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RÉSUMÉ

Les réseaux de neurones informés de la physique (PINNs) décrivent une grandeur physique
comme une fonction continue dans l’espace et le temps, par exemple les champs de vitesse
et de pression pour un écoulement fluide. Cette méthode sans maillage permet de résoudre
non seulement des équations aux dérivées partielles à partir de conditions initiales et aux
limites (des problèmes directs) mais également de retrouver des paramètres inconnus dans
le modèle théorique à partir de données fournies au préalable (expériences, simulations) en
même temps que se fait la reconstruction de la solution. Dans ce dernier cas, on parle de
problèmes inverses et les PINNs sont capables de les résoudre de la même manière que des
problèmes directs grâce aux réseaux de neurones qui minimisent efficacement les écart aux
données fournies ainsi que les résidus des équations différentielles.

Ce mémoire présente les fondamentaux mathématiques des PINNs qui permettent de les
prendre en main, notamment dans le cas de la mécanique des fluides. Nous avons par la
suite développé une approche modale afin de résoudre des phénomènes vibratoires avec une
plus grande efficacité que les PINNs classiques. Nous avons également montré que les PINNs
sont robustes dans une certaine mesure lorsqu’ils sont confrontés à des mesures incomplètes,
éparses ou bruitées et dans les différents exemples nous avons tenté de montrer comment
cela pourrait être utile pour améliorer la qualité et la quantité des données dans le cadre de
résultats expérimentaux. Enfin, nous avons exploré plusieurs pistes pour prendre en compte
les vibrations dûes aux interactions fluide-structure, bien que les premiers résultats soient à
ce jour non conclusifs.
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ABSTRACT

Physics Informed Neural Networks (PINNs) encode a physical quantity as a continuous func-
tion in space and time, for example velocity and pressure fields for a fluid flow. This meshless
method allows to solve not only partial differential equations (direct problems) but also to
find unknown parameters in the theoretical model from provided data (experiments, simula-
tions) while reconstructing the solution field. In the latter case, we are referring to inverse
problems and PINNs are able to solve them in the same way as direct problems thanks to
neural networks that efficiently minimize the distance from the provided data as well as the
residuals of the differential equations.

This thesis presents the mathematical basis of PINNs in order to be able to use them espe-
cially in the context of fluid mechanics. We have then developed a modal approach to solve
vibration effects with a higher efficiency than the classical PINN approach. We have also
shown that PINNs are robust when confronted with incomplete, sparse or noisy simulated
measurements. In the test cases along this thesis we put a stress on how PINNs could be
useful to improve the quality and quantity of data from an experimental set-up. Finally, we
have explored several avenues to take into account vibrations due to fluid-structure interac-
tions, although the first results are so far non-conclusive.
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CHAPTER 1 INTRODUCTION

According to the energy regulator in Canada [5], production of electricity rests upon hydraulic
turbines for approximately 95% in 2019 in Québec. Hydroelectric plants are low-emissions
means of production. They are flexible in their use and, associated with water reservoirs,
can store energy. This is of particular interest when coupled in an electricity grid with inter-
mittent sources like photo-voltaic or wind turbines. However, this flexible use with repeated
starts, stops and spin no-load conditions are far from the operating point these hydraulic
turbines have been designed for. Consequently this may cause severe vibrations and dam-
ages that can result in a shortened life expectancy, frequent maintenance shut down and an
increased risk of accidents [6].

In that case, research is thus necessary to better understand these new operating modes. The
Tr-Francis project focuses on fluid-structure interactions (FSI) in medium head Francis tur-
bine in start-up and speed-no-load operation. The project intends to identify and parametrize
the damaging FSI phenomena in those conditions using measurements and simulations of a
14.4:1 model turbine representing a unit currently in production at Hydro-Québec. The model
is currently installed on a hydraulic turbine test stand at the Hydraulic Machines Laboratory
of Université Laval. It features a unique runner design to yield FSI homologous to the full-
size production unit. This project is conducted with industrial manufacturers and operators
from the sector of hydraulic turbines. One of the main motivation behind Tr-FRANCIS is
that current FSI simulations approaches often fail to predict measured stress levels in runner.

Over the past few years, machine learning and more generally the field of artificial intelli-
gence has appeared as a support of traditional approaches to deal with large amounts of
data, especially for physical sciences [7–9]. In this master thesis, we looked at new numerical
methods using the formalism of neural networks that would give the possibility to bridge
the gap between experimental data and theoretical models. We are therefore interested in
confined incompressible flows inspired by those that can be found in hydraulic turbines. One
of the long term goal is to be able to accurately predict the vibrations of the turbine with
both experimental and theoretical data. This objective covers the fields of numerical meth-
ods, including modal approaches for the vibrations and the consideration of fluid-structure
interactions. These area are discussed in the following chapters under the scope of Physics-
Informed Neural Networks (PINNs).
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CHAPTER 2 LITERATURE REVIEW

In this literature review, the concept of direct and inverse problems is introduced in sec-
tion 2.1 and the classical numerical methods to solve them are recalled, with a focus on the
particularity of fluid-structure interactions. As these methods face some limitations, espe-
cially for inverse problems with optimization through shooting method, another approach
using machine learning features emerged in the context of fluid mechanics and is presented
in section 2.2, a solution of which leads to PINNs that are finally qualitatively introduced in
section 2.3. The missing parts in the literature on PINNs are discussed in section 2.4. After
a summary of the key points of the literature review in section 2.5, the objectives and the
plan of the thesis are outlined in section 2.6.

2.1 Review of current numerical methods and some open challenges

Predicting accurate quantities of interest in a mechanical systems is usually achieved by ex-
perimentation or by numerical simulations. Numerical methods depend on the resolution of
discretized partial differential equations. This approach consists in solving specific equations
where initial and boundary conditions, fluid properties and geometry are known. We can
add that the problem is mathematically well-posed as defined by Hadamard and recalled in
chapter 4 of Wendt et al. [10]. It means that there exists a unique solution1 and that its
behaviour changes continuously with the initial conditions. Most of classical numerical meth-
ods, which are briefly recalled in sub-section 2.1.1, are well suited for this kind of problems.

Using partial differential equations in an engineering problem solving process often implies
finding the parameters that yield specific solutions meeting global performance targets. A
ratio lift over drag can be targeted for a wing profile, some efficiency through a given op-
erating range can be maximized in hydraulic turbines. The goal is to determine the causes
(geometry, boundary conditions, a parameter in the equations or a control strategy) that lead
to some consequences (often expressed as performance indicator in an engineering solution).
Mathematically, these are called inverse problems and may often be ill-posed (still in the
sense of Hadamard) [12]. An overview of such problems can be found in the collection of pa-

1The existence of the solution depends not only on the boundary and initial condition but also on the
mathematical nature of the equation itself. Especially, the incompressible Navier-Stokes equations are not
proven (yet) to have solutions. This is one of the Millennium Prize Problems from Clay Mathematics
Institute [11].
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pers Inverse Problems in Engineering Mechanics [13]. There are very few cases where these
situations can be formulated into the resolution of a forward system of equations that can be
directly reversed. More often, this kind of inverse problems is formulated as an optimization
process solved iteratively. A direct problem is solved for a sequence of test inputs and these
inputs are tuned so that the results of numerical simulations are as close as possible to the
given target. Other techniques such as adjoint-based optimization provides tools to obtain
the sensibility of the optimization target with the input variables [14, 15].

Among these types of inverse problems, flow field reconstruction refers to the recovery
of a complete solution described by a physical field like velocity, displacement, pressure,
etc [16–18]. It has some interests especially for enhancing experimental data which are lo-
cal (discrete locations in time and space), only partial (they do not cover all the regions in
space) and potentially imperfect (noise, problems of calibration). Field reconstruction aims
at extracting hidden information in the data, an example of which is the prediction of forces
using distant measurements of velocity in a flow. This can also be used to correct data when
a part of the information is missing or corrupted by noise, delays or imprecision regarding
the position of the probe. This fits in the domain of data assimilation, illustrated in meteo-
rology with the use of temperature probes and satellites cartography (which are too sparse
to simply do interpolation) to recover information and then predict the weather for the next
days [19,20].

This information recovery is more general than the formulation of a direct problem since
usually it is not formulated as a set of initial and boundary conditions. Field reconstruction
is rather defined using sparse data sampled at given locations in the domain where the solu-
tion is defined and these data can be of different nature since they may combine concurrent
information from sensors of force, velocity, pressure, displacement, heat, etc.

Flow reconstruction also leads the way to active control strategies [21]. Indeed in optimal
control, the objective is to find the most efficient level of an actuator in order to optimize a
target (formulated as a reward or a loss) given only an estimation of the state of the system
through limited sensors. To predict the effect of the next actuation, it could be of interest
to understand the effect of this actuator using the field reconstruction with the information
provided by the limited set of sensors.
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2.1.1 Overview of classical numerical methods

In computational fluid and solid dynamics, several methods are available to approximately
solve the governing equations. We propose a short recap of the available current methods
used, especially in the field of fluid dynamics. The content in this subsection is intended to
be a concise summary of the main ideas based on the textbooks of Wendt [10], Allaire [22],
Rao [23] and Moukalled [24]. We also point out some challenges that appear when coupling
fluids with solid deformations in simulations.

If we consider an unsteady problem governed by a general possibly non-linear differential
operator Nx of a function f that depends of time and one dimension in space x, the strong
form of PDE can be written as

∂f

∂t
= Nx(f). (2.1)

The differential operators can be approximated by replacing all derivatives by a finite dif-
ference (FD) when the limit of dx → 0 is replaced by a small (though finite) value of ∆x
in df

dx
(x) = limdx→0

f(x+dx)−f(x)
dx

≈ f(x+∆x)−f(x)
∆x . Practically, by storing the values of f on a

grid of points at a given time step, we construct a discretized approximation of f as a vector
of values at each point location. Then we can transform ∂

∂x
as a matrix operator and then

compute N(f) that approximates Nx(f) at each point location on the grid. Then, the inte-
gration in time can be performed using a wide variety of integration schemes that discretize
the time dimension. For instance the explicit forward Euler formulation consists of:

f(tn+1)− f(tn)
∆t = N(f(tn)), (2.2)

but is conditionally stable. More robust schemes exist but may require more computational
resources [22].

Finite element method (FE) appeared in the middle of the 20th century, formally introduced
by Clough in 1960 [23, 25]. It consists in solving a PDE on cells, called elements, possibly
unstructured which brings several simplification compared to finite different schemes that
works best with structured mesh. Inside each cell, the solution is split into a sum of basis
local functions. FE are therefore an application of Galerkin’s methods. Thus, FE provides
a continuous interpolation on the domain based on values at nodes in each cells. Besides,
FE usually solves the weak form of PDE (instead of the strong form in FD). The system of
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equations to be solved is obtained by the integral of PDEs on the whole domain weighted by
test functions.

In the early 1970s, Finite volume method (FV) has been proposed to keep the unstructured
approach of cells but to simplify it by carrying the computations in the physical space of sys-
tem coordinates, as recalled in the textbook from Moukalled et al. [24]. From the beginning
it was applied to flow problems [26]. Its specificity is to solve a system based on conservation
equations (mass, momentum, energy...) on given volumes defined by the mesh, instead of
the local equations with higher order derivatives.

Beyond these three methods, several others are found in the literature. Some methods do
not explicitly use a discrete sampling of space and are called mesh-free. Among those, Vortex
methods [27] and Smoothed Particle Hydrodynamics (SPH) [28] solve an equivalent dynam-
ics but for particle motions. Lattice Boltzmann method (LBM) [29, 30] solves an equivalent
problem for density of population functions. Also a wide variety of spectral methods use
the principles of Galerkin formalism but with global basis functions that are not restrained
to local elements. Hussaini et al. has provided a comprehensive review [31] which may be
completed by a more recent textbook from Canuto et al. [32] .

2.1.2 Specific problems with fluid-structure interactions in CFD

The specific case of fluid-structure interactions provides its own set of challenges. Especially,
the deformations of the solid boundary changes the fluid domain as well as the kinematic and
dynamic equilibrium at the fluid-solid boundary. Based on the thesis from Hovnanian. [33],
a review from Hou et al. [34] and a paper from Pfister et al. [35], several approaches stand
to deal with this moving boundary. Among which these:

• Moving the solid boundary and re-meshing the fluid domain at each iteration (or at least
regularly). This method can be quite expensive since meshing can be long, especially
in 3D, and often need to be verified by a human expert. Besides an interpolation of
the flow from one mesh to the following can introduce errors that lower the precision
of the overall simulation.

• Using an Arbitrary Langrangian-Eulerian (ALE) method where an initial mesh for
the fluid domain is deformed as an elastic solid to propagate the deformations of the
fluid-solid boundary. An extension operator needs to be solved alongside the fluid and
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solid quantities. This approach can be limited in the cases where the solid deformations
are very large compared to the initial fluid domain size.

• Using a fixed mesh for the fluid domain but with an Immersed Boundary Method
(IBM). Only the cells of the fluid domain that are outside the solid domain are activated
and those that are both on fluid and solid domains are corrected with an added forcing
term.

The two first solutions are part of the conforming mesh methods because of the tracking of
the interface motion. On the other hand, IBM is a non-conforming mesh method.

Another distinction is related to the use of partitioned or monolithic solvers. Monolithic
solvers compute both fluid and solid using one matrix that implicitly account for the interac-
tions. Partitioned solvers use different matrix for the fluid and the solid domains that must
be coupled explicitly using information-exchange algorithms.

2.2 Machine learning for fluid dynamics

Machine learning (ML) is a field of computer science that aims at building predictive models
directly from experience without having being taught how to do so by a human expert [2].
As outlined in Figure 2.1, ML is a sub-field of Artificial Intelligence (AI) which objective
is to design programmable objects that behaves like humans. Later ML has lead to a sub-
class called Deep Learning, using mainly deeper Artificial Neural Networks (ANN) capable
of more abstract operations in order to reduce the need for human data-labelling. Especially,
the Multi-Layer Perceptrons (MLP) is a fundamental tool that is used in this thesis and
explained in chapter 3 using mainly the textbook from Goodfellow et al. [2]. Wang et al. [36]
also provides a historical point of view of modern deep learning techniques.

The use of ML skyrocketed in the past decade largely due to the availability of large amount
of data and powerful computing units [2]. For example, consumer grade Graphics Process-
ing Units (GPU) originally for screen display are now particularly well-adapted to scientific
computing using powerful vector processors and high speed memory buses. GPU support in
popular and open source ML libraries like TensorFlow [37] or PyTorch [38] made it accessible
for a lot of developers, engineers and researchers. Since 1980s ML algorithms were used to
achieve a number of remarkable success in several fields, among which computer vision [39,40],
natural language processing [41] or reinforcement learning as proved by DeepMind [42] with
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Figure 2.1 Classification of fields related to Machine Learning. Figure inspired from Fig. 1.4
in Goodfellow et al. [2].

a computer outperforming human on video games like Atari. These achievements lead to a
renewed interest in this area of research (which means funding for academic and industrial
research) and with the idea of applying such methods to more established domains like me-
chanical engineering.

At first sight, the way ML works may seem incompatible with traditional CFD. In classical
CFD, the quantities of interest for engineering applications are predicted by numerical meth-
ods that solve an approximation of theoretical models. These models are often written as
a set of partial differential equations derived from first principles. Navier-Stokes equations
describe the conservation of mass, momentum and energy for continuum variables that depict
the state of the flow. Conversely, ML typically uses directly data to infer the link between
the parameter to be set (usually the input of the algorithm) and the quantity of interest (the
output), without any knowledge of physical laws, as discussed by Brunton et al. [7] and Bren-
ner et al. [8]. Consequently, the model built may not be as interpretable as the first principles
where the physical meaning of each term in the fundamental equations can be explained by
a human expert. This interpretability typically provides a greater level of confidence in the
predictions as discussed by Beck et al. [43] in the context of turbulence modelling. Thus, one
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challenge is to make sure that the predictions of ML algorithms are reliable and generalizable.

A second apparent incompatibility discussed by Brunton et al. [7] stands in the observation
that ML algorithms can require extremely large amounts of data for training. Although it
may be cheap to generate data for application like text translation, chess games or image
recognition, it must be kept in mind that solving mechanical problems, for instance the com-
plete solution in time and space of a turbulent flow, can be at best expensive and possibly
unreachable. Despite these difficulties at first sight, there are some interesting leads to use
machine learning in the field of mechanical engineering that are recalled in the next para-
graphs.

To this day, machine learning in fluid dynamics has found applications for flow modelling,
understanding some complex phenomena and reducing the complexity of models that de-
scribe it, to build active control strategies and for several optimization problems [7, 44].
Most of the proposed examples in the following paragraphs use the formalism of Artificial
Neural Networks (ANN or simply NN). ANN are mathematical tools that can be defined
as universal approximators. It maps an input vector to an output vector by constructing
an explicit function constructed with tunable scalar coefficients. Then, all the scalar coeffi-
cients are optimized so that the output of the neural network minimizes a given loss function.

Numerical simulations are carried out using a large number of degrees of freedom, often
exceeding millions for three dimensional turbulent flows. An idea is to simplify the detailed
representation of the flow by finding patterns in the data. Among these techniques, modal
decomposition are long-used methods to reduce the dimensions of the problem. Fourier
decomposition is a way of splitting the time dependency of a periodic phenomena with a set of
harmonic functions associated with coefficients that varies with space. This decomposition is
orthogonal in time. Another modal method is the Proper Orthogonal Decomposition (POD)
and uses orthogonal functions of space. It consists in decomposing any quantity q(x, t) as a
sum

q(x, t) =
∑
k

ak(t)ϕk(x) (2.3)

with
∫

Ω ϕjϕk = δjk where δjk is the Kronecker-delta function. The mode shapes ϕk can be
obtained by solving an eigenvalue problem and then the time coefficients ak are obtained
by direct projection. The eigenvectors ordered by their eigenvalues are optimal in terms of
energy. Taira et al. [45] present an overview of several types of modal analyses for fluid
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flows including POD and its derived forms alongside other techniques like Dynamic Mode
Decomposition (DMD).

It has been showed that POD is equivalent to an Auto-encoder which is a one-hidden layer
neural network with linear activation functions trained to recover its own field [46]. A nat-
ural extension of this NN formalism of POD is to use non-linear activation functions and
deeper neural network to map all the degrees of freedom of a flow as recalled by Brunton
et al. [7] and illustrated by Milano et al. [47] where they use deep auto encoders to perform
flow reconstruction of near wall turbulent flows with a gain in data compression.

POD, DMD and other types of modal decomposition find applications for flows that depicts
periodicity [45] because this offers efficient representations for vibration phenomena. Espe-
cially within the framework of the Tr-Francis project, taking into account the flow-induced
vibrations in hydroelectric machinery is critical during the phases of design and operation as
reviewed by Dörfler et al. [48] and more generally by Blevins [49]. This approach has already
been used (outside of the machine learning field) for understanding dynamic behaviours in
Francis turbines [50, 51] and can suit both periodic and transient phenomena. As Machine
Learning aims at finding patterns in the data, there is a common basis between modal rep-
resentations and Machine Learning techniques.

Several engineering problems involve finding the governing equations for an unknown dy-
namics. These can have different objectives: deriving reduced order models, finding the
coefficients or the physical constants from a set of raw data, or being able to extrapolate in
time. Physics-Informed Neural Networks (PINNs) are a possible way of doing such things
and are introduced in section 2.3 of this thesis. But other tools can perform comparable
tasks within a different formalism. For instance, the Sparse Identification of Nonlinear Dy-
namics (SINDy) framework formalized within S. Brunton’s team [52] makes it possible to
find governing equations of an unknown phenomena. It consists in solving as sparsely as
possible the fitting of a matrix of coefficients that links the time derivative of variables with
linear, quadratic and a set of other nonlinear and coupled terms. Fukami et al [53] mixed
this approach with the deep auto-encoders to find the time evolution of two latent variables
that stands for the coefficient of deep-NN modes. They applied this to the two dimensional
flow over a cylinder, including transient regime.

Another application of flow modelling is to be found in closure problems. Considering that
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Direct Numerical Simulations (DNS) of the Navier-Stokes equations is prohibitively expensive
for large Reynolds number flows, as discussed in chapters 8 and 9 from Pope [54], simplifica-
tions were developed to tackle complex flow on available computing resources. For instance,
in the Reynolds Averaged Navier-Stokes (RANS) equations, one does only solve the statisti-
cal average velocity and pressure fields. All the terms of the RANS equation depend on the
averaged flow quantities expect one, the Reynolds stresses tensors which represent the effect
of the turbulent fluctuations on the averaged flow. The Reynolds stresses lead to a closure
problem that require the use of semi-empirical models, the turbulence models. Typically,
turbulence models are derived from analytical consideration and limited experimental mea-
surements of flow related turbulent quantities. As such, their scope is often limited to certain
classes of turbulent flows [55]. Using already computed turbulent flows with DNS, Machine
Learning have powerful tools to generate data-driven turbulence closure models that could
help improve RANS computations. Duraisamy et al. [56] address this subject and, for exam-
ple, Font et al. [57] used a convolutional neural network to perform the closure in Spanwise
Averaged Navier-Stokes equations (SANS) leading to estimations of forces on bluff-bodies
with a low computational cost and a high precision. Besides the pre-trained CNN have been
used for other geometries of bluff bodies as well as other Reynolds number.

In a design process involving CFD, being able to interact with the shape of an object and
obtaining quickly the response of the flow around it might be of prime interest. Instead of
using a classical CFD solver for each iteration of the design, Guo et al. have proposed a
convolutional neural network that, once trained, perform a quick prediction of the steady
flow two orders of magnitude faster than a CFD code in their test case [58]. This make it
possible to test a variety of designs much larger in a reasonable time, taking into account
that every engineering design process have to deal with compromises between the time spent
during the study to optimize the solution to get a better result, and the need to finish the
design in a given time.

