LCC

LS

DAo

NC
AC
DC
WKC

125.17
125.17
125.17
0. 0

18.15
17.45
15.44
0.0

9.679
0.245
8.097
0.0

13.23
12.77
11.48
0 .0

5.830
5.442
4.700
0.0

45.68
44.37
38.85
0.0

Fig. 5 displays a comparison of the pressure proﬁles at the outlet of the left subclavian artery, corresponding to the initial
solution of the WKC method, the initial solution of the NC method and the ﬁnal solution (identical for both parameter
estimation methods). The initial solution refers to the results obtained at iteration zero with the multiscale model. The
initial solution provided by the NC method is clearly superior to the initial solution provided by the WKC method and
almost identical to the ﬁnal solution.
Table 1 compares the reference and the computed ﬂow rate split values (obtained with the NC method): the values match
almost perfectly. Table 2 and Table 3 display for each parameter estimation method the ﬁnal values of the adapted parameters and the compensated multiscale compliance and CoA resistance values respectively. The compensated compliance is
highest for the NC method. Importantly, the sum of the ﬁve compensated compliance values reﬂects the difference between
the ﬁnal total compliance values obtained with the proposed parameter estimation methods and with the WKC method.
Furthermore, the compensated CoA resistance (R CoA ) roughly reﬂects the difference between the ﬁnal total resistance value
on the descending aorta ( R t -DAo ) obtained with the proposed methods and with the WKC method.
The computed average pressure drop across the coarctation is 4.12 mmHg, while the peak pressure difference is of
16.88 mmHg, both in the range of the values reported for the challenge [36].
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Fig. 6. The full body arterial model composed of 29 arteries [15]. A time-varying ﬂow rate proﬁle is prescribed at the inlet, while the microcirculation
downstream from each outlet is lumped into three-element windkessel models.

3.2. Full body arterial ﬂow computation
One-dimensional blood ﬂow models have been shown to be able to accurately predict pressure and ﬂow rate waveforms
in full body arterial ﬂow computations. The full body arterial model used herein is composed of 29 arteries (Fig. 6) [15].
The objectives of the parameter estimation procedure were the maximum pressure (128 mmHg), the minimum pressure
(70 mmHg) – both determined in the left subclavian artery, and the ﬂow rate split values at the 15 outlets of the geometric
model (the reference values were taken from [15]). Only fourteen of the ﬁfteen ﬂow rate splits are used as objectives since
the ﬁfteenth one is obtained as difference.
The parameters to be estimated are the total resistance at each outlet and the ratio of proximal to total resistance (the
same ratio is used at each outlet). The following system of nonlinear equations is numerically solved to obtain the optimum
value of each parameter:

⎫ ⎧ ⎫
⎧
( P max )comp − ( P max )ref ⎪ ⎪ 0 ⎪
⎪
⎪
⎪
⎪ ⎪
⎪ ( P min )comp − ( P min )ref ⎪
⎪
⎪
⎪
⎪
⎪0⎪
⎪
⎬ ⎪
⎬
⎜
⎟ ⎪
⎨
⎨ ⎪
0
(Φ3 )comp − (Φ3 )ref
⎜ ... ⎟
f⎜
=
,
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⎜ R t28 ⎟ ⎪
⎪ ⎪
⎪
⎪ (Φ4 )comp − (Φ4 )ref ⎪
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...
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⎩0⎪
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⎛

⎞

R t3
⎜ R t4 ⎟

(21)

where P max is the maximum (systolic) pressure, P min is the minimum (diastolic) pressure, (Φ)• represents a ﬂow rate split.
Indices 3 to 29 refer to the outlets in the geometric model. ( P max )comp and ( P min )comp were determined in the middle of
segment 8.
Since total resistance is adapted directly, Algorithm 1 is applied both when switching from the 0D model to the multiscale model, and during each additional calibration iteration performed for the multiscale model. The compliance is not
adapted, neither directly or indirectly. Hence, compliance compensation is performed only once, through (14) and (15).
The ﬁrst three objective and parameter values obtained with the four different parameter estimation methods are displayed in Fig. 7. Whereas four iterations are required with the WKC method, only three iterations are required with the NC,
AC and DC methods.
With any of the proposed methods the objective and the parameter values are signiﬁcantly closer to their reference/ﬁnal
values. When the WKC method is used, the pulse pressure at iteration 0 is signiﬁcantly smaller than the reference pulse
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Fig. 7. Parameter estimation progression for the full body arterial model. The total resistance at each outlet of the geometric model and the proximal
resistance fraction were the adapted parameters. Systolic pressure, diastolic pressure and the desired mean fractions of ﬂow through each outlet were used
as objectives.

