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Abstract

The characterization of blood flow dynamics inside hu-
man vessels is essential for the personalised prediction and
monitoring of cardiovascular risk. Accuracy is limited by
the difficulty in the estimation of parameters of clinical rel-
evance such as the Pulse Wave Velocity (PWV) and the
evolution of the cross-sectional area and flow rate waves.
In this work, we use Physics-Informed Neural Networks
(PINNs) to simultaneously predict the propagation of non-
linear waves inside arterial vessels as well as to estimate
the PWV, in combination with a cost-effective PINN-based
one-dimensional (1D) blood flow model. When departing
from in-silico data derived from a 1D hemodynamic model,
results reveal that highly precise estimates of the PWV (er-
rors of 4%± 2.5%) and accurate cross-sectional area and
flow rate wave propagation predictions (errors of ±2%)
can be obtained by training the algorithm with blood flow
velocity data pertaining exclusively to one virtual single
sensor, showing the potential relevance of PINNs in the
prediction of inverse problems in cardiovascular systems.

1. Introduction

Vascular aging is considered to be a measure of clinical
interest. Aortic pulse wave velocity (PWV) is an hemo-
dynamic index used to measure aortic stiffness that has
been found to be an independent predictor of cardiovas-
cular events and all-cause mortality [1].

Recent advances in computational vascular modelling
endorse the use of numerical methods for the description
of blood flow in whole-body close circulatory system, fol-
lowing a 1D approach. These 1D models [2] offer an accu-
rate representation of hemodynamics, capturing the essen-
tial physics of blood circulation while remaining inexpen-
sive and significantly faster than their three-dimensional
counterparts.

Current research efforts aim to elucidate ways of bridg-

ing the gap between computational efficient and real-time
in-the-loop applicability (digital twins), by putting forward
customized 1D approaches that require a detailed descrip-
tion of the PWV in the different vessels [3] of the arterial
tree.

In this work we make use of 1D predictive models in
combination with PINNs to simultaneously: a) evaluate
the prediction of the propagation of waves inside a blood
vessel, as compared with an advanced numerical method,
and b) infer the PWV inside the blood vessel from in-silico
measurements in a very small data regime.

2. Methods

2.1. 1D Mathematical Models in blood ves-
sels

1D blood flow models are used to represent the essential
physical features of the propagation of pressure and flow
waves in compliant vessels and consist of a system of two
coupled Partial Differential Equations (PDEs) comprising
the mass and momentum conservation equations:
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where t is the time, x is the axial coordinate along the ves-
sel, A(x, t) is the local cross-sectional area, Q = Au is
the volume flow rate with u(x, t) the cross sectional av-
erage velocity in the axial direction, p(x, t) is the average
internal pressure over the cross section expressing the re-
sponse of the vessel wall deformation to pressure varia-
tions (see Figure 1a). The blood density is referred to as
ρ, and a blunt velocity profile is assumed in this work by
using κ = 1.

This system of equations is closed with a pressure-area
relation of the form
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p(x, t)− pe(x, t) = ptr, (2)

where pe is the external pressure, and ptr is the elastic
transmural pressure. For the sake of simplicity, we will
consider pe(x, t) = 0, hence p(x, t) = ptr. The elas-
tic transmural pressure depends on the vessel stiffness K0,
the diastolic area A0 = A0(x) and the reference pressure
p0 = p0(x). It is assumed of the form

ptr = K0σ+ p0, σ =

(
A

A0

)m

−
(

A

A0

)n

= am − an,

(3)
with a = A/A0 and σ the dimensionless transmural pres-
sure difference. Transmural pressure for arteries is defined
setting m = 1/2 and n = 0.

The vessel stiffness is related to the PWV as:

PWV =

√
K0

ρ
(m− n) (4)

These equations can be nondimensionalized by choos-
ing a′ = A

A0
, x′ = x

L , t′ = t
T , U = L

T , q′ = Q
A0U

,
k′ = K0

K , with L the length of the vessel and T a charac-
teristic time.
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The closure model is also nondimensionlized as:

p′ =
k′Kσ

ρU2
+

p0
ρU2

, σ = (a′)m − (a′)n, (6)

Figure 1a depicts an isolated vessel, which will serve
as case study throughout the remainder of this work. The
model vessel is discretized into a number of cells, wherein
the values of cross-sectional area (A), flow rate (Q) and
pressure (p) are defined as piece-wise uniform variables.

2.2. Physics-Informed Neural Networks:
Vanilla PINN

Physics-Informed Neural Networks incorporate the gov-
erning physical laws directly into the neural network archi-
tecture. The term vanilla PINN refers to the original algo-
rithm as proposed in [4] for the integration of the PDEs
into the neural network model.

Collocation points are points in space-time where the
residual of the PDE is evaluated. By minimizing this resid-
ual at each collocation point, variables and its derivatives
are driven towards the fulfillment of the PDE itself. Col-
location points will be denoted with tuples (xc, tc) for the
remainder.