Flow control and optimization have found new tools using artificial neural networks and es-
pecially Deep Reinforcement Learning (DRL) with control strategies that can perform better
than more conventional optimal control strategies [7]. It is possible to train an agent given
an estimation of the flow state to perform some actions, such as control tasks to maximize a
reward. This technique have been applied to reduce the drag of a flow over a cylinder using
two jets on the two sides of the cylinder, reducing by a factor 20 the force oscillations [59].
An other application within the FSI field appears in the work of Verma et al. [60] where
a simulated fish learnt how to deform its body to swim the most efficiently in the wake of
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another fish so that it harnesses the most energy from the vortical structures. Mathematical
background and a review of literature on the use of deep reinforcement learning for fluid
dynamics have been written by Garnier et al. [61].

The use of ML tools alongside classical methods and for applications for fluid and solid
mechanics is still an open challenge. The examples provided in this section unveils quite
promising leads. However there are still some concerns about the ability of ML tools to be
reliable and generalized so that their use in the field of mechanical engineering can lead to
certification for use in the process of design and predictive maintenance. In that context,
the use of PINNs as presented in the following sections of this thesis could address these
problems by taking into account the knowledge from data as well as physical laws.

2.3 Physics Informed Neural Networks

The principle of Physics-Informed Neural Networks (PINNs) is to use NN as an approximator
of the function that solves a partial differential equation. This comes from a mathematical
property presented and proved by Hornik et al. [62] in 1989 that we can summarized by
quoting the abstract :

“Standard multilayer feedforward networks with as few as one hidden
layer using arbitrary squashing functions are capable of approximating
any Borel measurable function from one finite dimensional space to
another to any desired degree of accuracy, provided sufficiently many
hidden units are available. In this sense, multilayer feedforward networks
are a class of universal approximators.”

—Hornik et al., [62]

In more simple terms, this means that a neural network NN(·) can be built so that when
fed with an input vector x, the output y = NN(x) can be as close as desired to any values
f(x) provided by a function f : X → Y with a given norm2 ‖ · ‖. The function needs to
be Borel measurable3 which in practice is verified for classical physical applications such as

2A given norm which is not specified since all norms are equivalent in finite dimension.
3This means that for any underlying set Ey in the σ-algebra of Y (the collection of subsets of Y containing

Y itself) that is measurable with a Borel measure, its preimage f−1(Ey) is also measurable with a Borel
measure. Borel measure are mathematical measures that are defined on all the open sets.
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fluid dynamics4. Then the second important point in this quote is that the degree of accu-
racy reachable for the approximation of f is limited by the size of the NN once a non linear
activation function is given. At that point, there is no clue given on the required size nor
the optimal ratio between depth and width of neural networks for obtaining the targeted
precision. Nor does the method to obtain the coefficients, by contrast to methods where you
can do direct projections on a set of orthogonal basis.

In the mid 1990s, Dissanayake et al. [63] followed a few years later by Lagaris et al. [64]
proposed to use that property of neural networks to solve ordinary and partial differential
equations. Their approach is focused on the direct problem (solving a PDE given a domain,
a forcing and boundary conditions). These authors insist on some key-points to demonstrate
the interest of PINNs: especially the fact that a NN can build a function that is close in form
to an analytical solution and may require far fewer degrees of freedoms than classical FE
simulation. Besides, the natural differentiability of the NN was already an asset compared to
classical numerical methods in the 1990s with limited differentiability. Their approach already
used back-propagation to estimate the residuals of PDE on a set of penalization points that
discretises the domain (or collocation points as they named them). With an example on a
two dimensional Poisson equation with a forcing term, Lagaris et al. [64] showed that a one
hidden layer NN performed several orders of magnitude more accurate predictions than a FE
simulation at the same number of degrees of freedoms (which is the number of parameters
to tune in the model) and for an equivalent or lower computation time (see Figures 16 and
17 in [64]).

A renewed interest for this method came back with the work of Raissi, Perdikaris and Kar-
niadakis in 2018 [65]. The basic PINN formulation is recalled with clear examples and with
leads for data-driven studies in the paper Physics-informed neural networks: A deep learning
framework for solving forward and inverse problems involving nonlinear partial differential
equations published in 2019 [66]. The novel approach consists in using PINNs not only for
direct solving of PDEs which already existed but dit not get a lot of success, but for inverse
problems.

To go further than the examples provided by Raissi et al., several authors quickly applied
PINNs to other fields of physics and mechanical engineering. Models for non-Newtonian flu-
ids [67], for Reynolds-stresses in turbulent Couette flows [68] or for subsurface flows [69] have

4The functions at least piecewise continuous are Borel measurable which includes functions with a finite
number of discontinuities as observed in hydraulic jump or shock waves.
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been found using PINNs. The use of PINNs for unknown dynamics and constitutive relations
is also discussed by Tipireddy et al. [70]. Flow reconstruction is addressed in some specific
cases like high-speed flows [71] or vortex induced vibrations of a cylinder [72]. In the field
of solid mechanics, similar approaches have been presented: reconstruction of deformation
and stress fields [73] with parameter identification [74], modelling of brittle fracture with the
phase field formalism [75], on the use of wave propagation for seismic data [76] or for a non
intrusive crack detection method [77]. In other domains than strictly mechanical engineer-
ing, PINNs have been applied to solve wave guide problems in electromagnetism [78] and for
nano-optic and meta materials [79]. Several promising outlooks for PINNs are pictured in
the review papers by Cai et al. [80] and Karniadakis et al. [81].

More technical developments have been made to understand the difficulties of convergence
of PINNs and give some leads to improve their robustness. Among them, Wang et al. use
an approach to dynamically adapt the weights of the loss function while training PINNs to
address convergence failures [82]. Almost the same research group proposed a method to
reduce some gradient pathologies by adapting the architecture of PINNs [83]. In a slightly
different way, Jagtap et al. [84] used adaptive activation functions that seem to improve the
convergence rate at the beginning of the training. Finally some papers focus on the mathe-
matical properties of PINNs as a preparatory work for further improvements [85,86].

2.4 Gap in the current scientific literature on PINNs

The drawback of that recent profusion of scientific papers on PINNs is that these articles are
more about applying PINNs to solve new types of physical problems rather than to under-
stand the effect of the NN parameters and the training strategies to increase the robustness.
Yet, PINNs are succinct in their mathematical construction, but compared to other clas-
sical numerical methods, they rely on a larger number of hyper-parameters that affect the
training and accuracy of the solution. Moreover, some of these hyper-parameters have less
physical interpretation than their equivalent in classical numerical methods which induces
greater difficulties when it comes to choosing and tuning them. For instance, the size of an
NN that defines a PINN can be linked to the number of nodes in a mesh. However there
is no known convergence rate for PINNs with the size of an NN as there is with the size of
mesh elements which causes discretisation errors. In most of the papers listed earlier, it is
complicated to reproduce the results if any of the training data or the code is not provided
because most of the papers do not present all these technical details. In addition, there is
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no evidence that these convergence properties and the strategies to set the hyper-parameters
could be independent of the considered test case and thus be generalized. The absence of
any textbook providing proper definitions and advices on how to set the hyper-parameters
on PINNs is typical of a technique that is not mature (yet). And during the redaction of
this thesis, the first reviews on PINNs [80, 81] were not yet peer-reviewed or even published
as preprints. To address this issue, we gathered in chapter 2 several methodological aspects
in order to clarify our approach and help a new reader understand how PINNs work. These
methodological aspects were obtained by both trials and errors and synthesis of good prac-
tices found in codes from the literature. This chapter 2 tries to answer this (non-exhaustive)
list of questions:

• How to chose the size of the NN and the activation functions specifically in the context
of PINNs?

• What is the minimum number of data points? How can we classify the types of problems
to be solved given the structure of fitting data?

• How to sample points to penalize the equations?

• What is the influence of the training strategy?

• How do unknown parameters in the equation affect the training?

• How does the quality of the data, and especially the uncertainty regarding noises, can
affect the accuracy of the predictions performed by PINNs?

This last point is guided by the will to perform flow reconstruction using experimental data
with a precision limited by the accuracy of the sensors. On the contrary, many articles
demonstrate results with dense synthetic data. An intermediate path would be to simulate
the presence of imperfections in the data by adding uncertainty and noise and to quantify the
link between the level of this uncertainty and the accuracy of the predictions. In addition, as
experimental data is often local and sparse, the expected change in performance of PINNs
with sparse fitting data compared to dense data is important for future industrial applica-
tions. However this area is still under-explored (at the time this thesis is written). This has
motivated the format of some results presented in chapters 3 and 4 as well as a discussion
and clarifications on the different types of fitting data in chapter 2.



15

Moreover, to our knowledge, there is no method to address modal decomposition and general
fluid-structure vibrations within the framework of PINNs. These are however key compo-
nents to perform efficient predictions of vibrations in hydraulic turbines. This gap in the
literature has guided the developments presented in chapters 3 and 4.

2.5 Synthesis

Designing an engineering solution involves solving several inverse problems in order to de-
termine the best input parameter for a specific goal. With classical numerical methods, it
consists in solving one direct problem for several sets of inputs and comparing the obtained
results to the target. The loop for converging the inputs can be expensive in computational
resources. However PINNs deal with inverse problems more intrinsically because the flow
field is set to verify concurrently the equations as well as a large type of targets, including
fitting data. PINNs are based on ML techniques which are high dimensional and non convex
optimization techniques well suited to large data. PINNs are though slightly apart in the
family of ML because they can work in the small data regime and they offer a measure of
accuracy with the convergence of PDE residuals. Though, they are not very mature yet, espe-
cially the convergence properties and the robustness is still to be demonstrated and methods
are missing in order to address modal decomposition for FSI vibrations.

2.6 Objectives and plan of the thesis

The goal of this master thesis is to explore the use of PINNs to solve FSI problems using a
modal representation. The specific objectives to achieve this goal are:

• Handling a simple PINN code to solve basic incompressible flow fields using physical
laws and exterior data (from analytical solutions, previous numerical simulations or
experimentation).

• Study the influence of a PINN’s parameters and its training method on the accuracy
and time required for computation.

• Testing the ability of PINNs to deal with sparse and imperfect data.

• Looking for adaptations of the PINN architecture to take into considerations fluid-
structure interactions as well as vibrations in modal space.
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Taking into account the relative youth of PINNs and the lack of maturity, we focused on
simple test-cases consisting of two dimensional flows that are described further.

The structure of this thesis is the following:

1. Chapter 3 provides an insight of the fundamentals of PINNs for flow problems. We in-
vestigate the mathematical formulation of Multi Layer Perceptrons and their extension
to PINNs as well as some techniques related to the training of PINNs that are useful
to understand and improve the convergence.

2. Chapter 4 describes the enforcement of a modal representation directly into the PINN
structure to take into account vibrations more efficiently. This part, alongside studies
on the handling of noisy and out of synchronization data is wrapped up in a paper
which is the main part of chapter 4. In unpublished appendices, we examined other
modal approaches as well as two slightly different test cases that illustrates how PINN
can apply to less trivial geometries.

3. In chapter 5, some ideas on how to adapt a PINN to the difficulties of fluid-structure
interactions are listed. This chapter provides several hints and early results based on
the idea of extension operator. These approaches did not deliver positive results yet
but could be the starting point of future research works.
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CHAPTER 3 FUNDAMENTALS OF PINNS FOR FLUID DYNAMICS

3.1 Mathematical foundations of Multi Layer Perceptrons (MLP)

Physics-Informed Neural Networks use the formalism of Deep Neural Networks with dense
connections between the layers. Here we recall the mathematical construction of a multi-layer
perceptron (MLP) and how it is used in the context of Physics-Informed Neural Networks.
For more details on MLP and PINNs, one can refer to Goodfellow et al. [2] and Raissi et
al. [72] respectively and this chapter synthesizes several notions from these references.

3.1.1 Structure of an MLP

An MLP is defined by a sequence of symbolic operations that transform an input quantity x
into an output quantity y. Its first goal is to approximate any given function y = f(x). It aims
at solving the limitations of basic approximations techniques like linear models y = ax + b,
as depicted in Figure 3.1a, by introducing a non linear function. Inspired by the behaviour
of the human brain, a threshold can be used to take into account some non linear effects.
With the threshold function σ(x) = max(0, x), we can introduce an intermediate variable
z = ax + b and then compute y = cσ(z) + b. The equivalent graph of operation would be
plotted at Figure 3.1b. Several intermediate variables can be used in the meantime and the
output y can be expressed as a sum of nonlinear terms of the input x

y(x) = c1σ(a1x+ b1) + c2σ(a2x+ b2) + d, (3.1)

as in Figure 3.1c. This model is in fact a simple version of a basic MLP.

In these examples, respectively 2, 4 and 7 scalar coefficients need to be tuned so that the
model approximates as accurately as possible the provided data. We will simply denote
these coefficients as an equivalent unknown vector θ and the constructed model as a function
yMLP (·, θ). One way of finding the parameters of the model for the illustrated case is to use
an optimization algorithm that minimizes a loss function L. In the previous example, the
loss function used is defined as a Mean Square Error (MSE) :
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Figure 3.1 Illustration of the use of a MLP to approximate and fit any given data points

L = 1
N

N∑
k=1

(
yMLP (xdata; θ)− ydata

)2
, (3.2)

which computes the L2 squared distance between the prediction yMLP and the data ydata.
Several techniques exist in order to minimize this loss. These often consists in computing the
derivative of the loss with respect with the optimized parameters ∂L

∂θ
and then performing

gradient-based minimization. These techniques are discussed into further details in the next
sub-section of this chapter.

Using the graph representation (as in the second line of Figure 3.1) helps picturing the struc-
ture of the mathematical operations that are carried out to compute the output of the MLP.
If it is possible to write explicitly all the terms in the model in equation 3.1 for Figure 3.1.b
or c, it starts to be quickly unreadable as the number of intermediate variables increases or
when other layers are added.

This non-linear mapping presented in equation 3.1 can be generalized with more degrees of
freedom which can lead potentially to a better accuracy. There are two possibilities :

1. increasing the number of intermediate variables. In equation 3.1, only two intermediate
variables (z1 and z2) are used, but this number can be chosen arbitrarily. The more
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intermediate coefficients (or artificial neurons), the larger is the neural network.

2. using the first set of intermediate variable (a layer) as an input to a similar transforma-
tion consisting of an affine transformation and non linear function σ of each coefficient.
This increases the number of layers. The more layers a MLP has, the deeper it is.

We can define more generally an MLP, or a feed forward neural network, as a sequence of,
alternatively, affine transformation and activation functions that transforms an input vector
(or input layer) to an output vector (or output layer). This succession of affine transformation
can also be understood as a way of shifting and scaling every quantities before applying σ
which acts as a threshold. Mathematically, if we take the input x ∈ Rn0 and the output
y ∈ Rnp+1 we can build a p-hidden layers deep neural network with a series of layers zk ∈ Rnk

with :

z1 = σ (W1x+ b1) ∈ Rn1

...

zk+1 = σ (Wk+1zk + bk+1) ∈ Rnk+1

...

y = Wp+1zp + bp+1 ∈ Rnp+1 .

(3.3)

In that example, the last transformation is linear so that y can be scaled without any restric-
tions from the range of the activation functions. Every matrices Wk ∈ Rnk×nk−1 and vectors
bk ∈ Rnk are called weights and biases respectively. They are composed of coefficients that
need to be initialized and then optimized so that the approximated outputs minimize the
loss function. For the sake of brevity, these are referred to θ which is a vector containing all
the variables in (W0, b0, ...,Wp+1, bp+1).

Usually a neural network is presented with its general properties (or hyper-parameters).
These contain its structure (number of layers and number of neurons per layers summarized
by a list [n0, n1, ..., np+1]) and the list of activation functions σ. These functions can be
different between each layers. In this thesis, all the presented NN use the same activation
function for each layer. Nonetheless it can be set otherwise and according to a few tests that
we performed, no significant improvements were noticed and this has not been studied in
more details afterwards.

At this point it can be noted that there is a link between Galerkin’s method and a one hidden



20

layer neural network. Indeed in Galerkin’s methods, a continuous problem is discretized by
decomposing the variable y on a set of basis functions φk so that y = ∑

k akφk(x). Then a
loss is obtained usually by injecting this decomposition into a PDE operator N often written
in its weak form and then projecting it against the set of functions and integrating in order
to get a system of equations to solve:

∫
Ω
N (

∑
k

akφk(x))φj(x)dx→ 0∀j.

For a linearized system, this can be solved using direct or iterative solvers. But the coeffi-
cients ak can also be determined using optimization techniques (which also fits in the sets of
iterative solvers). In a one hidden layer NN, the decomposition is very similar excepted that
the set of functions itself is tunable : y = ∑

k akσ(wkx + bk). This limits the possibility of
creating a set of linear system of equations but it is still possible to solve these parameters
using optimization techniques. Besides, it can allow a more compact representation of a given
function since some degrees of freedom can be "saved" by choosing where to "refine" using the
first affine transformation that shifts and scale the equivalent φk. This could be compared in
terms of efficiency to an unstructured adaptive mesh for every direction in space and time.

In optimization techniques, and especially those based on gradients, a starting point is usu-
ally required. For an NN, model’s parameters θ must be initialized. For gradient vanishing
issues, it appeared to be a bad solution to initialize them to zero. Finding the best initial-
ization strategy is not an easy task since it depends on each problem to approximate, to
the structure of the NN and its activation functions. Some optimizers also use stochastic
methods so a given initialization can lead to different trained NN parameters. As recalled in
chapter 8.4 from Goodfellow et al. [2], an important property of the initialization is to break
the symmetry between two neurons in the same layer so that they can be updated differently
using a deterministic optimizer. In the end, a common practice through the ML field is to
use an initialization based on a given random distribution, often a Gaussian sampling. One
difficulty is to scale the deviation of the Gaussian law. In the following sections of this thesis
we used Xavier initialization from the PINN Python codes of several papers [66,72]. It con-
sists in scaling a truncated normal law centred on zero with a standard deviation per layer
equal to

√
2/(Input dim. + Output dim.). Moreover it discards the values that are greater

or lower than two standard deviation to overcome problems of saturation with activation
functions like hyperbolic tangents at large values. This method has some similarities with
some contents detailed in chapter 8.4 in Goodfellow et al. [2]. Especially a strategy from
Glorot et al. [87] prescribes initializing the weights with a uniform law that has a radius
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of
√

6/(Input dim. + Output dim.). In addition, biases vectors are often initialized at zero
since they do not affect the propagation of gradients in the same way.

3.1.2 Loss construction, training and validation

In an MLP, and more specifically in supervised learning (when we know the function to be
approximated), the goal of the NN training is to approximate as precisely as possible a given
set of labelled data. If we have a set of training data xdata, ydata of size Ndata to train an MLP
yMLP (x; θ), where x is the input and θ its parameters, a quadratic loss can be written

L = 1
Ndata

Ndata∑
k=1

[
yMLP (xdata, θ)− ydata

]2
, (3.4)

and this loss is to be minimized by tuning the vector θ.

Using this simple mathematical operations (difference, square, average) allows to keep the
symbolic graph of operations and, most importantly the automatic differentiation. This
means that one can obtain the exact derivative of any quantity in the graph with respect
to another that is linked to it. This is possible thanks to the implementation of back-
propagation in modern ML libraries. Back propagation consists of using the chain rule for
derivation (f(g))′ = g′ × f ′(g) to compute ∂L

∂θ
from the parameters at the last layer to those

at the first layer (which explains the "back" in back-propagation in opposition to the usual
output that is feed-forward the set of layers). If we use the same general formalism as in
equation 3.3, it is possible to obtain the sensitivity of the loss with respect to one coefficient
W i
k of the weights matrix Wk by doing the chain rule. From the loss function to the output

layer, the derivation propagates as:

∂L
∂W i

k

= 1
Ndata

Ndata∑
k=1

2
[
yMLP (xdata; θ)− ydata

]
× ∂yMLP

∂W i
k

(xdata; θ). (3.5)

Then from the output of the MLP to the previous layer:

∂yMLP

∂W i
k

(xdata; θ) = Wp+1
∂zp
∂W i

k

, (3.6)

since the last layer is linear. Then from any hidden layer to the previous one, the general
relationship writes as:
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∂zp
∂W i

k

= ∂

∂W i
k

[σ (Wpzp−1 + bp)] = Wp
∂zp−1

∂W i
k

× σ′ (Wpzp−1 + bp) . (3.7)

This relationship is propagated backward up to the layer k where the wanted coefficient
belongs:

∂zk
∂W i

k

= σ′ (Wkzk−1 + bk) . (3.8)

The same algorithm is carried out for any component of a biases vector bik. After doing this
for every coefficient in the weights and biases, one can obtain the vector of sensitivity ∂L

∂θ

which is used for gradient-descent optimization.

Gradient-based optimization is an iterative process that is quite efficient when the number of
parameters is high and when derivatives are available. In NN those two criteria are verified
since the length of θ can easily exceed 103− 104 and gradient free techniques that consists in
trial and error can have a prohibitive cost: for a uniform mapping of the parameters space,
the number of evaluation of the loss scales exponentially with the number of parameters.
Gradient-based optimization consists in computing a sequence of parameters (θi)i=0,1,...,N

starting from the initialized value θ0 and using a recurrent scheme θn+1 = f(θn). At the first
order:

L(θn+1) = L(θn) + (θn+1 − θn)T ∂L(θn)
∂θ

. (3.9)

It can be noted that if L(θn+1) < L(θn), which is what is wanted in order to reduce the loss,
the scalar product (θn+1 − θn)T .∂L(θn)

∂θ
needs to be negative so that the direction of evolution

in the parameter space is qualitatively in the opposite direction than the one of the gradient
∂L/∂θ. We introduce η that quantifies the length of the step in the direction −∂L/∂θ so
that the basic gradient descent can be written as:

θn+1 = θn − η
∂L
∂θ

(θn). (3.10)

This step size η is often referred as a learning-rate in the field of ML. As explained by
Allaire [22] for convex problems, an optimal step can be found at each iteration by solving
minη∈R L

[
θn − η ∂L∂θ (θn)

]
. This is also called steepest descent and it is illustrated in Figure

3.2c from Goodfellow et al. [2]. However for simplicity or because for issues related to the
non-convex properties as in NN, this second optimization of the learning rate is not carried
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out and instead, a given learning rate is used. This learning rate can be fixed all along the
optimization. But it is expected to do smaller steps once a minima is reached than at the
beginning even if ∂L/∂θ has low values near a local-minima.