Table 4
Compensated multiscale compliance values at each outlet of the geometric model and ﬁnal proximal resistance fraction values for four different parameter
estimation methods, WKC, DC, AC and NC, applied for the nonlinear system in (21).
Quantity

Branch

NC

AC

DC

WKC

C MS-a-WK [10−6 cm4 s2 /g]

3
4
6
8
10
12
14
16
18
22
23
24
27
28
29

31.436
26.136
26.141
31.391
33.255
35.748
23.500
23.500
12.038
13.340
14.292
48.246
13.448
14.830
53.124

24.951
20.944
20.956
24.956
25.981
28.110
18.336
18.337
9.364
10.667
10.678
32.444
10.663
10.673
32.427

22.257
18.758
18.758
22.257
23.366
25.272
16.487
16.487
8.412
9.571
9.571
29.076
9.571
9.571
29.076

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

(ρ )ﬁnal

–

0.06669

0.06569

0.075111

0.053852

pressure, caused by the additional compliance of the highest order model. The initial computed ﬂow rate split values are
closer to their ﬁnal values, an aspect which is determined by the resistance estimation and compensation.
Table 4 displays for the parameter estimation methods the compensated multiscale compliance at each outlet of the
geometric model and the ﬁnal values of the proximal resistance fraction. At each outlet the compensated compliance is
highest for the NC method and the ﬁnal value of the proximal resistance fraction is closer to the initial value (0.1) for the
proposed methods, compared to the WKC method.
3.3. Idealized artery models
To analyze the role of different cost-functions and constraints, and characterize the performance of the proposed model
personalization algorithms, next we present brief results on four idealized arterial geometries. For the ﬁrst three calibration
processes, different parameters of an idealized common carotid artery model were adapted to achieve desired maximum and
minimum pressure values (Fig. 8(a)), set to 120 mmHg and 80 mmHg respectively. The fourth calibration process focuses
on an idealized iliac arterial bifurcation and adds a third objective in terms of the average ﬂow rate split between the
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Fig. 8. (a) Idealized common carotid artery model and corresponding inlet ﬂow rate proﬁle; (b) Idealized iliac bifurcation model and corresponding inlet
ﬂow rate proﬁle.

two daughter vessels (Fig. 8(b)). The characteristics of the pressure waveform are determined at the inlet of the multiscale
model, and a Young’s modulus of 5 · 106 g/(cm s2 ) and a vessel wall thickness of 0.1 cm were used.
The system of nonlinear equations for the common carotid artery model is formulated as follows for the three different
calibration conﬁgurations:



f

Rt
C /ρ /τ



=

( P max )comp − ( P max )ref
( P min )comp − ( P min )ref





=

0
,
0

(22)

whereas the total resistance and the compliance, the proximal resistance fraction or the time constant of the windkessel
model are used as adapted parameters. When the compliance is adapted directly (the proximal resistance fraction is ﬁxed),
(15) and (16) are used for the initial compliance compensation, and (19) and (20) are applied at each further calibration
iteration. When the proximal resistance fraction is used as calibration parameter, the compliance is not adapted, neither
directly or indirectly. Hence, compliance compensation is performed only once, through (14) and (15). Finally when the
time constant is calibrated, since the time constant is given by the compliance and the distal resistance, compliance is
adapted indirectly.
With any of the proposed methods, the objective and parameter values are signiﬁcantly closer to their reference/ﬁnal
values (Fig. 9 displays the objective and parameter values for the ﬁrst conﬁguration). Table 5 displays for each conﬁguration
and parameter estimation method the ﬁnal values of the adapted parameters and the compensated multiscale compliance
and resistance values respectively. Only one iteration is required with the DC, AC and NC methods whereas two or three
iterations are required for the WKC method.
For the ﬁrst calibration conﬁguration, the compensated multiscale compliance is highest for the NC method, and, overall,
the compensated multiscale compliances reﬂect the difference between the ﬁnal total compliance values obtained with the
proposed methods and with the WKC method.
For the second calibration conﬁguration, the additional compliance introduced by the highest order model leads to
signiﬁcant changes for the proximal resistance ratio, which is increased substantially by the WKC method. Note that a
higher proximal resistance ratio leads to a smaller effective compliance for the windkessel model. Hence, the WKC method
compensates for the additional compliance by increasing the proximal resistance ratio.
For the third calibration conﬁguration, the additional compliance introduced by the highest order model leads to significant changes for the time constant, which is decreased substantially for the WKC method. This aspect can be explained
as follows: the time constant is directly proportional to the compliance, and, since the distal resistance of the windkessel
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Fig. 9. Parameter estimation progression for the common carotid artery model with a chosen proximal resistance fraction. The total resistance and the
compliance of the windkessel model were the adapted parameters. Reference systolic and diastolic pressures were the objectives. Results are compared for
four different parameter estimation methods: WKC, DC, AC and NC.