For the system of PDEs described in Equation 1, the loss
function of the vanilla PINN has the following form:

L = Lvanilla
PDE +Ldata (7)

with:
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where nc is the number of sampled collocation points,
(q′, a′) = PINN(x′, t′;w, k′) with w comprising the
weights and biases of the neural network, ni is the num-
ber of initial value points q′i(x

′, 0) and a′i(x
′, t′ = 0), nb

is the number of boundary value points q′b(x
′
b, t

′ > 0) and
a′b(x

′
b, t > 0) where ∂Ω represents to the vessel’s inlet

and outlet boundaries, and nd refers to the number of data
points available in the domain, through observations, mea-
surements or simulations, that is fed to the training. All
derivatives are evaluated at the collocation points (x′

c, t
′
c)

using automatic differentiation. Parameters l1, ..., l8 are
weighting coefficients that have to be tuned so as to bal-
ance the magnitudes of the PDE loss LPDE (from now on
collocation loss) and the data loss Ldata.

Figure 1b represents a training step of a vanilla PINN
[4] computing the loss with automatic differentiation, for
the inverse problem.

2.3. Experimental design

Throughout the remainder of the study, we use a first-
order finite-volume Riemann solver [5] to compute the
ground truth solution A(x, t), Q(x, t) and p(x, t) inside an
elastic artery (hence m = 1/2, n = 0), given a predefined
value of the vessel stiffness K0 = K = 966.014 kg

cms2 .
Using Equation 4 we can calculate the value of PWV =
674 cm

s . It is important to notice that the real value of
PWV will be completely unknown for the PINN, but nec-
essarily given to the numerical method, hence PWV will
be inferred based exclusively on initial, boundary and ves-
sel midpoint data.

Both numerical method and PINN will be provided with
the diastolic area A0 = πr2d with rd = 0.3 cm and the
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Figure 1. (a) Vessel discretization for the numerical method computation. (b) Chart-flow of inverse vanilla PINN using
1D vascular model.

average diastolic pressure p̂0 = 80.61 mmHg. The length
of the vessel will be L = 12.6 cm and the simulation time
T = 1s.

As initial conditions at time t′ = 0 and boundary con-
ditions at inlet and outlet of the vessel, we consider the
spatial and temporal profiles shown in Figures 2 and 3 for
the cross-sectional area and flow rate, respectively.

Additionally, the evolution of the area and flow rate in
the vessels midpoint are also depicted, as if we would place
a virtual sensor at the vessel’s midpoint. These latter are
very important for the training process, since they are fed
into the algorithm as data, hence the PINN is enforced to
accurately reproduce these curves, and obtain accordingly
a suitable value for PWV.

A total of 18 experiments where performed, varying the
initial value of PWV to be 50%, 150% and 200% of its
real value PWV = 674 cm

s . In 15 of the 18 experiments
midpoint data over time of cross-sectional area and flow
rate were fed to the PINN. In the remaining 3 experiments
only flow rate data over time at vessel midpoint was pro-
vided (initial and boundary conditions were always given
as data), but no midpoint data of cross-sectional area was
provided.

Regarding the neural network hyperparameter selection,
a learning rate of α = 0.001 was chosen for the Adam
optimizer. The model architecture comprised 10 layers of
10 neurons each with activation function tanh.

3. Results

To quantify the uncertainty of the predictions of the
PINN for the 18 experiments, we present the error mar-
gins around the predicted mean, calculated as µ+σ for the
upper bound and µ−σ for the lower bound, where µ is the
predicted mean and σ is the standard deviation of all the
predictions.

We now track the evolution of the nondimensional stiff-
ness k′, which directly relates to the prediction of PWV.

Figure 2. Cross-sectional area at t′ = 0 (top) and cross-
sectional area over time at vessel’s inlet, midpoint and out-
let (bottom).

Figure 3. Flow rate at t′ = 0 (top) and flow rate over time
at vessel’s inlet, midpoint and outlet (bottom).

Figure 4 depicts the convergence of k′ as the training pro-
cess progresses. Initially, the value of k′ is unstable but
it gradually aligns more closely with the real value of the
vessel’s stiffness as iterations progress. Final predictions
of PWV yielded a mean average error of 4%± 2.5%.

Finally, PINN prediction errors of the propagation of
cross-sectional area and flow rate waves are shown in Fig-
ures 5 and 6 respectively, using the predicted value of
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Figure 4. Evolution of the prediction of k′ with training
iterations.

PWV after PINN convergence. We observe very small er-
rors for the prediction of the cross-sectional area at differ-
ent points over time along the vessel (±0.3%) as well as
for the flow rate (±2%), hence the predictions are very ac-
curate and do not depend either on the initialization of the
PWV nor the incorporation of midpoint data of the area.

Figure 5. PINN prediction error of vessel’s area at x′ =
−L/4, x′ = L/4 and x′ = 0.

4. Discussion and conclusions

The present study explores the use of PINNs to estimate
PWV and cross-sectional area and flow rate wave propa-
gation within human vessels using a 1D model of blood
flow. This approach achieves high accuracy with minimal
in-silico patient-specific data by training the PINN model
with velocity data from a single virtual sensor affixed at the
vessel’s midpoint, as opposed to previous approaches that
require prior knowledge on the PWV. In conclusion, we
show that, in contrast to other predictive models that de-
pend on extensive 3D flow simulations [6], effective non-
invasive cardiovascular monitoring and diagnosis can be
achieved even with very limited amounts of data. Future
work will focus on more realistic scenarios where PWV
varies along the vessel, and the application of our method-
ology to real clinical data.

Figure 6. PINN prediction error of vessel’s flow rate at
x′ = −L/4, x′ = L/4 and x′ = 0.
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