The relation written in equation 3.10 is the basis of Stochastic Gradient Descent (SGD)
where the parameters are updated using a sequence of learning rate (ηk)k=0,1,...,n,... instead of
a fixed η. In SGD, only a mini-batch (a random selection of data points in (xdata, ydata)) is
used to compute the gradient of the loss at each iteration so that it adds some uncertainty.
Moreover the computational cost associated with one optimization step can be reduced and
be independent of the size of the training set.

Several algorithms provide some improvements to deal with issues related with large oscil-
lations in the parameters space as illustrated in Figure 3.2a. Among others, momentum
algorithm [88] introduces a velocity term that smooths the direction of descent. In Figure
3.2b, ∂L/∂θ is depicted with black arrows and the inertia effect of the momentum allows
a faster convergence. Other optimizers use adaptive learning-rate decay based on SGD or
momentum formulation. Among them :

• the AdaGrad algorithm [89] nearly uses a decay based on the inverse of the accumulated
gradient norm : ηn = ε

δ+√rn
where ε is the global learning rate, δ a small value (∼

1× 10−7) and rn is the accumulated gradient squared-norm : rn = ∑n
k=1

∣∣∣∂L
∂θ

(θk)
∣∣∣2

• RMSProp [90] is similar to AdaGrad but uses a geometric decay ρ (which needs to be
fixed by the user as well) for rn+1 = ρrn + (1− ρ)

∣∣∣ ∂L
∂θn

∣∣∣2
• Adam [91] is an adaptive momentum algorithm with a similar policy than RMSProp

but uses also a correction of bias.

These algorithms are explained into further details by Goodfellow et al. [2] alongside technical
pieces of advice on how to use them efficiently. However at that time, there is no consen-
sus on which of these algorithms works best. It may be specifically related to the problem
that is adressed and also to the ability of the user to chose these hyper-parameters (η0, ρ, ε, ...).

A different family of optimizers are approximated second-order methods. If we write the
second order approximation of the new loss function
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(a) (b) (c)

Figure 3.2 Illustration of some common optimization problems when the hessian matrix is
poorly conditioned. Here contours of a quadratic loss are plotted in a 2D space of parameters
using direct gradient descent (a), momentum with the direction of the gradient depicted with
black arrows (b) and the steepest descent (c). Figures are reproduced from chapter 4 and 8
of Goodfellow et al. [2]

L(θn+1) = L(θn) + (θn+1 − θn)T ∂L(θn)
∂θ

+ 1
2 (θn+1 − θn)T

[
∂2L(θn)
∂θi∂θj

]
i,j

(θn+1 − θn) , (3.11)

the Hessian matrix H =
[
∂2L(θn)
∂θi∂θj

]
i,j

appears. Supposing that we reach the minima at the

next step, we can make the assumption that ∂L(θn+1)
∂θ

= 0 = ∂L(θn)
∂θ

+ (θn+1 − θn)T H at the
first order. If we are able to compute the inverse matrix of the Hessian, then we can get:

θn+1 = H−1∂L(θn)
∂θ

. (3.12)

In an exact quadratic problem, this method would converge exactly in one iteration. How-
ever it might still work for non quadratic and even sometimes in non convex optimization.
Though, the problem is that computing and storing this matrix is expensive (for a num-
ber N ∼ 103 − 104 of coefficients in θ, computing H requires N2 second order derivatives).
And even more, finding the inverse is usually an operation which complexity is in N3 (with
Gaussian elimination for instance) which is even more expensive and which should be done at
every iteration. In practical applications, NN can not afford these computations. Nonetheless,
there are methods that approximates the Hessian and its inverse using only first order deriva-
tives. Among them, conjugate gradient and Broyden-Fletcher-Goldfarb-Shanno (BFGS) are
two methods that avoid computing the inverse of the Hessian by using iteratively equivalent
quantities. BFGS in particular uses a sequence of matrices that are refined to approximate
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directly H−1. In this thesis, a variant called L-BFGS (L- for Low memory) is used and thanks
to some assumptions on the initial guess of the approximated inverse, it helps reducing the
number of coefficients to store.

The succession of operation when creating and training a Neural Network can be summarized
in the algorithm 1. After the steps of construction of the model and the loss, preparation
of training data and initialization of θ0 that were discussed previously in this section, the
training loop begins. It consists in applying successively the optimizer strategy to refine the
parameters θ. A criteria must be given for stopping the training. It can be a limit of time,
a threshold value for the loss function or based on the fact that the loss stagnates.

Another detail which is not discussed here is the possibility to split the training into batches
so that the optimization is performed with smaller data set. Also, a part of the data should
be kept apart and not used for the training in order to validate the model in the end with
"new" points that have not been used for optimization. For PINNs and in this thesis we call
this the validation data set. But it must be said that in ML in general, this is called the
testing data set because the validation data set is used during the training alongside the
training data set. The choice to keep the formulation validation data set aims to better
match the standard wording in CFD where the validation is performed at the end.

Algorithm 1: Algorithm to create and train a NN
Input: Hyper-parameters of the NN (size, σ) and optimization (method, learning

rate η, training limit ...)
Result: A trained NN
Construct the structure of the NN x, θ → yMLP (x; θ);
Construct the loss function (xdata, ydata), θ → L [(xdata, ydata); θ];
Prepare training data (xdata, ydata);
Initialize the parameters of the model θ;
while training limit is not reached do

Prepare the batch ;
Compute the loss L [(xdata, ydata); θ];
Compute loss derivatives ∂L

∂θ
[(xdata, ydata); θ];

Update parameters θ;
end
Compute loss on validation data;
Other outputs and predictions;
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3.2 Physics-Informed Neural Networks as an application of MLP

Physics-Informed Neural Networks (PINN) are direct applications of feed forward NN that
were presented in the previous section. The specificity of PINNs compared to a general MLP
is to be found in two points:

• PINNs approximate a physical quantity as a symbolic and continuous function of phys-
ical coordinates (i.e. space and time). If a fluid or solid domain of space Ω ⊂ R3 is
considered, then the input of the MLP is the list of space time coordinates composed
at most of the 3 coordinates in space (x, y, z) ∈ Ω and one in time t ∈ [Tmin, Tmax] ⊂ R.
The output is a continuous field like a component of velocity, a displacement, a pressure
field, etc.

• An additional term that considers previous knowledge of physical principles is added
to the loss. These physical principles can be transcribed as a set of partial differential
equations (PDE). The added term in the loss is a discrete approximation of the integral
of the residuals of this PDE over the domain Ω.

The first point reduces drastically the size of the NN to train since the number of inputs and
outputs are limited to a very low number of scalar (between 1 to 10). This means that for
getting the value of the approximated field at some point, one need to provide the coordinates
in space and time of the point. Consequently, the PINN encodes the physical phenomena
without having an explicit discretisation of the domain. In other terms, PINNs are mesh-free
techniques. However it is limited to one solution for a given configuration.

The second points is interesting when there is little data to fit because it gives a rule on how
the NN should interpolate between two data points. An illustrative example is displayed in
Figure 3.3. It consists of a 1D function y(x) of a 1D coordinate x that is to be retrieved
with only the knowledge of two measurements (depicted by red squares on the graph). If
we use any kind of fitting, we can easily find a function that goes by these two points. But
this choice of fitting is quite arbitrary and there is a low confidence in the capacity of this
fitting to generalize to other values (either interpolation or extrapolation). However if we
know that this function describes a phenomena that has an exponential behaviour (with the
ordinary differential equation (ODE) dy/dx = αy), we can try to find a shape of function that
fits the measurements and this equation. This ODE is evaluated at several points, that are
called penalization points and we sample them all along the domain. They are depicted with
blue cross in Figure 3.3. In that example, the parameter α was unknown but it can still be
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optimized as an auxiliary variable during the training. This example is trivial since we could
have also directly fitted an exponential. However, this formalism can deal with redundancy
of the information and ill-posed problem. For instance, if we are provided 4 data points for
only 2 degrees of freedom in an exponential model, this leads to an over-constrained problem.
The optimization framework of the PINN deals directly with it. Besides it might be more
robust regarding noises in data than a direct technique that would use only 2 points over the
4 to obtain a well-posed problem. Secondly, in fluid application, there is usually no analytical
solution that is previously known so a PINN is one of the most general type of fitting which
is compatible with an estimation of the error on the PDE.

Mathematically, the penalization of the equations uses the same technique of automatic-
differentiation than for the optimization of the loss function. It is simply applied to the
relation between the output and the input, which, in a PINN, have physical interpretations.
Given a (potentially non linear) differential operator N for our PINN x → y(x; θ), the
different terms in the expression of N can be summed using any order derivatives of y with
respect to x. In a PDE where N (y) = 0 on a domain Ω, the residuals of the integral quantity
are expected to converge toward zero:

∫
Ω
|N [y] (x)|2 dx→ 0. (3.13)

This integral is numerically approximated by a Riemann sum using Monte-Carlo method

∫
Ω
|N [y] (x)|2 dx ≈ 1

Nin

∑
xin∈Vin

|N [y] (xin)|2 ρ(xin), (3.14)

where xin ∈ Vin are a set of points that discretizes the domain Ω. This sum is weighted
by ρ(xin) which quantifies the importance of a point in the estimation of the integral. For
a uniform sampling, the weighting of points is constant and equal to the measure of the
domain (length, surface or volume in 1D, 2D and 3D respectively) : ρ(xin) = |Ω|. But when
strong variations are expected, other strategies of sampling can be used. For example one
can sample points using a Probability Density Function (PDF) that is directly linked with
the norm of the gradients dy/dx or the Hessian d2y/dx2 or the local values of the residuals.
Then using the PDF of the sampling of Vin, the weight scales as the inverse of the PDF
ρ(xin) = 1

PDF (xin) . However for practical reasons and because we are not interested in the
exact value of the integral of the residuals, we do not always take into account the effects of
this non uniform weighting. The loss term associated with equation penalizations is finally
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Figure 3.3 Illustration of the interest of physical regularization in PINNs. Here two fitting
points are provided (red squares) and a basic PINN is trained to fit it as well as an exponential
ODE (orange solid line). Penalization points of the ODE are distributed regularly (blue cross)
and polynomial fittings are displayed for illustrative purpose.

written as

Leqs = 1
Nin

∑
xin∈Vin

|N [y] (xin)|2 , (3.15)

and in a PINN, the complete loss is

L = Leqs + Lm, (3.16)

where Lm is the exact same mean square error than previously described for general MLP.
Here, the subscript m stands for measurements. But this part of the loss also includes
boundary conditions and initial conditions if any of these are provided. In the case of a
Dirichlet boundary condition, for instance y(x) = y0(x) for x ∈ ∂Ω where y0 is a known
function, there will be

Lm = Lbc = 1
Nbc

∑
xbc∈Vbc

[
yMLP (xbc; θ)− y0(xbc)

]2
, (3.17)

where Vbc is a discrete sampling of ∂Ω with Nbc points in it. This loss term can also take into
account the derivatives of the PINN when using Neumann boundary conditions using the
same tools as in the penalization of the equations. Also it can be noticed that for a PINN
which solves an unsteady problem (with inputs containing space and time dimensions), the
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time dimension is strictly equivalent to another space dimension. In that sense, an ini-
tial condition is directly equivalent to a boundary condition on the border of [Tmin, Tmax].
Consequently, it is direct to use a final condition (or a condition at any time instant in
tbc ∈ [Tmin, Tmax] with the formalism of Lm. This is why PINNs are in design well suited for
non direct problem that would otherwise be solved using the shooting method.

Finally, the summation L = Leqs + Lm is a special case of L = λeqsLeqs + λmLm where λeqs
and λm are weights associated with each type of loss. In some cases, different weighting can
be used if these two quantities are of different order of magnitudes or have different levels of
importance. It is also possible to use an adaptive weighting as discussed by Wang et al. [82]
to solve convergence failures in PINNs. Nonetheless in this thesis, all the fields are made
dimensionless using relevant quantities so that all the fields and their first derivatives are of
order of magnitude 1. Then every sums in the loss are averaged by the number of terms.
This should lead to approximately equivalent terms for each part. This is why λeqs = λm = 1
have been kept in the following sections of this thesis.

3.2.1 Types of measurements data

PINNs are very flexible with the quantity and the type of data that is provided in the loss
term Lm. Here we list different classical approaches for reconstructing the solution of a PDE
with PINNs:

• The direct problem which consists in providing only the boundary (in space and/or
time) conditions, without any measurement point inside the domain Ω. The physical
regularization (penalization of PDE) is therefore used to interpolate inside the domain
using a solution that verifies physical laws. An example is provided in Figure 3.4a
where penalization points are also plotted with a random sampling of Vin.

• A dense data set can be used when some measurements are available everywhere in the
domain as illustrated in Figure 3.4c with red points randomly sampled. This definition
is qualitative and requires a certain level of interpretation. However it means that there
are no large area without any other information than the physical regularization. This
type of problem is usually easier to solve with PINNs than a direct problem. Indeed
optimizing with a lot of data a shape that is largely known is easier than finding an
unknown shape with indirect information provided by a PDE. On the other hand, this
type of problem may have a lesser interest for practical applications since it means
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that there is already a lot of information on the field to be reconstructed. One goal
of this can be to correct the information: for example there can be noise or errors in
PIV measurements and these imperfect data can be input into a PINN that can correct
them and smooth them using the physical regularization. Another topic that will be
discussed afterwards is the possibility to retrieve a field using dense measurements of
another variable that is indirectly linked to this first quantity through a coupled PDE.

• When only a very specific area of the domain is accessible for measurements, the ob-
tained data set can be sparse. This is the case if a recording is done with a local
probe, even on a moving path as illustrated in Figure 3.4d and looked at in chapter 4.
Also large area without accessible measurements can fit in the sparse data type and is
illustrated with the examples of an array of cylinders in appendix A.2.2. This is a very
interesting application for PINNs compared to classical methods since classical methods
often need to perform a shooting technique. That consist of carrying a simulation from
an initial unknown boundary and initial condition, then integrating in time, computing
the difference with the provided data and then optimize the boundary/initial conditions
in order to minimize this error. Therefore, this requires several time-integration of the
PDE over the domain (or "shots") which is expensive while running an optimization
over that. In a PINN, the shot is itself an optimization and both are done concurrently.

Reconstruction of an indirect variable is a practical application that has an engineering
interest and which is highlighted in some studies. Here are some examples for incompressible
flows:

• In this thesis (and in other articles [66]), the pressure field have been reconstructed
without using pressure data but only using the coupling between the pressure-gradient
and other terms of velocity in the momentum equation of Navier-Stokes. This recon-
struction can only be achieved up to an unknown constant for the pressure field. This
is why in this thesis we have used a condition at some point to fix the constant value
of the pressure. Reconstructing p leads to the estimation of the local forces on the
frontiers with a solid which, then, allows the prediction of unsteady drag and lift.

• In Deep Learning of Vortex Induced Vibrations [72], Raissi et al. used some snapshots
of the concentration of a passive scalar c(x, y, t) alongside movements of a border to
retrieve velocity and pressure fields. In addition of the NS equations, an advection-
diffusion equation is added and the link between c and velocities is to be found in the
advection term.
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(a) Direct problem (b) Over-constrained direct problem

(c) Dense data (d) Sparse data

Figure 3.4 Illustration of the types of data that can be fed inside the measurement loss term
Lm. Boundary conditions are depicted with green squares (for space) and blue cross (for
time), penalization points for the equations are plotted with small black points and direct
measurements data inside the domain are in middle-size red dots.
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• A set of 2D snapshots of temperature over an espresso cup using Schlieren videos
leads to the reconstruction of the 3D, unsteady and continuous fields of velocity u, v, w,
pressure p and temperature T [92]. The only direct measurement is for the temperature
field. Coupling between temperature and velocity appears in the advection-diffusion
equation as well as the gravity term in the momentum equation. Pressure field is
retrieved with the link between the pressure gradient and other terms of velocity in the
momentum equation.

• This last example also illustrated the interest of being able to perform 3D and unsteady
continuous reconstruction using only 2D information at discrete time steps. Some recent
papers have discussed this but outside of the framework of PINNs (Pérez et al. [93] for
instance) but PINNs could be promising candidates to succeed in that kind of challenge.

The objective of retrieving a field using indirect measurements can also be reached using
other types of data, even sparse measurements. Nonetheless, the difficulty of the reconstruc-
tion will increase as soon as the quantity and the quality of the measurements decrease, the
sparsity increases and the level of proximity of the value that is measured and the field that
is reconstructed.

3.2.2 Optimization of auxiliary variables

In many situations illustrated in the previous subsection, the problem to solve is ill-posed.
There are often some redundancy in the data that over-constrain the solution. Especially,
there is no certainty that there is a solution that verifies exactly the PDE and the fitting. In
the example depicted at Figure 3.4, only the first plot (a) can satisfy the condition for the
problem to be well-posed (in the sense of Hadamard with existence, unicity and continuity
of the solution with the initial conditions). For a classical numerical simulations formulated
as a direct problem, this property is required for the solution to be computed. But it would
not be possible for the conditions depicted at 3.4b where both initial and final conditions are
provided for the time dimension. In a PINN, this is less of a problem since the solution of
PDE and the distance to boundary conditions are optimized concurrently and incorporated
in the loss in a similar way.

Moreover, this redundancy of information can be used to find some auxiliary parameter
while the field is reconstructed. This is called parameter identification and it has several
application. Here we give several examples of these:
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• In the example illustrated in Figure 3.3, the objective is to fit two data points (xdata, ydata)
using a PINN y(x; θ) which is informed that y verifies an exponential-type behaviour
y′ = αy. At that point α is unknown. However, as the expected solution is of the form
ytheo. = βeαx, there are only two degrees of freedom. With these two data points, find-
ing β and α is a well-constrained problem under the conditions that the data points are
compatible with an exponential shape (and especially that they have the same sign).
This can be extended to the PINN where the loss function is :

L = 1
2

2∑
k=1

[y(xdata; θ)− ydata]2 + 1
Nin

∑
xin∈Vin

[y′(xin; θ)− αy(xin; θ)]2 . (3.18)

In Tensorflow, α can also be set as a variable to be optimized as all the other variables
of the models θ which leads to the computation of ∂L

∂α
alongside ∂L

∂θ
.

• In a simple Poiseuille problem consisting of a 2D steady incompressible flow in a rectan-
gular channel of width H and length L as pictured in Figure 3.5a, the expected profile
is parabolic :

u(x, y) =RePin − Pout2L

(
H2

4 − y
2
)
,

v(x, y) =0,

p(x, y) =Pin −
Pin − Pout

L
x.

(3.19)

So we can train a PINN to solve this problem while providing it with some simulated
measurement data using the analytical solution. In this example, we used a sampling for
penalization of the unsteady equation Vin of size Nin = 4× 104, and a dense sampling
of points for measurements (um, vm, pm) of size Nm = 1× 103 as well as boundary
conditions sampled on Vbc (of size Nbc for each boundary). The complete loss function
writes as
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L = 1
Nin

∑
xin,yin∈Vin


[
u
∂u

∂x
+ v

∂u

∂y
+ ∂p

∂x
−Re−1

(
∂2u

∂x2 + ∂2u

∂y2

)]2

+
[
u
∂v

∂x
+ v

∂v

∂y
+ ∂p

∂y
−Re−1

(
∂2v

∂x2 + ∂2v

∂y2

)]2

+
[
∂u

∂x
+ ∂v

∂y

]2

x=xin,y=yin

+ 1
Nm

∑
xm,ym∈Vm

{
[u− um]2 + [v − vm]2 + [p− pm]2

}
x=xm,y=ym

+ 1
Nbc

∑
xbc,ybc∈V inlet

bc

[p− Pin]2x=xbc,y=ybc
+ 1
Nbc

∑
xbc,ybc∈V outlet

bc

[p− Pout]2x=xbc,y=ybc

+ 1
Nbc

∑
xbc,ybc∈V wall

bc

[
u2 + v2

]
x=xbc,y=ybc

.

(3.20)

where the PINNs approximates x, y → u, v, p and with Re and Pin that are unknown
variables optimized concurrently. Here, using H, Pin and ρ as typical scales, the fields
u, v, p and therefore the cost function are dimensionless. With as few measurement
points as Nm = 10, the relative error ε on guessed Re and Pin (denoted with the
subscript guess compared with the exact value with the subscript exact) were of the
order of magnitude of 1× 10−3. But what is even more interesting to observe is the
effect of noise on the identification. Therefore, we added a Gaussian noise N (µ = 0, σ)
with a zero-average and a given standard deviation σ. The noise is independently
added to every measurement point for um, vm and pm and several PINNs are trained
using different levels of σ. The results depicted in Figure 3.5b show that the relative
error ε =

∣∣∣Reguess−Reexact

Reexact

∣∣∣+ ∣∣∣P guess
in −P exact

in

P exact
in

∣∣∣ is stable at low values for a noise level σ lower
or similar to 1× 10−2. Even for 1× 10−2 < σ < 1× 10−1, the relative error for both
predictions stay under 1% which tends to indicate that the identification is noise-robust
on a large range of noise level.

• In chapter 4, we performed a study that shows that delays for out-of-synchronization
signals can be retrieved in a periodic flow using the same formalism for parameters
identification.