Table 5
Final values of the calibrated parameters and of the compensated quantities for four different parameter estimation methods, WKC, DC, AC and NC, applied
for the nonlinear system in (22) representing three different conﬁgurations of the common carotid artery.
Calibration
parameters

Parameter
estimation
method

( R t )ﬁnal
[g/(cm4 s)]

(C )ﬁnal
[10−6 cm4 s2 /g]

(ρ )ﬁnal

(τ )ﬁnal
[s]

[10−6 cm4 s2 /g]

C MS-a-WK

Iterations

[g/(cm4 s)]

R t and C

NC
AC
DC
WKC

21 921
21 921
21 921
21 799

17.494
17.353
16.666
13.091

0.1600
0.1600
0.1600
0.1600

0.32213
0.31953
0.30688
0.23971

122.27
122.27
122.27
0 .0

4.430
4.293
3.606
0.0

1
1
1
3

R t and

ρ

NC
AC
DC
WKC

21 913
21 913
21 915
21 802

15.000
15.000
15.000
15.000

0.0764
0.0771
0.0878
0.2158

0.30358
0.30335
0.29986
0.25646

122.27
122.27
122.27
0. 0

3.856
3.841
3.606
0.0

1
1
1
2

R t and

τ

NC
AC
DC
WKC

21 922
21 923
21 922
21 799

17.563
17.412
16.706
13.151

0.1600
0.1600
0.1600
0.1600

0.32342
0.32065
0.30763
0.24081

122.27
122.27
122.27
0 .0

4.463
4.316
3.606
0.0

1
1
1
3

R HO

model is given by the constant proximal resistance ratio and by the total resistance, a smaller time constant is equivalent to
a smaller compliance. Hence, the WKC method compensates for the additional compliance by decreasing the time constant.
For the iliac bifurcation, the system of nonlinear equations was formulated as follows:


f

R t -ext
R t -int

ρ

!
=

( P max )comp − ( P max )ref
( P min )comp − ( P min )ref
(Φ)comp − (Φ)ref

"

! "
=

0
0
0

.

(23)

The reference ﬂow rate split value was determined based on the square law of the radiuses [30] for large arteries: (Φ)ref =
Q ext /( Q ext + Q int ) = 0.719. The compliances at the two outlets of the highest order model are chosen and are not adapted,
neither directly or indirectly.
Whereas two iterations were required with the WKC method, only one iteration was required with the DC, AC and NC
methods. The ﬁnal value of parameter ρ is higher for the WKC method (Table 6).
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Table 6
Final values of the adapted parameters and of the compensated compliance for four different parameter estimation methods applied for the nonlinear
system in (23).
Parameter estimation
method

( R t -ext )ﬁnal
[g/(cm4 s)]

( R t -int )ﬁnal
[g/(cm4 s)]