• A slightly different example of application is provided by Raissi et al. in Deep Learning
of Vortex Induced Vibrations [72] where stiffness and damping coefficients of a spring-
mounted cylinder are identified with a relative error below 1%.
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Figure 3.5 Identification of flow parameters in a Poiseuille flow: geometrical configuration
used for the training of PINNs (a); and the sum of relative errors obtained for the identifi-
cation of Reynolds number and pressure gradient as a function of noise in the measurements
(b)

(a) (b)

Figure 3.6 Shape of the loss function L of a PINN that solves a Poiseuille flow as described
at page 34. Auxiliary variables Re and Pin in (a), and two parameters of the model θ1 and
θ2 randomly selected in a weight matrix and a bias vector (b) have been changed around
their optimum position (denoted with a red point). Other parameters values have been set
to their optimized state.
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The effect of auxiliary variables (the parameters that are identified) on the shape of the
loss function is difficult to quantify in general. However, as depicted in Figure 3.6 for the
Poiseuille flow where the total loss L containing penalization of equations, BC and a few mea-
surements have been plotted for values of parameters around their optimized state, auxiliary
variables might create a parameter space where L can be nearly convex near the optimum
value. Moreover, as intuited1 by Goodfellow et al. [2], even if neural networks are non-convex
in general, it seems that in many applications the loss function often displays simple math-
ematical shape with nearly-convex properties. Besides, the effect of auxiliary variables (like
the Reynolds number and the pressure gradient to retrieve in the Poiseuille flow) seems to
be similar to those of other parameters that define the neural network.

In terms of redundancy, it may also be noted that optimizing a PINN is equivalent to finding
optimal values for all the parameters in θ. In other words, it can be better to over-constrain
the optimization by using a number of points sampled in the domain (for penalization of the
equations and for measurements) that is greater than the number of degrees of freedom θ.

3.3 Specificity of PINNs for incompressible fluid flows

This thesis focuses on the use of PINNs for fluid dynamics (with pieces of fluid-structure
interactions in the last chapter). In this section, we recall the equations and typical boundary
conditions that will be used through the examples.

3.3.1 Equation penalization

In a two dimensional domain of space x, y ∈ Ω considered over a time period t ∈ [Tmin, Tmax],
an unsteady incompressible flow is fully described by the two components of the velocity u, v
(respectively horizontal and vertical) and the pressure p. In their dimensionless form, the
equations of motion for a mesoscopic particle of fluid can be written in their strong form
using the three Navier-Stokes equations:

∂u

∂x
+ ∂v

∂y
= 0, (3.21)

1See the discussion in the caption of Figure 8.2 in Chapter 8 - Optimisation for training deep
models of Deep Learning Book, from Goodfellow et al. which is in open access at deeplearning-
book.org/contents/optimization.html

https://www.deeplearningbook.org/contents/optimization.html
https://www.deeplearningbook.org/contents/optimization.html
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which enforces the conservation of mass (or equivalently volume for an incompressible flow).
Conservation of momentum in the x and y directions are written as

∂u

∂t
+ u

∂u

∂x
+ v

∂u

∂y
+ ∂p

∂x
−Re−1

(
∂2u

∂x2 + ∂2u

∂y2

)
= fx, (3.22)

∂v

∂t
+ u

∂v

∂x
+ v

∂v

∂y
+ ∂p

∂y
−Re−1

(
∂2v

∂x2 + ∂2v

∂y2

)
= fy, (3.23)

where fx and fy are external forcing terms. Here the fluid is considered Newtonian with
a fixed viscosity taken into account in the Reynolds number Re. Besides for incompress-
ible flows, it is assumed that there are no coupling with the thermodynamic properties like
energy, temperature and pressure that explains the low number of equations compared to
compressible Navier-Stokes equations. This assumption is valid as far as the Mach number
M which is the ratio of the velocity of the flow and the speed of sound, stays under values
around M < 0.3. For the example that we are looking at in this thesis, we want to mimic
the behaviour of water at very low values of velocity compared to its speed of sound (about
1480 m/s at 20 ◦C), which justifies the incompressible hypothesis.

3.3.2 Boundary conditions and computation of forces

In flow problems, here are the classical boundary conditions (BC) that we may apply on a
border with normal and tangent vectors n = (nx, ny) and t = (tx, ty):

• The no-slip boundary where the velocity of the flow equals the velocity of the border.
For a fixed solid, it simply consists in u = (u, v) = 0. This is the standard BC for a
wall-type boundary.

• Slip boundary conditions are less restrictive than the no-slip condition. Especially,
free-slip allows a non-zero tangential velocity. However, no normal velocity is permitted
(n.u = 0) since it would violates the principles of non penetration of the flow in the
solid. In that case it can also be able to specify a shear rate or even more complex
finite slip.

• A symmetric boundary condition can be considered for dividing the domain in half. In
that case we have a zero gradient of the tangential component of velocity and pressure
∂
∂n =

(
nx

∂
∂x

+ ny
∂
∂y

)
= 0 for u, v and p as well as a non-penetration for the normal

velocity u.n = nxu+ nyv = 0.
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• A uniform flow, especially for inlet condition (u, v) = (ubc, vbc).

• A given value of pressure, or a value for the average pressure as proposed by ANSYS CFX
for outlets conditions.

For PINN reconstruction, it may also be possible not to penalize boundary condition, espe-
cially for the exterior border of the domain. Indeed the information of the effect of exterior
BC on the interior flow can be implicitly given by dense measurements data distributed in-
side the domain. However this might generate some errors for the extrapolation of the fields
outside of the spatial range of data. Nonetheless this is quite practical if we reconstruct only
a part of the flow far from the actual boundaries (wall in a wind tunnel, or BC in CFD data).
Consequently, there are no simple boundary conditions to apply in that case.

Other dynamical conditions are discussed especially in the fluid-structure chapter since the
kinematic quantities (u and v) are related to the forces (shear stress, pressure). Besides,
prediction of the forces from sparse measurements in the flow is also useful for the design of
an engineering solution. In order to compute the forces, any derivative of the flow quantities
along the boundary direction should be accessible for computation. To do so, a curvilinear
abscissa is used to define a 1D border. This curvilinear abscissa s is made dimensionless
and normalized so that the function s ∈ [0, 1] → xbc(s), ybc(s) defines the coordinates of the
border. The two values s = 0 and s = 1 define the two extremities of this border and also
define an orientation that will orient the normal and tangent vectors. Finally, tangent vector
is obtained with the derivatives of these coordinates along the path:

t = (tx, ty) =
(
∂xbc
∂s

,
∂ybc
∂s

)
. (3.24)

In a 2D problem, the normal vector can be found with a rotation of 90◦:

n = (nx, ny) = (−ty, tx) =
(
−∂ybc
∂s

,
∂xbc
∂s

)
, (3.25)

so that n.t = nxtx+nyty = 0. In a 3D problem where the border would be a plane, one would
have to obtain two independent tangential vectors and then compute the normal direction
with a cross product.

Then, the local fluid force on the border consists of a pressure term −pn and a viscous term
τ.n. This last one has both normal and tangential components. Here the normal is considered
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from the solid to the fluid following the usual conventions. This detail must be considered
while choosing the orientation of the curvilinear abscissa. The expression of the local force
vector df = (dfx, dfy) writes as:

dfx =− pnx + 2
Re

∂u

∂x
nx + 1

Re

(
∂u

∂y
+ ∂v

∂x

)
ny, (3.26)

dfy =− pny + 2
Re

∂v

∂y
ny + 1

Re

(
∂u

∂y
+ ∂v

∂x

)
nx, (3.27)

and to retrieve the complete force, it can be integrated all over the border

F(t) =
∫
∂Ωf

df(x, y, t)dl =
∫

[0,1]
df (xBC(s), yBC(s), t)

∣∣∣∣∣dl(s)ds

∣∣∣∣∣ ds, (3.28)

with the change of variable s that introduces the length per unit of s: dl =
∣∣∣dl(s)
ds

∣∣∣ ds. Then we
approximate this quantity using the Monte-Carlo method as described previously at equation
3.14

F(t) ≈ 1
cardVs

∑
s∈Vs

df (xBC(s), yBC(s), t)
∣∣∣∣∣dl(s)ds

∣∣∣∣∣ , (3.29)

by sampling points only for s ∈ Vs ⊂ [0, 1] where Vs is a discrete sampling of size Ns. The
same type of non uniform sampling strategies may apply here, especially when the local forces
varies steeply along the border. In a uniform sampling,

∣∣∣dl(s)
ds

∣∣∣ would equal the length of the
border.

3.4 Discussion on training and improvements

In this section are described technical details that are required to reproduce the results pre-
sented in this thesis. It seems that a judicious choice of these settings has a major influence
on the convergence of PINNs. However, there is no practical guide that can be found in the
scientific literature to our knowledge. The ideas presented through this sections are therefore
derived from the experience of the test cases explored during this thesis and by reverse-
engineering of several PINN codes from papers [66, 72] among others. When it is possible,
some simple mathematical justifications are derived. Nonetheless, a more extensive guide
could be of interest for future developments of PINNs. One can also refer to Monte-Carlo
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techniques [94,95] for a more general introduction.

3.4.1 Strategies of point sampling

Although PINNs are mesh-free methods since the definition of the solution do not rest upon
elements or points attached at specific spatial location, the equations that we aim at enforc-
ing need to be evaluated at actual locations. To do that, one needs to sample points which
approximate integral quantities as discussed alongside equation 3.14 for the PDE residuals
and equation 3.29 for the integration of local force values along a frontier. As demonstrated
in section 3.1, this sampling is completely independent of the solution, it can be provided
before or after the creation of the model and even changed during the optimization process.
In this subsection are described some practical strategies to get a more accurate solution
regarding the physical regularization term.

For equations penalization

For a given domain, a direct method to perform the sampling of penalization points is to use
a random uniform distribution, especially when there is no a priori knowledge of the solution.
This is the method performed by Raissi et al. [66] for several PDE. In practice, for a domain
defined by a rectangle x, y ∈ [Lx,min, Lx,max]× [Ly,min, Ly,max], this sampling is obtained using
an affine transformation

xin ∼ Lx,min + (Lx,max − Lx,min)× U(0, 1),

yin ∼ Ly,min + (Ly,max − Ly,min)× U(0, 1),
(3.30)

where U(0, 1) is the uniform law in the interval [0, 1]. If a body is present in the domain
(like a cylinder), the points inside the body need to be removed from the set of generated
points. A function that performs this discrimination is required. In the case of a cylinder
which centre is xc, yc and which is of radius rc, the threshold is :

if r =
√

(x− xc)2 + (y − yc)2 < rc, then discard the point. (3.31)

This technique can be extended if several bodies are present with the requirement of being
outside every cylinder. But for non trivial shapes, this calculus may be less direct. In the
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case of a turbine blade profile presented in appendix A.2.1, a function has already been con-
structed that gives the radius of the border with respect to a chosen centre and the angle
θ. In that case, we can replace rc by rc (θ(x, y)) in equation 3.31. But for a more general
context, one will need a function h(x, y) with values that can be compared to a threshold to
determine if the newly sampled points are inside or outside the bodies (and thus the fluid
domain). This function can be a pre-trained NN on data from CAD. One example presented
in appendix A.2.1 is h(x, y) = distance[(x, y), ∂Ω] the distance between a given point (x, y)
and the nearest point on the border ∂Ω (if outside the body, 0 for points inside the body).
In that case, only points that have h(xin, yin) > 0 would be conserved for training of the
equations in the fluid domain.

In the case a mesh already exists, it is possible to use the points at the nodes for the penal-
ization of the equations. However, it can be problematic not to be able to generate other
points for validation purpose for instance. Also, depending on the activation function, it can
be expected that a regular distance between the points (from a Cartesian grid for instance)
might introduce a length scale that has no physical sense and oscillations at a given wave-
number could appear.

It is also possible to increase the number of penalization points in some area where we expect
the flow to have more complex patterns, like the boundary layer with larger shear rate and
possible detachment. This idea have been employed by Raissi et al. [72] for the unsteady
flow around a cylinder. For high speed flows with shock-waves, the influence of the sampling
is studied by Mao et al. [71]. An accurate reconstruction of these phenomena can lead to im-
provements in the estimation of the forces and for other flow features further down the wake
(like some shedding of vortices that is influenced by the detachment of the boundary layer).
A way of doing this is to reserve a given proportion of penalization points for a reduced area
in the desired region. For a cylinder, the area defined by the points that are less than a
radius away from the border can be used with that purpose in mind. The concentration of
penalization points near the boundary is implemented in chapter 4. In the end, there is no
absolute method to balance how many points in which area one needs to sample with no
a-priori estimation of the flow features. Only experience might tell the good practices which
result in a compromise between computational costs with the available resources, training
time, desired accuracy and priority features.
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For estimation of integral quantities

An accurate estimation of forces is of prime interest for engineering application. However, an
exact computation for the integral is not available. An approximate solution is constructed
as a generalization of the rectangle method. For a quantity f(x) alongside a direction x in
an interval [a, b], the regular discretisation which is a Riemann sum consists in:

F =
∫ b

a
f(x)dx ≈ b− a

N

N−1∑
k=0

f

(
a+ k

N − 1(b− a)
)
. (3.32)

In the case of a non-regular discretisation of [a, b], the Riemann sum writes as

F =
∫ b

a
f(x)dx ≈

N−1∑
k=0

∆xkf (xk) , (3.33)

where ∆xk = xk+1 − xk is the step size. In a Monte-Carlo method, a very similar approach
is used excepted that the (xk)k is not an ordered discretisation of the domain like a grid in a
mesh. Instead, (xk)k is a random sampling of points in the interval [a, b]. Therefore xk+1−xk
does not make sense anymore since the values of xk are not ordered. However, this term still
quantifies the concentration of points at xk. This is replaced by ∆xk = 1/(N × p(xk)) where
p is the probability distribution function (PDF) of the random variable x. It can be proved
that the estimator I = 1

N

∑
k f(xk)/p(xk) gives the right result on average by looking at the

expectation of the random variable f/p:

E[f/p] =
∫ b

a

f(x)
p(x) p(x)dx =

∫ b

a
f(x)dx = F. (3.34)

The choice of sampling probability function is however not easy. A uniform sampling provides
a direct way, straightforward to implement in the code since p(x) = 1

b−a . However, it may
not be adapted to capture steep variation of f at some locations. In other words, only few
points are enough to approximate the integral quantity using a rectangle method where f
is nearly constant. However when |df/dx| is large, the error is more important and there
would be improvements if more points were sampled in that area. To understand it more
mathematically, we take the example of a Riemann sum. If we assume that f is at least C2,
which is the case since we use combinations of functions that are C∞ in the NN, then we can
write the second order Taylor expansion near a point xk:
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δF (xk) =
∫ xk+∆xk

xk

f(x)dx,

=
∫ xk+∆xk

xk

[
f(xk) + x

df

dx
(xk) + x2

2
d2f

dx2 (xk) +O(x3)
]
dx,

= ∆xkf(xk) + ∆x2
k

2
df

dx
(xk) + ∆x3

k

6
d2f

dx2 (xk) +O(∆x4
k).

(3.35)

Now that F = ∑
k δF (xk) we have the error on the estimation of F that scales like

F −
N−1∑
k=0

∆xkf (xk) =
N−1∑
k=0

[
∆x2

k

2
df

dx
(xk) + ∆x3

k

6
d2f

dx2 (xk) +O(∆x4
k)
]
. (3.36)

So we may want to balance a large value of df
dx

by a small value of ∆xk. Recalling that
∆xk ∼ 1/p(xk), we could have a PDF that is defined using a power of |df/dx|.

In the case where a higher integration scheme is adapted, for example:

F ≈ 1
N

N−1∑
k=0

∆xkf(xk) + ∆x2
k

2 f(xk) = 1
N

N−1∑
k=0

f(xk)
p(xk)

+ 1
Np2(xk)

df

dx
(xk), (3.37)

the error would depend mainly of the second order derivative d2f/dx2 at the first remaining
order. Thus, the sampling distribution could follow a probability p that scales with a power
of |d2f/dx2|.

The practical interest in PINNs is that those derivatives are directly available, even on com-
plex path like borders defined by curvilinear abscissa. This makes it quite direct to define
such a sampling using an existing quantity related to the output of a PINN. However to our
knowledge, it has not been used explicitly in any paper from the literature.

In the case of p(x) = c |df/dx|α where c and α are 2 positive constants, it is possible to sample
points using the rejection method [96], also found under the name accept-reject method. A
simple version of this method consists in:

Choose x ∼ U(a, b) and y ∼ U(0,max
[a,b]

p), if y < p(x) then keep x, otherwise discard x.
(3.38)
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With the application of the computation of forces in mind, this can be translated with
s ∈ [0, 1] instead of x ∈ [a, b].

Sampling of penalization points in several batches

Although it is not that useful to sample measurements data points into small samples in their
is only a little data, it is however of interest to use as much as possible different training data
points for equation penalization. However there are technical limitations in terms of memory
capacity. Moreover as ML is designed for parallelized tasks on GPU architecture, the RAM
on a GPU is today more expensive and can not be upgraded easily compared to the RAM
associated with a CPU. Besides, a GPU is physically located far away from the CPU. This
may cause memory transfer bottlenecks if the whole training set need to be sent in several
packs between CPU RAM and GPU RAM at each iteration.

One way of dealing with this issue is to split the training set of equation penalization points
into several batches and perform a turn over at a given rate between the batches. However
there is a compromise to find regarding the actual size of the batch. If they are too small, the
information is incomplete because physical equations are not penalized everywhere enough
to properly average. Consequently the optimization steps might be erratic. On the other
hand, the width of a batch is limited by the available space on the GPU RAM and with the
associated increase in computational time.

Distribution of batches on several GPUs

Scaling to a larger configuration is actually limited by the available memory on a GPU. How-
ever, since the calculations on a GPU are massively parallel, it is also possible to distribute
the training between several GPUs. In theory, it could even be possible to split the training
tasks heterogeneously with mixed GPU/CPU on different workstations and with different
sizes of batches on each of it. Each individual unit would therefore compute a part of the
loss (either Leq(V k

in) on a given set of equations penalization points (V k
in)k, or a part of Lm

for the kth-unit) and the gradients ∂L/∂θ. Then all contributions would be summed from all
the individual compute units in the main CPU and the coefficients θ would be updated and
sent to all compute units.
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This principle is depicted in theory in Figure 3.7 where θn and ηn are the parameters of the
model and the optimizer at the nth iteration and where V1 and V2 are two batches for the
data points where to compute the loss. Also the structure of the NN is stored in each com-
pute unit. The advantage of this method is that the memory flow is quite low (no data set
is transferred between iterations and only the updated parameters are propagated between
compute units), so that it could efficiently scale up to larger tasks. However we were not able
to effectively implement it and it would require low-level programming skills to efficiently
perform that distribution.

3.4.2 Convergence criteria and choice of NN size

It is of practical interest to have a convergence criteria to choose when to stop the training.
It can be complicated to interpret directly the absolute value of L obtained at the end of
training. Different approaches are listed below to get an estimation for the convergence
criteria. It consists in compairing L with:

• The machine epsilon which quantifies the smallest relative difference between two floats
that the computer is able to differentiate. Considering that ML applications are often
performed in half-precision (sometimes mixed-precision) which has a machine epsilon
εFP16 ∼ 5× 10−4, and that some CFD runs with double precision (εFP64 ∼ 1× 10−16),
we ran most of our codes in simple precision as a compromise over precision and memory
bandwidth limitations when working on a GPU. In simple precision εFP32 ∼ 1× 10−7.
Therefore, one should not expect any values of L significantly under 10−7 − 10−6.

• The square root of the loss
√
Leq corresponds to a weighted L2 error on equations. It can

be compared to Root Mean Square (RMS) targets in classical CFD codes. However,
it is non-direct to perform these comparison since some commercial CFD codes use
proprietary normalization that are not publicly available. For instance in ANSYS CFX,
the convergence criteria is either an RMS or a maximum value for the residuals of each
of the equations but there is a normalization which is space-dependant and that we
were not able to fully understand. In our case, all the physical fields are dimensionless
and of order of magnitude 1, but a non uniform sampling may result in a different loss
value if this weight is not taken into account as discussed before.

• The evolution of residuals during optimization often displays a plateau. For instance
at Figure 3.8a, the history of the PDE loss is plotted in the case of the Poiseuille
flow described at Figure 3.5a. In that case, no measurements data were provided and
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Figure 3.7 Distribution of training on several heterogeneous computational units

convergence of losses are compared for several NN sizes. One can see that for a specific
test case, converged NN are those for which the final value of the training loss went
under ∼ 10−5. In other cases discussed later for more complex flows and others read
in recent papers, it seems that an "acceptably" converged PINN has an error on its
PDE around 10−3 or under. But this value may depend upon the actual test-case
and configuration so it is difficult to give general advices. In most papers, the final
value of Leq is not mentioned. In Mao et al. [71], it seems that Leq converges around
10−2 − 10−3 whereas in Jin et al. [97], this plateau is around 10−3 − 10−5. But the
difference of test-cases makes it complicated to draw general conclusions.

However, the fitting part of the loss Lm, and especially the one for validation, is more direct
to interpret since we can compute an L2 relative error by dividing

√
Lm by the L2 norm of

our fields. Empirically we have observed that an acceptable error on the measurements can
be found around a few percents of relative difference. As the fields are of order of magnitude
1, this usually means that for Lm ∼ 10−4 − 10−3 or above, PINN predictions are in good
accordance with the validation data.

In classical numerical simulation, one tool to quantify the error that comes from the discreti-
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(a) (b)

(c)

Figure 3.8 Loss history for the computation of a Poiseuille flow: (a) for several size of NN
where Nm = 0; (b) with different numbers of measurements points Nm. In (c) a comparison of
final training loss value extracted from (a) is plotted versus the number of scalar parameters
in the NN.
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sation of the problem is to perform convergence study. One way is to increase the number of
points in the mesh, or using higher-order elements (especially for the FE method). There is
no direct transposition of this to PINNs since the method does not rely on a mesh. However,
NN with a larger number of degrees of freedom can be used. This is directly the number
of scalar in the matrices and vectors used in the sequence of affine transformations that are
tuned through optimization. It is also equal to the length of the vectors θ of all the parame-
ters of the NN.

As pictured in Figure 3.8c, the dependency of the final value of loss function (the residuals
of PDE) is not smooth in the case of solving the Poiseuille flow without measurement data.
The two first points on the plot are PINNs x, y → u, v, p with a structure [2, 1, 3] and [2, 2, 3]
neurons respectively, with hyperbolic tangent as activation functions. Residuals ∼ 10−1 are
well above 10−3 and qualitatively flows are not converged even roughly. This can be explained
because the elementary bricks are not tunable enough to approximate both u, v and p in the
same graph. However, starting from a size [2, 3, 3], the obtained residuals fall under 10−6

and are even lower than some runs with more degrees of freedom. This is a behaviour that
have been encountered in other cases in this thesis and in literature (see for instance Figure
6.7 in Goodfellow et al. [2]) and that can be summarized as follow (like the ModalPINN
in chapter 4): in simple applications, as soon as the number of degrees of freedom is large
enough to represent accurately the shape of the function (in space or time, and this criteria
can be verified qualitatively), increasing the number of degrees of freedom might not improve
significantly the precision of the solution, at least when training time is fixed. This counter
intuitive behaviour might be understood as a fragility in the optimization process. As the
problem is non convex, it is easy to be trapped in a local minima, especially when the number
of dimension increases with the size of the NN. From results presented in Figure 3.8a, we can
also notice that there is no clear indication between increasing the width of the NN or its
depth.

In other cases, in order to determine an adequate size of NN and the expected final loss
values, we proceed by following these steps:

1. Verify that the size of the NN is large enough to qualitatively approximate the phenom-
ena. To do so, training with dense data only (no equations penalization) was performed
and we checked that the reconstructed field is nearly indistinctible from the data from
numerical simulations.

2. Find the lower values for the NN size before there is the drop in loss residuals. This
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drop can be steep as in Figure 3.8c or smooth as presented in chapter 4 for the vortex
shedding using a ClassicPINN.

3. Perform flow reconstruction using both dense data and equation penalization. At the
end, there is an order of magnitude of the expected residuals for Leq. At this point, the
number of measurements points Nm may have only a limited influence as illustrated
with the example in Figure 3.8b where the Poiseuille flow is solved using equation
penalization as well as fitting data (of size Nm) from the analytical solution. From the
evolution of the training loss across iterations it can be noted that the influence of Nm

is not noticeable as soon as Nm is at least of the order of magnitude of 10. This means
that only a few fitting points in the domain significantly help the reconstruction of the
solution. For more complex applications, this typical value of Nm might be larger.

4. Use these criteria in more complex training configurations (sparse data, inverse problem,
parameters identification).

3.4.3 Training strategy in terms of optimizers and initialization of parameters

Several types of optimizers have been introduced in section 3.1. In practice, inspired by
the codes provided with some papers [65, 72, 97], we used a combination of two optimizers
L-BFGS [2,98] and Adam [91].

First, we used L-BFGS which is imported from the Scipy library interface. We do not have a
direct control of each optimization step, apart from a callback function that allows outputting
the loss value. The hyper-parameters that are set for training are both a limit of iterations
and function calls (usually set to 5× 104 but sometimes lower if it exceeds the available time
for computation) and a tolerance parameter when the relative difference between two steps
falls under it. By default this value was fixed near the machine epsilon. Details about the
parameters can be found in the documentation [99].

Then, the Adam optimizer is used directly from the Tensorflow library. For this optimizer we
have control on each iteration in the convergence loop so we can easily choose which batch,
training limit and outputs to use. We used a main learning rate of η = 1× 10−3 in most of
the trainings and let the other values to the default which are described in the documenta-
tion [100] as well.

As discussed with the jury during the thesis presentation, there are still some questions about
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the order of the optimizers. Indeed Adam offers more directly the possibility to perform train-
ing with mini-batches. This makes the loss function stochastic and therefore may prevent
from getting stuck in a local minima (since the position of local minima can change between
two consecutive batches). On the contrary, using L-BFGS-B with only one batch might lead
to a solution that can not exit a local minima, even if followed by the Adam optimizers.
One of the lead for future work would be to perform training with L-BFGS-B with several
batches by fixing the maximum number of iterations for one batch to a value to be determined.

3.5 Technical details for PINNs training in this thesis

In order to reproduce the results used in our Python codes, the list of modules and libraries
used is summarized at Table 3.1. Also, in order to be able to compare the performances
between several hardware configurations (especially when the run is limited by a maximum
duration of the training), relevant technical specifications are recalled in Table 3.2 for both
training on the desktop computer and the computational cluster on Compute Canada.

Table 3.1 List of modules loaded on Compute Canada and Python packages used in the
codes.

Package Name Version Documentation (with link)
Standard software environments StdEnv/2020 Compute Canada wiki

Nix package manager nixpkgs/16.09 Compute Canada wiki
Python python/3.7.4 Python.org and Compute Canada
Numpy 1.17.4 Numpy documentation
Scipy 1.3.2 Scipy documentation

Tensorflow CPU 1.15.0 (Desktop) Tensorflow documentation
Tensorflow GPU 1.14.1 (Graham) Tensorflow documentation

Matplotlib 3.1.1 Matplotlib documentation

https://docs.computecanada.ca/wiki/Standard_software_environments
https://en.wikipedia.org/wiki/Nix_package_manager
https://www.python.org/downloads/release/python-374/
https://docs.computecanada.ca/wiki/Python
https://numpy.org/doc/
https://docs.scipy.org/doc/scipy/reference/
https://www.tensorflow.org/api_docs
https://www.tensorflow.org/api_docs
https://matplotlib.org/
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Table 3.2 Hardware configuration for runs launched on desktop (a) and on a computational
cluster (b). More detailed documentation and specific availability of python packages can be
found in Compute Canada wiki [1]

(a) Hardware configuration on desktop computer

Property Value
CPU ref Intel i9-9900k
CPU type 8 cores/16 threads at 3.6 GHz

RAM 32 Go
GPU ref NVIDIA RTX 2060 SUPER

GPU RAM 8 Go
GPU Tensor Cores 272
GPU Cuda Cores 2176

(b) Hardware configuration on Compute Canada

Property Value
Cluster Graham

CPU type Intel Xeon Gold / Xeon Silver
Number of CPU per job 2

RAM per job 50 Go
GPU ref NVIDIA T4 Turing or V100 Volta

GPU RAM (T4) 16 Go GDDR6
GPU RAM (V100) 16 Go / 32 Go HBM2 (depends of the node)

GPU Tensor Core (T4) 320
GPU Tensor Core (V100) 640
GPU Cuda Core (T4) 2560

GPU Cuda Core (V100) 5120
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This paper presents an integration of a Fourier modal decomposition into the architecture
of a PINN. It also presents results of a quantitative study on the robustness of PINNs re-
garding the quality of provided data (noise, out of synchronization) while using sparse data.
These studies are illustrated with a laminar flow over a cylinder. This example is limited in
complexity in order to maintain brevity. Appendix A.1 discuss the choice of modal decom-
position and in appendix A.2 ModalPINN is applied to more complex flow patterns. These
appendices are not included in the submitted paper.

4.1 Abstract

Continuous reconstructions of periodic phenomena provide powerful tools to understand, pre-
dict and model natural situations and engineering problems. In line with the recent method
called Physics-Informed Neural Networks (PINN) where a multi layer perceptron directly
approximates any physical quantity as a symbolic function of time and space coordinates,
we present an extension, namely ModalPINN, that encodes the approximation of a limited
number of Fourier mode shapes. In addition to the added interpretability, this representa-
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tion performs up to two orders of magnitude more precisely for a similar number of degrees
of freedom and training time in some cases as illustrated through the test case of laminar
shedding of vortices over a cylinder. This added simplicity proves to be robust in regards
to flow reconstruction using only a limited number of sensors with asymmetric data that
simulates an experimental configuration, even when a Gaussian noise or a random delay is
added, imitating imperfect and sparse information.

4.2 Introduction

Data-assimilation techniques helped bridge the gap between experimentation, numerical sim-
ulation, and modelling in order to design better engineering solutions. However when data
is expensive to gather and therefore scarce, these conventional solutions lack physical accu-
racy. New algorithms such as Physics-Informed Neural Networks that are presented in this
paper allow using prior knowledge from Partial Differential Equations (PDE) to reconstruct
continuous fields and predict quantities of interest in the small-data regime. This leads the
way to improve the design of mechanical systems, monitor operations and perform predictive
maintenance to reduce operating cost and increase overall efficiency.

Along with a series of advances in various fields [2] such as computer vision [39] and natu-
ral language processing [41], artificial intelligence has found numerous applications in fluid
dynamics. Especially, deep learning took advantage of the massive amount of experimental
data and high-fidelity simulations [101] with applications in flow estimation [58], active con-
trol [102] or complex optimisation like collective swimming [60].

From the field of dynamical systems and sparse regression [52, 103], another branch has
emerged and aims at generalising the idea of test functions using multi layer perceptrons
that directly approximate any physical quantity as a symbolic function of spatial and tem-
poral coordinates. This technique, called Physics-Informed Neural Networks (PINN) finds
its origins in the early work of Dissanayake et al. [63] and Lagaris et al. [64]. It was met
with renewed interest since 2018. PINNs allow the reconstruction of hidden variables using
different types of data without preliminary processing, identification of PDE parameters and
resolution of complex direct and inverse problems governed by these types of equations [66].

The conciseness of implementation of this method and the profusion of PDE-governed phe-
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nomena has lead to numerous works applying the concepts of PINNs to diverse fields such as
fluid dynamics with non-newtonian fluids [67] and high-speed flows [71], but also in material
sciences [74, 77], electromagnetism [78] or nano-optic and meta-materials [79].

Improvements to the mathematical basis of PINNs have been proposed to increase the ef-
ficiency and robustness of training. For instance our paper uses a technique called prior-
dictionary [104] that allows enforcing prior knowledge about the solution such as boundary
conditions. Other papers discuss techniques to improve the activation functions by adding
degrees of freedom [84], or address deeper issues like an adaptive weighting of loss parame-
ters [82] and gradient-related issues in the optimisation process [83].

Modal approaches have been a matter of interest in flow modelling. They allow lighter repre-
sentations by extracting physically important patterns from raw data obtained by numerical
simulation or experimentation [45]. This thematic has been addressed under the scope of
machine learning with, for instance, Fourier content that is learned from the geometry in
order to improve prediction performances during the design phase [105]. Spectral methods
for high randomness have been enforced in PINNs governed by stochastics PDE [106].

Our paper is positioned in the continuity of Raissi et al. [72] where a vortex-induced vibration
(VIV) phenomena is modelled using a classical PINN. Inspired by harmonic balance tech-
niques (HBT), we aimed at directly enforcing this oscillatory phenomena in the way PINN
represents information so that it gains in interpretability. For simplicity reasons, structural
movement has not been considered in the presented results and only the fluid flow has been
reconstructed.

From an experimental point of view, flow reconstruction might be a difficult and expensive
challenge. Some techniques make it possible to obtain flow information at discrete points in
a volume or on a plane with Particle Image Velocimetry (PIV) and its tomographic and holo-
graphic variants. Other techniques give only information on traverses such as Laser Doppler
Velocimetry (LDV) or at single points like pitot probe or hot-wire anemometry [107]. These
techniques require a substantial time for calibration and may not be available everywhere
or at the same time. Moreover, recording with one pitot probe at several location results in
a set of asynchronous data. In the area close to a wall, the large gradients of velocity and
the heat-loss through the wall create flaws in PIV [108] and hot-wire measurements [109].
Some complex geometries like inter-blade regions in hydraulic turbines can be difficult to
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access and limit the area of visualisation with optical techniques [110]. Other defects can
also appear with the tracking particles such as peak-locking in PIV [111] which can corrupt
the data. In this context, PINNs can help fill the gap by interpolating between sparse data
like plane measurements to reconstruct 3D fields from 2D measurements [92]. There are still
some questions about the ability of PINN to deal with and correct these imperfections and
to extrapolate outside of the available measurement window.

The objective of this paper is to propose a simpler representation of PINNs for oscillating
phenomena, namely a ModalPINN, and quantitatively show that this simplification provides
robustness regarding sparsity, noise and lack of synchronisation in the provided data. The
following section recalls the mathematical grounds of PINNs and present our ModalPINN.
The vortex-shedding that serves as a test case is introduced in the third section with the
required adaptations. Then several training configurations are run from dense and perfect
data to flow reconstruction using sparse and artificially corrupted time signals.

4.3 Method

4.3.1 Theoretical background about physics-informed neural networks

ModalPINN is based on the concept of physics-informed neural network (PINN). Its formula-
tion is presented in the next subsection alongside some precision on the use of prior-dictionary
to enforce boundary conditions and unsteady force computation with PINN.

Physics-Informed Neural Networks

We consider a physical problem where an unknown variable q(x, t) ∈ Rn is defined as a
solution of a partial differential equation. This variable q is a function defined on a spatial
domain Ω and on a time interval [t0, tf ]. The set of equations also contains a boundary term
on ∂Ω and initial conditions:

N (q, t) = f(x, t) ∀x, t ∈ Ω× [t0, tf ],
q(x, t) = h(x, t) ∀x, t ∈ ∂Ω× [t0, tf ],

q(x, t0) = q0(x) ∀x ∈ Ω,
(4.1)

where N is a differential operator with respect to spatio-temporal coordinates, and which
can be non linear.
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The idea behind a PINN is to approximate the physical solution q with a neural network.
The neural network (NN) defined by its set of parameters θ ∈ Rp is considered as a function
of physical coordinates (here space and/or time). The approximated solution q̃ is obtained
with

q̃(·) = NN(θ; ·) ≈ q(·), (4.2)

and is completely specified once all parameters θ are set. In other words, the approximation
is continuously defined without any mesh required. For the purpose of concision, the tilde is
dropped and q̃ is referred as q from here on. It can also be noted that having time as one of
the input coordinates (x, t) is strictly equivalent as having an additional spatial dimension
in x.

The neural network NN(θ; ·) designates a symbolic graph of operations consisting of, alterna-
tively, a matrix-vector product and a sum, and a non-linear activation function σ : Rj → Rj.
For a neural networks of depth k defined with the set of parameters θ = {W0,b0, ...Wk,bk},
where Wi are matrices and bi vectors, one can obtain from an input (x, t) the output q with
the following sequence of operations

y0 = (x, t) ∈ Rn0 , usually n0 = 3 or 4,
y1 = σ (W0y0 + b0) ∈ Rn1 ,

...
yi+1 = σ (Wiyi + bi) ∈ Rni+1 ,

...
q = Wkyk + bk ∈ Rnk+1 .

(4.3)

This sequence of operation is usually illustrated by a graph, as depicted in Figure 4.1. In this
example, unknown quantities of a two dimensional incompressible flow q = (u, v, p) defined
on a 2D cartesian domain x = (x, y), are solved using a PINN for each scalar variable. It
is also possible to unite all the flow quantities in the same PINN. The choice of activation
function and neural network size are both yet to be settled in the literature dealing with
PINN. A comparison can be made with numerical methods such as finite elements where the
number of degrees of freedom is linked to the number of parameters θ that quantifies the
network’s size. Besides, activation function σ can be viewed as a form function that will help
approximate any complicated shape. For classical cases, sine and hyperbolic tangent proved
to work in previous studies [65,72]. We adopted the same choice by using σ = sin when there
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is periodicity with one of the input coordinates, and tanh in other cases like mode shapes
reconstruction.

Typical PINN algorithms optimise the set of parameters θ in order to minimise a specific
loss function L. For a PINN, the loss function is generally composed of two kinds of terms:
L = Lm + Leq where Lm and Leq respectively represent:

1. The distance to measurements or Dirichlet boundary conditions. On a sample of co-
ordinates Vm of size Nm, Lm represents the average squared distance to specific and
known values qm:

Lm = 1
Nm

∑
xm,tm∈Vm

|q̃(xm, tm)− qm|2 , (4.4)

Using a quadratic norm allows smoother differentiation. Here qm can be a sampling of
measurements data as well as boundary conditions. In that last case, Vm would be a
discrete sampling of ∂Ω× I with qm = h(xm, tm).

2. The residuals of partial differential equations or Neumann boundary conditions:

Leq = 1
Nin

∑
xin,tin∈Vin

|N (q̃(xin, tin))− f(xin, tin)|2 , (4.5)

where Vin is a sampling of the PDE domain Ω× [t0, tf ] where q is defined, and Nin its
cardinal. For Neumann boundary conditions, Vin would be a sampling of ∂Ω × [t0, tf ]
and N and f would be adapted consequently.

The second part benefits from automatic differentiation available with neural networks. Since
every operation in the operation graph is known and differentiable, derivatives with respect
to any variable in the graph can be computed exactly with most machine learning libraries
such as TensorFlow [37]. Most of the time, machine learning makes use of this property to
perform fast optimisation of parameters θ (with gradient descent for instance). But since the
input has a physical signification in PINN, it makes sense to differentiate with respect to one
of the input to compute gradients of the solution in physical space.

Once the loss function and sampling spaces Vm and Vin are defined, the model’s parameters
θ are optimised so that the approximated solution q fits best both equations and measure-
ments. Several minimising algorithms are available. The quasi-Newtonian L-BFGS-B [112]
followed by the Adam optimisers [91] are used and seemed effective from empirical observa-
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tions. Technical details about training can be found in section 4.8.

At the end of the training, Lm is computed using a larger data set V valid.
m from simulations

with new points that have not been used for optimisation. This provides a squared L2 mea-
sure of the reconstruction error that is later referred as validation error. It should be noted
that outside of PINNs literature, this quantity may be named testing loss in the field of
machine learning.

Prior-dictionary

One way to take the boundary conditions into account is to penalise the error on a sampling
of points. This is the method presented in the previous section and which is included in
the Lm term. Nonetheless, it may slow down or prevent the algorithm from converging on
a solution. This issue has been tackled by Peng et al. [104] who proposed a method called
prior-dictionary.

The idea is to force the shape of the approximated solution to fit some criteria, especially
Dirichlet conditions. If the condition to be satisfied is q(x, t) = h(x, t),∀x ∈ ∂Ω which is
independent of time, the approximated solution can be defined as

q̃(x, t) = NN(θ; x, t)× fBC(x) + h(x, t), (4.6)

using a function fBC which equals 0 at specific domain frontiers ∂Ω. Following the example
of a two-dimensional flow where q = (u, v) and x = (x, y), it is possible to impose a no-slip
boundary condition on y = 0 by defining fBC(x, y) = tanh y. This choice is not unique.
The difficulty is to select a fBC that is almost flat on the entire domain except at specific
boundaries in order to minimise the deformation of the neural network output NN(θ; x, t).

Unsteady force computations

For the computation of forces on any border, a parametric definition is used. For instance a
1D-frontier in a two-dimensional domain can be defined by s ∈ [0, 1] → (xBC(s), yBC(s)) ∈
R2. This is a symbolic function, either analytically defined by equations (as lines, circles,
parabola...) but it can also be defined by an auxiliary neural network, pre-trained to fit
any regular border. This allows a PINN to use more complex border shapes. Besides, this
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Figure 4.1 Physics Informed Neural Network classical structure for approximating a field q
as a function of spatio-temporal coordinates (x, y, t). If q were to be a vector, for instance
velocity components and pressure (u, v, p), all these quantities could go along in the output
of one PINN or in separated neural networks.

parametric approach can be generalised to higher dimensions, such as a surface defined by
(s, ξ) ∈ [0, 1]2 → (xBC , yBC , zBC) ∈ R3. Moreover for non canonical shapes, for instance with
discontinuities, it is possible to define several borders that can be separately approximated
by a symbolic function.

Once a symbolic function of the border is available, computation of the normal vector is
made possible using the automatic differentiation of neural networks with respect to s. In a
two-dimensional problem, the normal vector is given by:

~n(s) = (nx(s), ny(s)) =
(
−∂yBC

∂s
(s), ∂xBC

∂s
(s)
)
. (4.7)

Then, the total forces ~F on a border can be estimated using an empirical average with the
Monte Carlo method in order to integrate local forces ~df(x, y):

~F =
∫
∂Ωf

~dfdl. (4.8)

In the case of a two-dimensional incompressible flow, local forces ~df = (dfx, dfy) are given by
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dfx =− pnx + 2
Re

∂u

∂x
nx + 1

Re

(
∂u

∂y
+ ∂v

∂x

)
ny, (4.9)

dfy =− pny + 2
Re

∂v

∂y
ny + 1

Re

(
∂u

∂y
+ ∂v

∂x

)
nx, (4.10)

where Re is the Reynolds number quantifying the ratio between inertial and viscous forces,
u, v and p are the dimensionless velocity and pressure fields. Then the integral in equation
4.8 is approached by the symbolic parametrization and a Monte-Carlo method

~F (t) =
∫
∂Ωf

~df(x, y, t)dl =
∫

[0,1]
~df (xBC(s), yBC(s), t)

∣∣∣∣∣dl(s)ds

∣∣∣∣∣ ds,
≈ 1
cardVs

∑
s∈Vs

~df (xBC(s), yBC(s), t)
∣∣∣∣∣dl(s)ds

∣∣∣∣∣ ,
(4.11)

where Vs is a sampling of [0, 1] which is then mapped to the coordinates of the points on the
boundary using the parametrization s→ xBC(s), yBC(s). This sampling Vs can be uniform, in
which case s is the curvilinear abscissa divided by the length of the border L and

∣∣∣dl(s)
ds

∣∣∣ = L.
But in case of strong variations in the integrand, an adaptive sampling can be used with
Monte-Carlo method. In that case,

∣∣∣dl(s)
ds

∣∣∣ is calculated using the probability distribution
function of the random variable s.

4.3.2 ModalPINN : enforcing Fourier modes in the neural architecture

Periodicity occurs for a wide range of phenomena in nature and in engineering processes. The
mathematical tools and models can be adapted to use this property to significantly speed-up
calculations. The following subsections present how a truncated modal representation can
be directly included into the neural network architecture and how it allows another type of
physical regularisation based on modal equations.