(ρ )ﬁnal

NC
AC
DC
WKC

30 625
30 625
30 621
30 450

78 360
78 360
78 349
77 736

0.050129
0.050133
0.050239
0.052197

C MS-a-WK [10−6 cm4 s2 /g]
Ext. Iliac

Int. Iliac

3.376
3.371
3.222
0.0

1.319
1.316
1.258
0.0

Iterations

1
1
1
2

4. Discussion
The results presented in the previous section demonstrate the advantages of the model personalization algorithm, which
leads to superior calibration results for the patient-speciﬁc CoA geometry, the full body arterial model and the idealized
arterial models. The initial solutions with the multiscale models are improved for all six conﬁgurations and the number of
calibration iterations is reduced by a factor of up to 3. The DC and AC methods are easier to implement and computationally
faster due to their analytical nature. Given the high computational cost associated with multiscale models, the additional
execution time for the NC method, compared to the DC and AC methods, is negligible. Since the NC method has the best
performance, we consider this variant of the proposed parameter estimation method to be the most eﬃcient. Note that the
conﬁgurations of the 0D model and the multiscale model are not affected by the additional steps in the proposed parameter
estimation method, and the framework developed for the WKC method can be completely reused.
The geometrical multiscale framework for the aortic model is useful for modeling multiple pathologies. Recently, we validated (with in-vivo measurements) a reduced-order multiscale model for the non-invasive assessment of aortic coarctation
[23]. A fully automated parameter estimation method was proposed for personalizing the hemodynamic computations. The
goals of this estimation method were to match the patient-speciﬁc average aortic pressure, the ﬂow distribution between
supra-aortic arteries and the descending aorta, and to determine the aortic wall properties. Excellent validation results were
obtained for the non-invasive computation of the trans-coarctation peak-to-peak pressure-gradient.
The conﬁguration used in the previous section for the CoA geometry provides the possibility to enhance the personalization of the hemodynamic computations by matching not necessarily the mean arterial pressure, computed from the
systolic and diastolic pressure, but directly the two cuff-based pressures. Matching the ﬂow rate split for the descending
aorta is crucial since the trans-coarctation pressure-drop is highly dependent on the ﬂow rate through the descending aorta.
Previously only the average ﬂow rate was considered, but, using an automated parameter estimation method, the maximum
and/or minimum ﬂow rate can also be constrained.
The proposed parameter estimation method provides signiﬁcant advantages when the multiscale model is an FSI model
(when rigid wall models are used, only the resistance compensation is required). For the non-invasive assessment of aortic
coarctation FSI modeling is required: since the trans-coarctation pressure gradient is computed as a peak-to-peak pressure
difference between the ascending aorta and the descending aorta, the pressure drop is not mainly determined by the
maximum ﬂow rate and the geometry, but by the complex interaction between these two aspects, the phase lag introduced
by the compliance, the wave propagation speed, and the backward traveling pressure and ﬂow rate waves. Furthermore,
the wall properties can also be used as adapted parameters in order to match a speciﬁc feature of the wave propagation
aspects.
The conﬁguration used in the previous section for the full body arterial model indicates that minimization based methods perform well even when the number of calibrated parameters is relatively high (16 parameters are used in (21)). The
parameters used in (21) represent directly adapted parameters. In fact, all resistances of the windkessel models are calibrated, not independently, but indirectly through the total resistance values and the proximal resistance fraction. Moreover,
by calibrating the proximal resistance fraction, the impact of the compliances of the windkessel models is also changed.
Hence although only 16 parameters are calibrated directly, in fact the impact of all 45 windkessel parameters is adapted by
applying the parameter estimation methods. To be able to calibrate more parameters directly, a higher number of patientspeciﬁc measurements is required.
Parameter estimation methods for model personalization are not only useful for performing patient-speciﬁc computations using measured data, but also to perform computations for other conditions, like exercise, drug-induced hyperemia,
or post surgical intervention. Patient-speciﬁc computations for CoA patients corresponding to the exercise state were reported previously [35], where time-varying and average trans-coarctation pressure gradient, wall shear stress and oscillatory
shear index parameters were analyzed. Parameter estimation methods provide the possibility to enhance the value of such
(predictive) computations by imposing different changes for the reference values, compared to the rest state. For example,
different elevations of mean or systolic aortic pressure, or of ﬂow rate through the descending aorta could be imposed.
Such an approach would eliminate the risks and the costs involved in measuring these quantities in-vivo. Regarding treatment planning evaluation, parameter estimation methods are useful for imposing a certain post-interventional state for the
hemodynamic computation, which then enables an accurate assessment of the treatment options.
Our study has a series of limitations. The parameter estimation method has only been tested with a reduced-order multiscale model and not with a full-order multiscale model. The procedures proposed for the estimation and compensation of
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the resistances and compliances though can also be applied for the calibration procedures performed with full-order multiscale models. The velocity proﬁle of the reduced-order model was known apriori, leading thus to good estimations of the
resistance through (10). With a full-order model, the velocity proﬁles are not known apriori and, for unsteady simulations,
the resistances should be estimated using a Womersley proﬁle. On the other hand though, we have seen that from the
two hemodynamic properties considered, the compensation of the compliance is more important than the compensation
of the resistance for improving the calibration results (unless a pathologic vessel is encountered, case in which a different approach is used for estimating the resistance). Furthermore, the inertance, a third important hemodynamic property,
alongside resistance and compliance, has not been considered when switching from the 0D model to the multiscale model.
The inertance effects are particularly important in the large arteries and the compensation of this property could lead to
better initial solutions with the multiscale model.
5. Conclusions
In this paper, we have introduced a fully automated parameter estimation method for personalizing geometrical multiscale blood ﬂow computations in healthy and pathologic arterial geometries.
Three different variants of the proposed parameter estimation method were evaluated on a patient-speciﬁc aorta model
with coarctation, a full body arterial model and four idealized arterial geometries. The best performing method was the
parameter estimation method with resistance compensation and numerical compliance compensation, which is based on a
modiﬁed pulse pressure method for the estimation of the compliances of the highest order model. The number of calibration
iterations with the geometrical multiscale model was reduced for all six conﬁgurations considered herein.
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