Modal decomposition encoded in ModalPINN

For a physical case where the observed phenomena is periodic for one space-time coordinate, it
can be convenient to decompose the solution with a modal approach. For example, consider
a real function of space and time q(x, t) periodic in time with a fundamental frequency
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f0 = 2πω0. It can be transformed with Fourier decomposition such as:

q(x, t) =
∞∑
k=0

q̂k(x)eikω0t + c.c., (4.12)

where q̂k ∈ C are the modal coefficients at frequency 2πkω0 with k ∈ N. These coefficients
are functions of space only, which removes time as a variable needed to solve the problem.

In some circumstances, it is possible to obtain an acceptable approximation of q(x, t) with a
finite number of modes. The obtained level of accuracy may depend on the presence of high
frequency phenomena. Besides, high order harmonics may be required when non-linear fea-
tures in the governing equations lead to interactions between modes at different frequencies.
Given a number of modes N , a PINN with prior dictionaries aiming at approximating these
modal shapes is constructed:

x ∈ Ω NN(θ;·)×fBC(·)−−−−−−−−−→ (q̂0, ..., q̂N) ∈ CN+1. (4.13)

The complete approximated solution is recovered by the sum :

q̃(x, t) = 2Re
(

N∑
k=0

q̂k(x)eikω0t

)
, (4.14)

all this can be done in the computational graph of the neural network, as illustrated in Figure
4.2 and summarised in algorithm 2.

Loss construction with physical and modal equations

Since a modal sum can be considered as an auxiliary neural network, derivatives of q with
respect to time and space are available. Consequently, one direct way of computing a loss
function to penalise equations residuals is to use the same formalism as in the classical PINN
approach. Thus, the modal sum is used as input to the partial differential operator. In that
case, sampling space Vin provides a sampling in both space and time. For the penalisation
to be satisfactory, the number of points required is significantly higher than for a space-only
problem. Though, for a time periodic solution, the time domain can be reduced to [0, 2π

ω0
].

This will be referred to as physical equations.

To go beyond this space and time sampling, an advantage can be drawn from the availability
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Algorithm 2: Algorithm to create and train a ModalPINN
Input: Hyper-parameters of the Neural Network (size, σ) and optimisation

(method, learning rate η, training limit ...)
Input: Number of modes N and fundamental frequency ω0
Result: Modal decomposition encoded in a PINN
Construct the structure of a dense Neural Network x, y; θ → NN(x, y; θ);
Apply Prior-Dictionary to compute mode shapes : q̂0, q̂1, ..., q̂N ;
Construct the modal sum : q(x, y, t) = ∑N

k=0 q̂k(x, y)eikω0t;
Construct the fitting part of the loss function Lm [Vm; θ];
Construct equation penalisation loss Leq [Vin; θ];
Construct the total loss function for training L = Lm + Leq;
Prepare training data set Vin, Vm;
Initialise the parameters of the model θ;
while training limit is not reached do

Prepare the batch Ṽin, Ṽm ⊂ Vin, Vm;
Compute the loss L

[
Ṽin, Ṽm; θ

]
;

Compute loss derivatives ∂L
∂θ

[
Ṽin, Ṽm; θ

]
;

Update parameters θ using the optimiser strategy;
end
Compute loss on validation data;

of modal shapes. By projecting the equation on a basis of oscillatory function, one can obtain
modal operators :

N k(q̂0, ..., q̂N , ω0) =
∫ 2π/ω0

0
N

 N∑
j=0

q̂j(x)eijω0t + c.c.

× e−ikω0tdt, (4.15)

as well as modal forces obtained with a similar projection of the global forcing f(x, t) on the
kth frequency, as obtained for N k in equation 4.15

fk(x) =
∫ 2π/ω0

0
f(x, t)e−ikω0tdt. (4.16)

The possibility is therefore given to optimise the model on physical equations residuals
Leq,physical as formulated in equation 4.5 or by using residuals of modal equations Leq,modal,
as illustrated in Figure 4.2. This part of the loss function may be formulated as follows

Leq,modal =
N∑
k=0

1
Nin

∑
xin∈Vin

∣∣∣N k(q̂0(xin), ..., q̂N(xin))− fk(xin)
∣∣∣2 , (4.17)
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and for the purpose of conciseness it will be referred as Leq,m (and Leq,physical as Leq,p).

4.4 Laminar vortex-shedding around a cylinder : a non-linear test case for
ModalPINN

We consider a two dimensional incompressible flow over a cylinder, where non-linear vortex
shedding is known to occur when a critical Reynolds number is reached. In its dimensionless
form, the diameter d = 1, the horizontal inflow is the typical velocity scale (u∞, v∞) = (1, 0).
In the present case, the Reynolds number is set at Re = 100. In this regime, periodic os-
cillations of velocity (u, v) and pressure p happen at a Strouhal number St = fd

u∞
≈ 0.17 as

documented by Fey et al. [113] (the relative error on the Strouhal with the proposed fitting
is estimated at 3× 10−4). Numerical data are provided by Boudina et al. [3] for a 2D simu-
lation of the incompressible flow over a fixed cylinder and are available for download [114].
These are obtained using the finite element solver Cadyf [115] that performs hp-adaptive
backward differential formula methods [116] in order to keep the local truncation error under
a given threshold.

Whereas the simulation domain in Boudina et al. [3] is a rectangle of (x, y) ∈ [−40, 120] ×
[−60, 60], the domain used for the ModalPINN reconstruction covers a limited area defined
by (x, y) ∈ [−4, 8]× [−4, 4] as depicted in Figure 4.3a. In time, the simulation data used for
reconstruction covers approximately 3 oscillation periods with 201 equally spaced time steps.

In order to impose boundary conditions on the cylinder, the following prior dictionary, as
defined in equation 4.6, is used for velocities u and v

fBC(x, y) = tanh [γ (r − rc)] , (4.18)

h(x, y) = 0, (4.19)

where r2 = (x− xc)2 + (y − yc)2 with (xc, yc) = (0, 0) being cylinder’s coordinates and
rc = 1/2 its radius. The slope of fBC near the boundary is defined by the factor γ. In
the present case γ = 5 which is a compromise between a short transition zone and finite
gradients. This function is depicted in Figure 4.3b along its profile on centre line.

The equations which are to be solved by minimising the residuals are given by the three
differential operators N = (Ndiv,Nx,Ny) of the unknown q = (u, v, p). They stand for
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conservation of mass (4.20) and momentum (4.21,4.22):

Ndiv(q) = ∂u

∂x
+ ∂v

∂y
= 0, (4.20)

Nx(q) = ∂u

∂t
+ u

∂u

∂x
+ v

∂u

∂y
+ ∂p

∂x
−Re−1

(
∂2u

∂x2 + ∂2u

∂y2

)
= 0, (4.21)

Ny(q) = ∂v

∂t
+ u

∂v

∂x
+ v

∂v

∂y
+ ∂p

∂y
−Re−1

(
∂2v

∂x2 + ∂2v

∂y2

)
= 0. (4.22)

The associated modal operators for equations 4.20, 4.21 and 4.22 are respectively noted as
N k =

(
N k
div,N k

x ,N k
y

)
. Modal representation of mass conservation writes as

N k
div = ∂ûk

∂x
+ ∂v̂k

∂y
,∀k ∈ J0, NK. (4.23)

Momentum balance along the x axis of the kth mode writes as

N k
x =(ikω0)ûk + ∂p̂k

∂x
−Re−1

(
∂2ûk
∂x2 + ∂2ûk

∂y2

)
+

k∑
l=0

(
ûl
∂ûk−l
∂x

+ v̂l
∂ûk−l
∂y

)

+
N∑

l=k+1

(
ûl
∂û∗l−k
∂x

+ û∗l−k
∂ûl
∂x

+ v̂l
∂û∗l−k
∂y

+ v̂∗l−k
∂ûl
∂y

)
,∀k ∈ J0, NK,

(4.24)

where û∗k stands for the complex conjugate of the kth modal component of u. And similarly
for the y component of the momentum equation, the modal operator is obtained with

N k
y =(ikω0)v̂k + ∂p̂k

∂y
−Re−1

(
∂2v̂k
∂x2 + ∂2v̂k

∂y2

)
+

k∑
l=0

(
ûl
∂v̂k−l
∂x

+ v̂l
∂v̂k−l
∂y

)

+
N∑

l=k+1

(
ûl
∂v̂∗l−k
∂x

+ û∗l−k
∂v̂l
∂x

+ v̂l
∂v̂∗l−k
∂y

+ v̂∗l−k
∂v̂l
∂y

)
,∀k ∈ J0, NK.

(4.25)

Penalisation of equations is conducted on a randomly generated sampling of points Vin. Dif-
ferent strategies of space sampling may be defined. From the basic uniform sampling to a
sampling adapted to the solution’s local complexity, the final choice depends on a compro-
mise between calculation speed and precision. A 2 zones sampling is used here. It consists
in distributing 80 % of points uniformly and concentrating the last 20 % within a given
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distance around the cylinder, as depicted in Figure 4.3c. By doing this, the relative weight of
the residuals located in the boundary layer of the cylinder increases in comparison of those in
the rest of the fluid domain. Thus, the shear layer, its detachment and near pressure field are
expected to be more accurate which should lead to an increased precision in the estimation
of the forces. This spatial sampling has been used for results presented in Figures 4.8, 4.9,
4.10 and 4.12. However, results depicted in Figures 4.4, 4.5 and 4.11 used a uniform spatial
sampling optimised for the validation of the equations in the domain. Those two different
strategies are also linked with limitations in the number of penalisation points due to memory
overflow problems. But from a theoretical point of view, the results are expected to converge
through a similar solution as the number of penalisation points increases thanks to larger
and better distributed computational resources.

4.5 Results

In this section, results on several training configurations are presented from the one with
the largest training data to cases with sparse and flawed information. The first part aims
at testing how a ModalPINN performs in comparison to a classical PINN. It also provides
some insights about the use of modal equations. The last sections highlight the ability of
ModalPINN to address ill-posed problems in simulated experimental conditions. For each
result, run properties are recalled in Table 3.1.

4.5.1 Comparison between ModalPINN and classical PINN approach

To illustrate the simplicity brought by the ModalPINN, a comparison is performed with the
classical PINN approach that approximates the entire field x, y, t → q(x, y, t) as a symbolic
function of three coordinates. As the oscillatory nature of the phenomena is known, a sine
function is chosen as the activation function between layers to ease convergence, as it has
been done by Raissi et al. [72]. A training is performed with a time limit of 2 hours using
equivalent computational resources (see section 4.8 and Table 3.1). Physical equations are
used for both the classical PINN and ModalPINN. Time sampling for equations penalisation
is performed over the simulation data range since the classic PINN is not able to extrapolate
the periodic phenomena outside its trained time range.

In classical numerical simulations like finite elements, dependency of the precision of the
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solution with the size of the mesh is a key parameter to compare two algorithms. In a PINN,
the similar quantity is the number of parameters to optimise. Their influence on precision
have been examined for test purpose. To do so, the width of each hidden-layer is multiplied
by a factor Wl according to the structure detailed in Table 3.1. Training is performed using
physical equations on a set of randomly sampled points in the domain (with uniform prob-
ability) and Nm = 5000 measurements (um, vm, pm) at points (xm, ym, tm) randomly picked
out from simulation data.

Figure 4.4a depicts how the validation loss at the end of the training varies with the ModalPINN
and the classic PINN using different numbers of degrees of freedom and different numbers of
modes. Precision of the classic PINN increases with the size of the neural network. On the
contrary, the ModalPINN’s precision appears insensitive to the number of degrees of freedom
if this number is sufficient to allow a correct representation of each mode shape. Loss con-
vergence seems rather linked with the number of modes. Besides, for an equivalent neural
network size and training time, there is an observed increase in precision up to 2 orders of
magnitude for the ModalPINN. Or alternatively, to approximate the vortex shedding with
the same precision as the ModalPINN with N = 3, one would need a significantly larger
classic PINN than the tested range and with a consequent increase in training time.

To characterise the link between precision and the number of modes in a ModalPINN, the
normalised mean squared error (NMSE) is plotted. NMSE is defined as

NMSEq =
∑
Vm

[q(xm, ym, tm)− qm]2∑
Vm
q2
m

, (4.26)

where q ∈ {u, v, p} is the output from the ModalPINN and qm is data sampled at space-
time coordinates (xm, ym, tm). In Figure 4.4b, the NMSE is computed with the result of one
training using successively the kth first modes in addition to the steady state q̂0 (N = 0).
The result indicates that the precision increases with the number of modes following almost
a power-law behaviour. This convergence can be compared to other previous studies like
Rosenfeld et al. [117] who plotted amplitude decrease of Fourier modes on a similar problem
with a two order of magnitude over 6 modes. This is comparable to our result with approxi-
mately 2 orders of magnitude between 3 modes, taking into account the square norm.
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Figure 4.4 With dense data: (a) Comparison of ModalPINN and PINN at given number of
degrees of freedom for the same computational time (Classic PINN , ModalPINN N = 1
, 2 , 3 ); (b) Evolution of normalised validation loss with the number of modes taken into
account (NMSEu , NMSEv , NMSEp , average of the three )

4.5.2 Effectiveness of modal and physical equation penalisation

As explained in subsection 4.3.2, two approaches can be used for training a ModalPINN
with theoretical knowledge: modal and physical equations. For the incompressible flow over
a cylinder, the direct method consisting in penalising mean squared residuals of equations
4.20 - 4.22 is implemented in a concise manner. The disadvantage is that a time sampling
is required as well as space sampling. For a classical case, this would mean that to cover
the input coordinate space with the same density in every dimension, the amount of points
required would increase with the power 3/2 compared to the 2D modal equations.

On the other hand, it is slightly more difficult to implement modal equations 4.23 - 4.25.
They usually occupy more place in memory. But in this case, only a spatial sampling is
required.

Mode shapes obtained with both equation types are depicted in Figure 4.5. Mode shapes
from physical equations in Figure 4.5a are in good agreement compared to those extracted
from our reference data and plotted in Figure 4.5c. On the contrary, those obtained with
modal equations in Figure 4.5b show some discrepancies starting from mode 2 with the ver-
tical velocity v̂2 being poorly converged in the area downstream. Especially, the third mode
did not converge for any of the three fields. Convergence of training loss is compared for both
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cases in Figure 4.6a and training with modal equations seems to reach a plateau in fewer
iterations than with physical equations. Final values of loss components Lm and Leq at the
end of the training are summarised in Figure 4.6b and it can be noted that training with
physical equation resulted in a reconstruction one order of magnitude more accurate. This
leads to the conclusion that computations performed on modal equations might encounter
more difficulties to converge properly compared to physical equations. Also as the graph
of operation is denser, optimisation is significantly slower as illustrated with the number
of iterations performed with each optimiser in the same training time in Figure 4.6b. Thus
a larger training time may be required for a similar number of iterations or targeted precision.

4.5.3 Field reconstruction with data from simulated measurements

PINNs have already been proved to work well with dense information, either direct (mea-
surement of velocity and pressure) or indirect (concentration of a passive scalar for instance)
as demonstrated by Raissi et al. [72]. Also they were shown to be able to infer hidden vari-
ables from equations, such as the pressure field using only velocity measurements [66]. This
section aims at evaluating the ability of ModalPINNs to deal with very sparse and asymmet-
rical data distributed in a simulated experimental framework. The purpose of the following
sub-sections is to quantify ModalPINN robustness when confronted with added noise and
delay, which are likely to occur in an actual experiment.

As depicted in Figure 4.7, the set-up consists in 4 sections of 10 data points where a time sig-
nal of velocity (u, v) is sampled (201 points in time covering approximately 3 periods). Such
a set-up simulates an array of pitot or hot-wire measurements found in a typical laboratory
experiment. The first section, which is upstream, is located at x = −3 starting from the
centre of the cylinder. Then, the three sections downstream are respectively at x = 1, 2 and
3. Then on the border of the cylinder, 30 points equally distributed on its perimeter provide
information about pressure, as would do embedded pressure sensors or taps. The assumption
is made that from these measurements, the fundamental frequency can be obtained with a
fast Fourier transform. It is therefore fixed in the ModalPINN at the beginning of training.

Results of one training using 3 oscillating modes and physical equations are presented in Fig-
ures 4.8, 4.9 and 4.10. A comparison at a given time step of predicted velocity and pressure
fields with data from simulations is presented in Figure 4.8a and absolute difference remains
small in a large area around the cylinder and in its near wake. The validation loss for different
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Figure 4.5 Mode shapes computed with: (a) physical equations; (b) modal equations using
Nm = 5× 103 dense data with N = 3 modes. (c) Comparison with the mode shapes obtained
directly from the complete set of reference data.
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Figure 4.6 (a) Comparison of loss convergence during training and (b) final values of losses
and numbers of iterations summarised in the Table for both runs using dense measurements
and physical or modal equations. For the convergence with physical equations (respectively
modal equations), L-BFGS-B optimiser (resp. ) is used first before iterations with
Adam (resp. ) up to the end of the allowed training duration.
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Figure 4.7 Locations of the simulated probes with velocity data points u and v ( ) and pressure
sensors p ( ). The practical problem of setting the time origin while sampling data at several
locations is illustrated with a shift in the out-of-plane direction of a time signal ( ).
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numbers of modes is shown in Figure 4.8b and may be compared to Figure 4.4b, especially
for the convergence of high order modes.

Space averaging of equations residuals is performed for several time steps in Figure 4.9a for
each of the three equations 4.20-4.22. Periodicity of these signals is a direct consequence of
the enforced periodicity of ModalPINN. The residuals of both momentum equations are of
the same order of magnitude, whereas the continuity equation is better satisfied. Nonethe-
less, these signals stay at values lower than 2× 10−4. This empirically happens to be a very
acceptable value for equations residuals based on prior qualitative knowledge of cases where
the exact and reconstructed flows can not be easily distinguished. The spatial distribution
of residuals at a given time is presented in Figure 4.10. Error is mainly located in the wake
where most of the flow unsteadiness occurs. Interestingly, the high-gradient region around
the cylinder has low residuals. This is a direct consequence of the 2 zones penalisation dis-
tribution. In case of a uniform space sampling of Vin (not shown), levels of errors are slightly
higher near the cylinder border.

Prediction of unsteady forces are plotted alongside simulation data in Figure 4.9b. The hor-
izontal and vertical forces are inferred accurately with normalised root mean square errors
of 9.8× 10−4 and 6.1× 10−3 respectively.

4.5.4 Noise sensibility

Measurement noise is part of the experimental process. To test the ability of the ModalPINN
to deal with random perturbations, a Gaussian noise N (µ, σ) is considered with an average
µ = 0 and a standard deviation σ. The choice of a zero drift µ (which can be related to
a kind of systematic error) and the Gaussian distribution may depend on the nature and
context of the measure, as discussed by Coleman et al. [118] for instance. The assumption
is made that this is a common framework representative of real life. This noise is added to
our reference data pcyl, uprobe, vprobe extracted at probe locations from numerical simulations.
One obtains the new training data that are artificially flawed

pcylnoisy = pcyl + εp,

uprobenoisy = uprobe + εu,

vprobenoisy = vprobe + εv,

(4.27)
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Figure 4.8 Simulated experimental measurements: (a) Comparison of reconstructed fields
(with N = 3) with simulated data at a given time-step t = 400s. (b) Evolution of normalised
validation loss with the number of modes (NMSEu , NMSEv , NMSEp , average of
three )
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Figure 4.9 (a) Evolution in time of mean squared residuals for equations 4.20 ( ), 4.21 ( )
and 4.22 ( ). (b) Unsteady forces on cylinders obtained with the ModalPINN (drag Fx

and lift Fy ) and from simulation data (drag Fx and lift Fy ) using simulated
experimental measurements. Force curves are indistinguishable.
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Figure 4.10 Space distribution of residuals on physical equations 4.20, 4.21 and 4.22 at a
given time-step using sparse measurements.

where εp, εu, εv ∼ N (0, σ) at each time step and are independent from each others. Noiseless
simulated probe measurements data are directly replaced by pcylnoisy, u

probe
noisy and vprobenoisy in the

fitting part of the training alongside minimisation of physical equations residuals. In addi-
tion, the uncertainty on probe coordinates has been neglected in the present study but could
be taken into account with a similar formalism.

To test the influence of noise level σ, several runs with N = 2 oscillating modes have been
carried out on a similar configuration (see section 4.8 and Table 3.1) but with σ taking values
between 1× 10−4 and 1× 10−1. The same noise level is added to velocity and pressure since
data are physically normalised and, therefore, of order of magnitude 1. Approximately 30
jobs have been executed for each noise level so that statistical quantities that are computed
can be representative. For each job, the three parts of the training loss as well as the valida-
tion loss at the end of training are presented in Figure 4.11.

Residuals for the fitting of noisy velocity and pressure time signals are depicted in Figures
4.11a and 4.11b. Velocity residuals have low values (under ∼ 5× 10−4) for noise levels smaller
than 1× 10−2 and then grow quickly with a small dispersion. Noisy pressure residuals are
slightly more dispersed in the logarithmic scale for σ < 1× 10−2 but still at low levels with
an average around 1× 10−4 and a median between 1× 10−6 and 1× 10−5 before increasing
with σ as a power law. For both these noisy measurements, there is a threshold from which
these fitting errors increase linearly with the square of σ. Taking into account that loss on
fitting to data error is a mean square difference, this is equivalent to a linear increase of
absolute measurement error with noise level.
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Equations loss plotted in Figure 4.11c shows more variability in the distribution of residuals.
For nearly each level of noise there are examples of outputs that had an error of order of
magnitude one, which is abnormally high and a sign of poorly converged training. This may
be due to a wrong direction of optimisation or initialisation and also to the limited allocated
time. Nonetheless, more than half of the results are kept at values near 1× 10−3 which, qual-
itatively, appears to be a very acceptable value at which usually the differences between the
exact and reconstructed flow are difficult to discern for this case. Moreover, no clear increase
can be noted with the level of noise for all statistical quantities of equations residuals.

In the end, validation loss is the quantity of interest and reveals the quality of flow recon-
struction. As presented in Figure 4.11d, similar conclusions as for the equations loss applied
here with a small number of poorly converged results but a median that stays at low values
for all noise levels. There is no discernible trend linking noise level to validation loss in the
presented statistical quantities.

In the presence of noise, the minimisation of fitting data and the equation residuals become
incompatible. Favouring the equation residuals despite the fitting error results in a large
value of Lm, and vice versa if the data are prioritised. As both terms Lm and Leq have a
similar weight in the total loss function L, this choice is not encoded explicitly. From re-
sults in Figure 4.11, it seems that only the minimisation of residuals drive the NN learning.
Therefore the corruption of data does not affect significantly the validation error. This can
be understood as a proof of robustness in the considered range of perturbation.

4.5.5 Data resynchronisation

In the situation where a measurement is performed successively at different locations for a
given recording duration with a probe, the initial condition of each measurement point is dif-
ferent. For a periodic phenomenon, this can be treated as an unknown phase shift for every
data series, as depicted in Figure 4.7. To account for this phase shift in asynchronous measure-
ments, a variable delay for each time series is determined through optimisation alongside the
neural networks coefficients. To test this solution, time series of velocities from a simulated
probe have been desynchronised with a random delay following a uniform law ∆t ∼ U(0, T ).
Consequently, 40 scalar variables, one for each location, are added to the optimisation pro-
cess. However, pressure measurements on the cylinder border are kept synchronised for two
main reasons: the need for a constant initial phase shift to compare with validation data and
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Figure 4.11 Loss residuals dependency with an input noise of standard deviation σ in mea-
surements data. Each job result is depicted with a +, and for each sampling with the same
level of noise, the average is given as well as the envelope (10−90% in ) and the median

. For velocity and pressure fitting error (a and b), the expected 2:1 slope for a square
norm is plotted ( ).
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because this could be carried out experimentally by parallel and synchronised pressure probes.

As the array of artificially added delay for every time signal of velocity ∆texact is stored, it
can be compared to the delays found through optimisation ∆tfound at the end of the training.
The absolute difference of these two delays, centred in the interval [−T/2, T/2] and then
normalised by T quantifies how precisely this time shift is computed. The resynchronisation
error is bounded on the interval [0, 1/2] and its value is plotted at each probe location in
Figure 4.12a. The error magnitude is shown through the color contours with a logarithmic
scale as well as qualitatively represented by each point size.

From Figure 4.12a, two types of outlooks stand for re-synchronisation process. In the wake
of the cylinder, the relative error on phase shift converges to approximately 1%. But on the
upstream sensors and at downstream probe positions that are the most distant from centre
line y = 0, residuals remain large. These points are located in areas where oscillatory phe-
nomena are of very low amplitude. This can be seen in unsteady mode shapes. This means
that there is a lack of phase information in these ranges which explains why the original phase
shift can not be recovered. Fortunately, in the area of interest, phase shift is well retrieved.
This can be seen in Figure 4.12b where the obtained mode shapes are compared to reference
data. Some differences may be noted with for instance, the second mode that has a slightly
lower amplitude than the reference. But overall, there is an acceptable agreement between
flow reconstruction and simulation data.

4.6 Discussion

Differences in residual levels and convergence rates of higher frequency modes in the presence
of dense data (figure 4.4b) or sparse data from simulated measurement (figure 4.8b) can be
explained with two arguments. Extrapolating flow field downstream the last measurement
provided for training without any boundary condition on the outlet can be considered as an
ill posed problem since there is a lack of information. The neural network simply optimises
what works best with the information it has. Whereas in the dense measurement problem,
there is information equally distributed in space and time, even if the space between two
points can be larger than the length scale of the third mode shape. This transforms the ex-
trapolation problem into an interpolation one, both with physical regularisation. Following
these results, it would be interesting to use a PINN for flow extrapolation in the area close
to a wall where measurements with hot-wire or PIV are limited [108, 109] using the no-slip
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conditions in addition to the physical regularisation. This could help predict local wall shear
stress with a better accuracy, which is of interest for drag estimation or for application in
bio-medical applications. For instance, Arzani et al. [119] use PINNs to estimate near-wall
blood flows and wall shear stress which are linked to cardiovascular diseases.

The differences of convergence of higher frequency mode shapes can also be explained from
a computational point of view: higher frequency modes display smaller structures than low
frequency modes. In addition to the fact that these mode shapes are more complicated to
approximate and thus requires larger neural networks, Navier-Stokes equations should be
penalised on points that are distributed with an averaged spacing smaller than the typical
wavelength. This leads to significantly increased memory requirements. In our computations
this has been a limit due to the availability of RAM on the GPU (16GB in our case). For a
N = 3 modes computation, the limit in Nin before an out of memory (OOM) error was to be
found around 103 points, which in that case is a small value and may not be fully adequate
to thoroughly capture the steep gradients associated with small wavelength mode shapes.
Besides, this can not bet fully addressed by batch processing because of the required loading
time of training data after a few number of iteration. This could be overcome by using GPU
with larger RAM or by splitting computation points of one optimisation iteration between
different GPUs, which would require a low-level implementation.

In the test case of laminar vortex shedding using data at different levels of sparsity and qual-
ity, the penalisation of modal equations appeared to perform worse than physical equations
penalisation, even considering that there is only a 2 dimensional input range to cover instead
of 3D time-space coordinates, as illustrated with results in Figures 4.5 and 4.6. This seems
to be a consequence of non-linearities in the momentum equations that lead to sums of cross-
terms at different frequencies. This makes the convergence of the solution more dependant on
the number of modes and their accuracy, whereas physical equations deal with this balancing
more directly and seams less affected by the truncation. Nonetheless modal equations could
be of interest for linear phenomena where mode shapes might be uncoupled and computed
separately, with potential applications in solid mechanics or electromagnetism for instance.

A variation of the ModalPINN structure could be considered, especially for linear phenom-
ena, where q(x, t) = ∑N

k=0 akq̂k(x)eikω0t+ c.c. where q̂ are mode shapes that can be computed
previously and normalised ‖q̂k‖Ω = 1 independently with modal equations. The modal co-
efficients ak can be adjusted depending on the excitation. This can ease transfer learning
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of once converged mode shapes to different loading configuration as in linear elasticity or
electromagnetism. Also, an unknown growth exponent could be added in the presence of
developing modes and optimised concurrently.

4.7 Conclusion

In this paper we presented an architecture of PINNs that directly approximates Fourier mode
shapes. Space-time output is recovered thanks to a modal sum directly encoded in the neu-
ral network graph operation, keeping all the advantages of classical PINN while considerably
reducing the required size for a similar target precision. Finally this ModalPINN structure
proved to be robust to some data flaws, which makes it an efficient tool for helping academic
and industrial researcher with data processing from their experimental work. This formalism
can be directly extended outside of the context of fluid mechanics, as a support of digital
image correlation or laser displacement measurement in solid mechanics while performing
harmonic response for instance.

Some work remains in order to combine this technique with existing advances in PINN in
order to increase robustness in the optimisation process as well as its efficiency. It goes
alongside with developments in new hardware solution and implementation of libraries that
better take advantage from computational resources. Finally, as we introduced this topic in
the context of vortex shedding [72], extension to elastic-solid deformation of fluid-structure
couplings or stability analysis could be interesting leads for future work.

4.8 Technical details

Training and optimisation were performed on the Graham server from Compute Canada.
Each job is carried out with the same computation resources consisting in an allocation of
2 CPUs with 50 GB of RAM and a GPU Nvidia T4 (16 GB of dedicated RAM). Jobs are
performed with a training limit in total duration. L-BFGS-B optimiser is used though Scipy’s
interface and stops when a maximum number of iteration is reached or when the difference
between two iterations falls under a threshold. Only one batch of penalisation points is used
during this part of the training and validation loss computation is not available. Then Adam
optimisation is performed with a learning rate equal to 1× 10−5 and conducted until time
limit is reached for the whole job.
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All the scripts are written in Python using Tensorflow 1.14.1 and are available on a Github
repository [120], as well as data [114] used for training. Dependencies are listed on the Github
repository. Properties of every runs mentioned in the results section are summarised in Table
3.1.
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Table 4.1 Summary of run properties which results are presented in section 4.5. Lines 1, 2 and 6 describe a group of runs where
the size of the NN (factor Wl) or the noise level (standard deviation σ) have been changed. N denotes the number of modes
chosen in ModalPINN.

Run
ID

NN size for 1 field (activation
function)

Equation
type

Data type Nm

Nin (sampling
strategy)

Training Time
(h)

Figures
referenced

Validation Loss

1
[3,Wl,Wl,Wl, 1]

10 ≤Wl ≤ 60 (sin)
Physical Dense 5× 103 5× 104 (uniform) 2

ClassicPINN
(fig. 4.4a )

From 7.4× 10−4 to
3.0× 10−2

2
[2,WlN

∗,WlN
∗, N∗]

8 ≤Wl ≤ 25 and N∗ = N + 1
(tanh)

Physical Dense 5× 103

50× 103 (N = 1)
15× 103 (N = 2)
12× 103 (N = 3)

(uniform)

2
ModalPINN
(fig. 4.4a

and 4.4b)

From 1.2× 10−4 to
1.3× 10−3

3 [2, 80, 80, 4] (tanh) Physical Dense 5× 103 10× 103 (uniform) 10 Fig. 4.5a, 4.6 1.2× 10−4

4 [2, 80, 80, 4] (tanh) Modal Dense 5× 103 8× 103 (uniform) 10 Fig. 4.5b, 4.6 4.4× 10−3

5 [2, 80, 80, 4] (tanh) Physical
Simulated

measurements
201 time-steps
per location

10× 103 (2 zones) 6
Fig. 4.8, 4.9,

4.10
1.6× 10−3

6 [2, 60, 60, 3] (tanh) Physical
Noisy simulated
measurements

201 time-steps
per location

15× 103 (uniform) 4 Fig. 4.11
From 1.5× 10−3 to

5.6× 10−2

7 [2, 60, 60, 3] (tanh) Physical
Out of sync.
simulated

measurements

201 time-steps
per location

20× 103 (2 zones) 10 Fig. 4.12 2.8× 10−3
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CHAPTER 5 ADAPTING PINN TO FLUID-STRUCTURE
INTERACTIONS

5.1 Introduction and motivations

5.1.1 Importance of FSI in nature and engineering

Fluid-Structure interactions is at the crossroads of two fields that surround us everywhere.
From air to water and blood and more complex fluids in industrial applications, they interact
with their container and obstacles. From the solid perspective, rigidity must be compared
with the fluid loading. Plane wings are known to bend under air loading when a certain ve-
locity is reached. Francis turbines blades are quite rigid but they also suffer from vibrations
especially at some operating modes [6]. In this chapter we aim at developing a methodology
that would suit both small and large movements of the fluid-solid boundary ∂ΩFS using the
mesh free asset of PINNs.

Strong couplings between the solid and fluid dynamics appear when the typical timescales of
the flow and of the vibrations of the solid are of the same order of magnitude. In that case,
both dynamics can not be uncoupled and computations are usually more expensive [4]. Vortex
induced vibrations is a typical example of strong coupling, especially when the frequency of
the vortex-shedding locks with the vibrations of the solid as illustrated in Figure 5.1b. A
well-studied test-case lies in the in-plane oscillations of a cylinder under a two-dimensional
laminar flow as defined in Figure 5.1a. There are three important parameters:

• The Strouhal number which is the normalized frequency of vortex shedding St = fL
U∞

.

• The mass number that quantifies the ratio of solid and fluid densities M = m
πρfD2/4 .

• The reduced velocity Ur = 2πU∞
D

√
m
k

which represents the ratio of the solid timescale
over the fluid timescale.

The equation of motion for the degrees of freedom of the cylinder are:

∂2xc
∂t2

+
(2π
Ur

)
xc = 4

πM
Fx, (5.1)

∂2yc
∂t2

+
(2π
Ur

)
yc = 4

πM
Fy, (5.2)
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where Fx and Fy are the two dimensionless forces computed on ∂Ωt
FS. Besides, for 2× 105 &

Re & 50, the Strouhal number is known to be 0.22 & St & 0.12 [4, 113]. Values of these
parameters are specified in the definition of the test-case in the following sub-section.

Numerical complications occur in that type of cases for several reasons. In classical methods,
displacement of the frontier ∂Ωt

FS have a direct impact on the definition of the fluid solution.
As discussed in the introduction, re-meshing, IBM and ALE are methods to deal with the
change of fluid domain ΩF at each iteration. For PINNs, the definition of the flow does not
rest upon cells, elements or grids that are spatially located. Nonetheless:

1. The set of equation penalization points Vin must follow the fluid domain, and thus
depends on the time coordinates. However the time dimension is equivalent to other
space dimensions in the PINN so Vin must adapt dynamically as a space-time function
but also during the optimization process.

2. The spatial localization of some phenomena (like the boundary layer) that is encoded
implicitly in the NN can be tricky to move concurrently with the FS frontier. As ex-
plored with the inverse extension operator, we could think intuitively that approximat-
ing the quantities in a fixed reference frame could be easier for the NN, and especially
its optimization that could be quicker and more robust.

5.1.2 Current methods for PINN and their limitations

Raissi et al. [72] proposed a method to deal with vortex-induced vibrations of a rigid two-
dimensional cylinder mounted on spring. In their configuration, the movement of the cylinder
is described only by its transverse displacement η(t) which is approximated by a PINN. Then,
dense PINN approximates the three flow fields u, v and p. The particularity lies in the fact
that they do not map flow variables with the actual coordinates but instead they use a fixed
reference frame, relatively to the cylinder’s centre.

This change of reference frame appears in an inertial force in the Navier-Stokes equations

∂u

∂t
+ u

∂u

∂x
+ v

∂u

∂y
+ ∂p

∂x
= Re−1

(
∂2u

∂x2 + ∂2u

∂y2

)
,

∂v

∂t
+ u

∂v

∂x
+ v

∂v

∂y
+ ∂p

∂y
= Re−1

(
∂2v

∂x2 + ∂2v

∂y2

)
− ∂2η

∂t2
,

∂u

∂x
+ ∂v

∂y
= 0,

(5.3)
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Figure 5.1 (a) Configuration used for the vortex induced vibration test-case. A cylinder
(mass m, diameter D) can move in both directions in space and is attached to two identical
springs of stiffness k. A uniform flow (u, v) = (U∞, 0) far from the cylinder is applied. Figure
inspired from Boudina et al. [3]. (b) Illustration of the lock-in effect that occurs when the
reduced velocity Ur is near the inverse Strouhal 1/St, an increase in the amplitude of the
cylinder’s oscillations is observed |y| and the dimensionless frequency of the vortex shedding
ft synchronizes with cylinder’s frequency. This Figure is reproduced from De Langre [4].
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Figure 5.2 Schematizing of the interactions of fluid and solid dynamics through the conditions
at the fluid-solid interface ∂ΩFS(t) that moves with time. Figure inspired from Fig. 3.3 from
De Langre [4]
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where only the vertical component of the momentum equation is affected. It can be seen
that a streamwise displacement could be taken into account with the equivalent of η for the
horizontal direction.

In their paper, Raissi et al. are able to infer the forces quite accurately as well as the
parameters of a reduced-order model of the oscillations of the spring (damping, stiffness,
mass). But it could be complicated to generalize this formalism due to some limitations :

1. The degrees of freedom of the cylinder must be taken into account in the change of
reference frame and for the inverse transformation of measurement points from the
actual frame to the working frame. This may not be easy in the case of rotations
alongside translations, especially in three dimensions.

2. This limits the set of deformations to one rigid body motions only. This formalism
can not generalized to elastic reconfigurations for instance, or even for two rigid bodies
because the operator that depicts the change of frame must be local.

In the next sections, we present several leads to deal with general elastic deformations of a
solid under a flow using extension operators. Test cases are presented in the next subsection.
Then the concepts of direct and inverse extension operators, as well as their consequences on
the change of reference frame are discussed in section 5.2. Finally we present the encountered
limitations with some outlooks for future works.

5.1.3 Presentation of two test cases

During this master thesis we have been using two test cases:

• The reconfiguration of a clamped beam at 90◦ with the direction of the flow. This
is a static case that can be solve for the steady state using symmetric conditions.
However no results are presented for the purpose of concision and because the following
developments in the second test case are more general.

• Vortex induced vibrations of a cylinder (mass m, diameter D) mounted on spring
(stiffness k) in a 2D flow (inlet velocity U∞). We used data from Boudina et al. [3] that
are computed with the Cadyf finite element solver using an Arbitrary Lagrangian
Eulerian (ALE) approach. Data used are extracted from a run at Ur = 5 where
a frequency lock-in is known to occurs. The computational domain and boundary
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conditions are identical from those presented in chapter 4 for the vortex shedding, as
well as the Reynolds number Re = 100. Here the mass number is set to M = 1.

5.2 Several approaches around the concept of extension operator

5.2.1 Representation in the actual frame with displacement of training points

Keeping in mind that a PINN is not defined by local elements but by a symbolic mapping
of physical coordinates to a quantity, there is no mesh that would need to be moved when
the fluid domain is changed (with time and optimization iterations). Nonetheless, there are
some consequences for the set of points that penalize residuals of PDE. If this set, that is
noted Vin, is sampled at the beginning of the training based on the static configuration Ω0

f ,
it will not fill completely the fluid domain at each time Ωt

f : some points will go outside of
the fluid domain (for instance inside the solid). Plus, some area in Ωt

f won’t be covered by
any penalization points. This situation is illustrated in Figure 5.3 with highlights in red of
the initial points that fall into solid domain. Moreover, during the training, before the PINN
has converged to the solution, the fluid domain might be deformed even if this is not the
final solutions. Still the penalization points should be adapted to this moving fluid domain
to enforce the physical regularization.

One way of solving this problem is to move Vin points during time and training. This leads
to the definition of an extension operator ξ = (ξx, ξy) which is a function of the space and
time coordinates (x0, y0, t) in the initial frame Ω0

f to the spatial coordinates in the actual
frame (xt, yt, t):

xt = x0 + ξx
(
x0, y0, t

)
,

yt = y0 + ξy
(
x0, y0, t

)
.

(5.4)

In addition, the fluid-solid border is still defined by a symbolic function but moves during
time and optimization. With similar notation, x0

BC(s), y0
BC(s) are the coordinates of the

initial border as a function of the normalized curvilinear abscissa s ∈ [0, 1]. The deformed
border is obtained with a similar transformation using the extension operator ξ:

xtBC(s, t) = x0
BC(s) + ξx

(
x0
BC(s), y0

BC(s), t
)
,

ytBC(s, t) = y0
BC(s) + ξy

(
x0
BC(s), y0

BC(s), t
)
.

(5.5)
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Figure 5.3 Illustration of the problem of static penalization points while the fluid domain
moves with time and during the optimization process. Some points are outside Ωt

f (coloured
in red) whereas some empty spaces are created resulting in a flow area that is not penalized.
On the left column is illustrated the convergence of PINNs that encode xc and yc as functions
of time with cylinders coordinates trajectory.
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Since every transformation is carried out inside the symbolic graph of operations, derivatives
are still available with automatic differentiation. Especially, computation of the instantaneous
normal vectors n(s, t) is straightforward by switching x0

BC by xtBC :

nx = −∂y
t
BC

∂s
,

ny = ∂xtBC
∂s

,

(5.6)

as illustrated in Figure 5.4.

In some cases, the displacement of the boundary can be encoded elsewhere. For instance
for a moving cylinder, a PINN can encode the solid displacement of the cylinder’s center
xc(t), yc(t). In that case, the boundary is obtained simply by the translation and there is
no need to use the extension operator. Nonetheless, it is necessary to make sure that the
displacement of the fluid domain obtained via ξ alongside the border and the one of the
border via xc(t) are equal. To achieve that, there are two possibilities:

• Adding a penalization term in the loss that would look like

Lfr = 1
Ns

∑
s,t

[
ξx
(
x0
BC(s), y0

BC(s), t
)
− xc(t)

]2
+
[
ξy
(
x0
BC(s), y0

BC(s), t
)
− yc(t)

]2
. (5.7)

• Using a prior dictionary for the extension operator. The current ξ would be modified
into ξ̂ as follow:

ξ̂(x0, y0, t) = ξ(x0, y0, t)︸ ︷︷ ︸
Output of NN

× f 0
bc(x0, y0)︸ ︷︷ ︸

=0 on ∂Ω0
F S

+xc(t) (5.8)

In the case where a PINN is used to define ξ, both of the methods are possible and this choice
may affect the convergence efficiency. Moreover, like in an ALE method, a regularization is
required so that the deformations of ξ in the fluid domain are smooth. Also this prevents ξ

from concentrating penalization points in an area with low errors and lowering the concen-
tration of points in the area of importance. To enforce that penalization, a regularization
equation can be used, like a solid-elastic (inspired by ALE) or a Poisson’s equation which is
known to smooth displacements and is also used for mesh generation [121,122].

On the other hand, with a prior-dictionary it is possible to construct an explicit extension
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s = 0

Initial
frontier

s = 1

Deformed
frontier

x0
BC(s)

ξ xtBC(s, t)

n(s, t)

Figure 5.4 Illustration of the deformation of the boundary using the extension operator.
The initial frontier (dashed line) is transformed into the deformed frontier (solid line) using
the extension operator ξ (blue arrow). Combination of these symbolic operators allows the
computation of the normal vector n (red arrow).
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operator that would not require any specific training. For the case of a cylinder in a box,
here is an example of an effective explicit extension operator:

ξx
(
x0, y0, t

)
=

=1 on ∂Ω0
F S︷ ︸︸ ︷(

1− f 0
BC(x0, y0)

)
×xc(t)×

=0 on ∂Ωext︷ ︸︸ ︷
fBDR(x0, y0),

ξy
(
x0, y0, t

)
=
(
1− f 0

BC(x0, y0)
)
× yc(t)× fBDR(x0, y0),

f 0
BC(x0, y0) = tanh

(
γ
[√

(x0 − x0
c)2 + (y0 − y0

c )2 − rc
])
,

fBDR(x0, y0) = tanh γ(x0 − Lx,max)× tanh γ(Lx,min − x0)

× tanh γ(y0 − Ly,max)× tanh γ(Ly,min − y0),

(5.9)

where on the initial fluid-solid border of the cylinder ∂Ω0
FS, f 0

BC = 0 and fBDR = 1 so
that we ensure that ξx = xc(t) and ξy = yc(t) at each time and at each iteration of the
training. Moreover, fBDR = 0 on the exterior border ∂Ωext of the fluid domain so that each
penalization point stays in the initial box composed of fluid and solid domains. An example
of this explicit extension operator is displayed at Figure 5.5. In this example a slight change
was made by choosing

f 0
BC(x0, y0) = ReLu

{
tanh

(
γ
[√

(x0 − x0
c)2 + (y0 − y0

c )2 − 1.2rc
])}

. (5.10)

This slight modification increases the size of the area around the cylinders where ξx ≈ xc

before this is flattened by the initial f 0
BC . The rectified linear unit ReLu(x) = max(x, 0) is

there only to make sure that f 0
BC = 0 in the area where the distance to the initial cylinder’s

centre is between rc and 1.2rc. In the end, this type of approach can work for simple cases
where these adjustments can be shaped by hand. But they may lack of generalization. In-
stead the general approach of using a PINN for the explicit operator may be chosen since it
can adapt to any geometry in two and three dimensions.

The fact that penalization points are moving with time must be taken into account for the
governing PDE. Indeed this can create a non-physical change of reference frame and therefore
affect the derivatives. Especially, when we compute ∂

∂t
in the graph of operation of one of

the variable, for say u(xt, yt, t), it takes into account that xt and yt are functions of x0, y0
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(a) (b) (c)

Figure 5.5 Displacement of penalization points using an explicit extension operator with
xc(t) and yc(t) taken from simulation data. The three snapshots are extracted at the central
position (a) and at the extreme transverse displacements (b and c).

and t as defined in equation 5.4. More specifically, we have

∂u

∂t
(xt, yt, t)︸ ︷︷ ︸

As computed with tf.gradients

=
[
∂u

∂t
(xt, yt, t)

]
xt,yt

+
[
∂u

∂xt
(xt, yt, t)

]
yt,t

×
[
∂xt

∂t
(x0, y0, t)

]
x0,y0

+
[
∂u

∂yt
(xt, yt, t)

]
xt,t

×
[
∂yt

∂t
(x0, y0, t)

]
x0,y0

,

(5.11)

and to obtain the ∂u
∂t

in the NS equations (that we should write
[
∂u
∂t

(xt, yt, t)
]
xt,yt

to empha-
size that xt and yt are kept constant while derivating with respect to t), we can use the
first term in the right hand side of equation 5.11. All the other terms can be obtained with
tf.gradients function from automatic differentiation in Tensorflow.

It is possible to bypass this correction of derivatives with a trick specific to Tensorflow. When
computing tf.gradients(u,t), Tensorflow looks into the graph of symbolic operations to
link u (xt(x0, y0, t), yt(x0, y0, t), t) to every occurrence of t which are to be found in xt and
yt in addition to the third input of u. But if we compute u as u (xt(x0, y0, t′), yt(x0, y0, t′), t)
where t′ is a variable independent from t in the graph of operations, then[

∂u

∂t

(
xt(x0, y0, t′), yt(x0, y0, t′), t

)]
t′=t

=
[
∂u

∂t
(xt, yt, t)

]
xt,yt fixed

, (5.12)

under the condition that we assign the same values for t′ and t.

Another possibility that has not been explored consist of sampling penalization points uni-
formly in the domain and use only those in the current fluid domain. To do so, there need to
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be an explicit condition that is able to discriminate whether points are in or outside Ωt
f at

time t and for the current optimization step. One problem that may be encountered is that
it could create a bump during the optimization and therefore trouble or make the gradient
descent unstable. Indeed, when a group of points change of status, the loss is directly af-
fected and even if it is dynamically averaged by the activated points, the loss is not uniformly
sampled in space.

5.2.2 Representation in a fixed frame with displacement of measurement points

Encoding the small fluid patterns of the boundary layer and the vortices in the wake is al-
ready a challenge. Moreover, it is more complicated for the PINN to encode these pattern
if they are moving spatially. So one idea is to constrain the representation of the flow in a
fixed frame, for instance the initial configuration where the fluid-solid frontier is defined by
∂Ω0

FS. Consequently, the PINNs that approximate flow variables are functions of the fixed
frame coordinates x0, y0 as well as time t.

Although the set of penalization points does not have to be moved since flow variables are
defined in the initial domain, a similar problem appears for the fitting term of the loss. From
a practical point of view, measurements data are known in the actual frame and are formatted
as a list of xtmes, ytmes, tmes, umes, vmes, pmes. But to compare it to the output of PINNs, the
corresponding location in the initial frame is required. Thus, we define an inverse extension
operator η = (ηx, ηy) that maps the actual locations with the fixed frame where PINNs are
defined :

x0(xt, yt, t) = xt − ηx
(
xt, yt, t

)
,

y0(xt, yt, t) = yt − ηy
(
xt, yt, t

)
,

(5.13)

as a mirror of the direct extension operator ξ.

Therefore, a similar problem appears for the derivatives of the flow quantities with this change
of frame. To express the derivatives of the actual coordinates in terms of x0, y0 and t of a
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flow variable q (x0, y0, t), we develop the chain-rule:
[
∂q

∂xt
(x0, y0, t)

]
yt,t

=
[
∂q

∂x0 (x0, y0, t)
]
y0,t

×
[
∂x0

∂xt
(xt, yt, t)

]
yt,t

+
[
∂q

∂y0 (x0, y0, t)
]
x0,t

×
[
∂y0

∂xt
(xt, yt, t)

]
yt,t

.

(5.14)

The result is similar for ∂
∂yt . For the derivation with respect to time, there is an additional

term:[
∂q

∂t
(x0, y0, t)

]
xt,yt

=
[
∂q

∂t
(x0, y0, t)

]
x0,y0

+
[
∂q

∂x0 (x0, y0, t)
]
y0,t

×
[
∂x0

∂t
(xt, yt, t)

]
xt,yt

+
[
∂q

∂y0 (x0, y0, t)
]
x0,t

×
[
∂y0

∂t
(xt, yt, t)

]
x0,y0

.

(5.15)

The problem is that, to compute the gradient of coordinates in the fixed frame with respect
to the actual coordinates using the inverse extension operator

∂x0

∂xt
= ∂

∂xt

[
xt − ηx(xt, yt, t)

]
= 1− ∂ηx

∂xt
(xt, yt, t), (5.16)

we can notice that xt, yt must also be provided. This means practically that both ξ and η

needs to be used. In the case ξ is the inverse operator of η, the previous quantity can be
computed using both operators:

∂x0

∂xt
= 1− ∂ηx

∂xt

(
x0 + ξx(x0, y0, t), y0 + ξy(x0, y0, t), t

)
. (5.17)

And to make sure this happens, the penalization of the inversion of operators is taken into
account with an additional term in the loss function:

Linverse = 1
Nin

∑
x0,y0,t∈V 0

in

x0 −

∼x component of η◦ξ︷ ︸︸ ︷(
x0 + ξx(x0, y0, t)

)
︸ ︷︷ ︸

xt

+ηx(x0 + ξx(x0, y0, y)︸ ︷︷ ︸
xt

, y0 + ξy(x0, y0, t)︸ ︷︷ ︸
yt

, t)


2

+

y0 −

∼y component of η◦ξ︷ ︸︸ ︷(
y0 + ξy(x0, y0, t)

)
︸ ︷︷ ︸

yt

+ηy(x0 + ξx(x0, y0, y)︸ ︷︷ ︸
xt

, y0 + ξy(x0, y0, t)︸ ︷︷ ︸
yt

, t)


2

(5.18)
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This penalizes the mean square error between the initial coordinates and the one that is
found when applying ξ then η for all the points in the domain. It is possible to do the
symmetric penalization of ξ ◦ η instead of η ◦ ξ with a similar formalism.

However, this exact inversion may not be required and it could be possible to only use a
direct operator ξ and an inverse operator η that are not the exact inverse but that still
perform a smooth mapping between the fixed and the actual frame. In the end we would
have η for the fitting part of the loss and for plotting the solution. For training points we
would generate points in Ω0

f that would be transformed in Ωt
f using ξ and then sent back

to Ω0
f using η. In that case we just need to assure that this double transformation allows a

smooth distribution of points in Ω0
f so that penalization of equations are carried out correctly.

5.3 On the use of Prior-Dictionnary and Modal Analysis

5.3.1 Prior Dictionaries for Vortex Induced Vibrations in PINN

Using Prior-Dictionary is an asset since it make it possible to enforce kinematic boundary
conditions directly without a penalization term that may not converge before the other terms
of the loss. Some prior-dictionary have been presented for the extension operators in the case
of the VIV test-case. Besides, it is still possible to use prior-dictionary for velocity field with
slight adjustments:

• Instead of u = NN(·; θ) × fbc where the fbc = 0 on the frontier, we should add the
velocity of the frontier defined by ∂xc

∂t
(t) : u = NN(·; θ)× fbc + ∂xc

∂t
so that u equals the

velocity of the solid instead of 0.

• Depending on the approach chosen for flow mapping (in the actual frame or in a fixed
frame), the area where fbc = 0 changes. Moreover fbc is either a function of x0, y0 when
u is defined on Ω0

f , or a function of xt, yt, t if u is defined on Ωt
f .

However, this formalism may lack of generalization since most of the explicit shapes are de-
signed by hand and this become more complex when the geometry becomes less trivial.
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5.3.2 Modal Analysis

Modal decomposition in a moving domain may uncover interesting phenomena. First, we
did not find in the scientific literature any appropriate definition of mode shapes in the cases
of large deformations of the fluid domain. This can be problematic for the first approach
where the fluid fields are computed in the actual reference frame because there are area that
are not in Ωt

f at every moment of the oscillation period and are thus, undefined. We could
neglect this and plot mode shapes with the same formalism as in chapter 4 on all the domain
(fluid an solid) keeping in mind that the obtained solution must be cropped depending on
the phase position.

For the second approach where the flow fields are defined in a fixed frame of coordinates,
it makes more sense to consider mode shapes since there is a flow quantity defined at every
point and every time instant. Besides, there would also be mode shapes for the extension
operators. However, there is a difficulty that is still not clarified: the combination of relative
speed between that of the domain and those of flow quantities might lead into a Doppler effect
which could affect the distribution of frequencies. At this stage, it is not clear if the Fourier
decomposition consisting in an average in time mode û0 and a sequence of mode shapes ûk
at harmonic frequencies k× f0 would still hold. It is possible that we would need to consider
several fundamental frequencies alongside some of their combined harmonics, which has not
been explored yet.

5.4 Results, limitations and outlooks

Here are presented the results of a typical job where we tried to reconstruct the flow fields
u, v, p and cylinder’s displacements xc, yc using classical PINN (without the modal approach).
The presented results are obtained after a run with properties recalled in Table 5.1 and with
quantitative errors at the end of the training listed in Table 5.2. In this run the approach used
is the fixed frame of coordinates to define flow fields. Direct and inverse extension operators
are used as described earlier. They are defined by an analytical shape close to equation 5.9
(with the modification of 1.2rc discussed in the paragraph next to equation 5.9) and for η:
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ηx
(
xt, yt, t

)
=−

=1 on ∂Ωt
F S︷ ︸︸ ︷(

1− f tBC(xt, yt, t)
)
×xc(t)×

=0 on ∂Ωext︷ ︸︸ ︷
fBDR(xt, yt),

ηy
(
xt, yt, t

)
=−

(
1− f tBC(xt, yt, t)

)
× yc(t)× fBDR(xt, yt),

f tBC(xt, yt, t) =ReLu
{

tanh
(
γ
[√

(xt − xc(t))2 + (yt − yc(t))2 − 1.2rc
])}

,

fBDR(xt, yt) = tanh γ(xt − Lx,max)× tanh γ(Lx,min − xt)

× tanh γ(yt − Ly,max)× tanh γ(Ly,min − yt).

(5.19)

Dense data for the three flow fields as well as for solid displacements are provided in loss
terms:

Lmes,f = 1
Nm

∑[
(umes − u)2 + (vmes − v)2 + (pmes − p)2

]
Computed at x0

mes,y
0
mes,t

, (5.20)

Lmes,s = 1
Nm,s

∑
tmes

(xc,mes − xc(tmes))2 + (yc,mes − yc(tmes))2 . (5.21)

Besides, penalization of the NS equations takes into account the change of reference in the
term Leqs,f . Dynamic boundary conditions as recalled in equations 5.1 and 5.2 are penalized
for a sampling of time instants and averaged in the loss term Leqs,s. Finally a last term is
used in the loss function and quantifies the mean square error on kinematic conditions:

LBC = 1
NBC

∑
s,t

[
u(xtBC(s, t), ytBC(s, t), t)− ∂xc

∂t
(t)
]2

+
[
v(xtBC(s, t), ytBC(s, t), t)− ∂yc

∂t
(t)
]2

.

(5.22)

Then all the loss terms are concatenated for the training:

L = Leqs,f + Leqs,s + Lmes,f + Lmes,s + LBC (5.23)

The value of each part of the loss after the training is summarized in Table 5.2. These er-
rors are 1-2 order of magnitude higher than those obtained in the previous chapter for the
vortex shedding around a fixed cylinder. Qualitative results are depicted in Figure 5.6 for
snapshots of flow fields and Figure 5.7 for forces and displacement of the solid border. It can
be noted from the snapshots that the area around the cylinder has been displaced slightly
downstream and in the positive y. Besides the general shape of the wake is quite different
than the one from exact data. Regarding the displacements, the longitudinal components xc
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display an average value coherent with data but misses the variable part (which are of small
amplitudes, about 10%, compared to the average), and yc is accurately recovered for both
the average (which is zero) and the oscillating part, but this is not that difficult since a lot
of measurements of xc and yc have been fed to the training. However important differences
both in average value and oscillations of the forces can be noted. These results show indeed
that the fields of velocities and pressure have not converged properly.

Several other runs were carried out using the possible combinations of solutions proposed.
But at this day, no jobs have clearly converged in an acceptable way. Moreover it has to
be noted that these training have been performed using dense and numerous data of the
fluid fields as well as data of solid displacement. This training configuration is much easier
than more realistic ones that are targeted for these tools, as discussed in the end of chapter 4.

Other training configurations consists in:

• Computing the flow fields in the actual frame or in a fixed reference frame

• Using Explicit direct and inverse extension operators. Or use a PINN with or without
prior-dictionaries to shape ξ and η.

• Pre-train xc(t) and yc(t) with measurements of displacement before working on flow
quantities so that explicit extension operators can provide a good mapping to measure-
ment data.

• Using the classical derivation technique with the trick of mirroring the time variable in
the graph of operations in Tensorflow (see equation 5.12).

• Training without the penalization of equations.

• Using (or not) a ModalPINN with a sequence of frequencies (harmonic or any type of
list so that multiple fundamental frequencies may be took into consideration)

Eventually, among the tested combination of configurations and optimization parameters, we
have not yet obtained any result that shows that, even when feeding the complete solution
to the PINNs, the VIV can be reconstructed using these proposed approaches. Nonetheless,
the step forward compared to the static case does not seem to be that big, and it is also
possible that the absence of convincing results may be due to mischosen neural networks,
optimization process or errors in the code.



100

Table 5.1 Parameters set in a run for the reconstruction of VIV, which results are summarized
in Table 5.2.

Parameter Value
FSI Approach Fixed reference frame using η and ξ

Data Dense (u, v, p, xc, yc)
Time 7h
Nin 4× 104

Nm 1.5× 105

NBC 1× 105

modalPINN No
Prior-Dictionary No

Extension operator Explicit for η and ξ
L-BFGS-B 108 iterations

Adam 53 200 iterations

Table 5.2 Summary of the errors at the end of the run described in Table 5.1 for the flow
reconstruction of VIV.

Symbol Error Value
L Training (end) 1.7× 10−1

Leqs,f Fluid equations (end of train.) 3.6× 10−2

Leqs,s Solid equations/Dynamic BC (end of train.) 3.3× 10−2

Lmes,f Velocity and pressure mes. (end of train.) 8× 10−2

Lmes,f Velocity and pressure mes. (validation) 8× 10−2

Lmes,s Solid displacement mes. (end of train.) 6.7× 10−3

LBC Kinematic BC u, v (end of train.) 1.9× 10−2
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(a)

(b)

(c)

Figure 5.6 Snapshot of reconstructed flow fields u, v and p (resp. a, b and c) with exact data
from numerical simulations plotted in the fixed frame. For each quantity, square difference
is plotted in log scale.
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(a) (b)

(c) (d)

Figure 5.7 Results of displacements xc, yc and forces Fx, Fy in subplot (a), (b), (c) and (d)
respectively for the VIV test-case. Exact data from numerical simulations in orange solid
line are compared to PINN reconstruction in blue dashed lines.
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In the case an appropriate configuration manages to converge to the fed solution, it could be
interesting to try to recover the same solution but using partial information. Especially here
are some suggested scenarios:

• Using only fluid data, without measurements of the cylinder’s position.

• Using only displacement data and boundary conditions for the fluid.

• Using only fluid data but in an area constrained to the wake of the cylinder.

Being able to perform such reconstruction with accurate estimation of forces and displace-
ments could be of interest for experimental research and industrial applications.



104

CHAPTER 6 GENERAL DISCUSSION

One of the reason that may explain the time between the description of the concept of PINNs
by Dissanayake et al. in 1994 [63] and the interest and spreading of this technique after the
work of Raissi et al. in 2018-2019 [66], apart from the differences of computing resources
(hardware and software), lie in the the small data regimes. As illustrated in Figure 6.1, with-
out nearly any knowledge of the physical laws, experimental fluid mechanics can provide data
that are directly used to study, design, optimize and certify various engineering solutions.
The drawbacks are that scaled models must be used to fit in laboratory facilities for large
systems and that information can not be measured everywhere. On the contrary, numerical
simulations, and especially DNS where no hypothesis is used to model fluid flows, require no
data on the solution (which is useful for completely new test cases) and provide large amount
of information for the engineering process without constrains on the size of the system. How-
ever the drawback is that the precision is limited by the computing resources (especially for
turbulent flows) and by the uncertainty on the physical parameters and boundary conditions
that are inputted in the computation. In the end, PINNs stand as a bridge between these
two sides. As observed especially in chapters 3, 4 and in appendix A.2, and showed in the
literature [119], PINN let extend the experimental data range outside of its area of mea-
surement. As with the example of the noised PIV with holes in appendix A.2.2, it opens a
path to correct experimental data when they are corrupted by noise for instance. But PINNs
also allow improving the performance of classical numerical simulations by allowing a more
precise identification of the physical parameters as discussed in chapter 3 or by easing the
creation of models as discussed for turbulent flows [123].

This in-between objective find practical tools in machine learning and especially PINNs,
largely because the computing resources are designed to perform fast optimization with large
data sets. Nonetheless technical limitations of PINNs as the convergence duration, the lack
of robustness and the difficulty of PINNs to be generalized to several configuration (often
referred as transfer learning) encourage to follow other techniques that target similar objec-
tives. Among these, adjoint optimization [124] or automatic differentiation implemented in
more classical codes like finite elements [125, 126], and identification of non linear dynamics
(SINDY) applied to low dimensional representations are example of promising techniques [53].
These could also serve as inspiration for upgrading the approach of PINNs. As an exam-
ple, hp-VPINN defined by Kharazmi et al. [127] has many similarities in its formulation
with FEM. Furthermore the ModalPINN presented in chapter 4 is comparable to the use of
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SINDY [52] applied to Fourier mode shapes. Especially ModalPINN offers leads to increase
the generalizability of PINN because the mode shapes may be combined in a different way
with different time functions, amplitude or phase shift. This also proved to be more effi-
cient that the classical PINN approaches, which then may help the convergence of PINNs in
applications closer to realistic configurations, which is discussed in appendix A.2. Finally,
the understanding that PINN is primarily a way of discretisation (or approximation of
the continuous fields with symbolic functions) leads to its combination with various way of
representation (or model reduction). As outlined in appendix A.1 and described in Figure
A.1, the continuity of ModalPINN is to use PINN approximation of simpler functions, then
combined in modal representation that can be enriched the one after the other. This possi-
bility also finds similarity with the Proper Generalized Decomposition (PGD) [128] in terms
of representation. Finally, a gap in the literature lie in the use of modal representation for
fluid-structure vibrations with the problem of moving domain as discussed in chapter 5. As
vibrations are often associated with frequencies and mode shapes, there is some motivation
to overcome the question of the fluid domain definition to be able to use the previously de-
veloped tools of modal representation to address FSI.

Independently of the system to which PINN is applied, this thesis has focused on challenging
PINNs in various directions as schematized in Figure 6.2. The horizontal axis stands for
the quantity of data fed to the training and highlights a similar in-between as in Figure 6.1.
When data is abundant for all the continuous fields to be reconstructed, without holes in
space or time and without imperfections, the reconstruction is relatively easy to perform (see
the discussion in chapter 3). On the other hand, there is little interest to perform so because
a good reconstruction could be obtained with a direct fitting using low order polynomial
at a relatively low error (that could be around a few percents, 1-5% to give a quantitative
value). With the same quantity of data, a slightly harder problem appears when some fields
are missing in the training data because they can only be obtained using the PDE couplings
between all the fields. This is the case for pressure fields in incompressible flows, that are
not experimentally measured with PIV for instance. When data is still dense but when the
amount (and in fine, the nearly uniform concentration) of it decreases, the reconstruction
of the field using only polynomial fitting becomes less precise and can leads to errors of the
order of magnitude of the solution itself. The physical regularization of PINNs brings there
a practical solution to correct these interpolations with the PDE. Then when holes in the
data appears (as illustrated with the array of sensors in subsection 4.5.3 or with the 2 PIV
areas around the array of cylinders in appendix A.2.2), the direct interpolation leads to errors
greater than the solution itself and physical regularization can not be ignored. Finally, it is
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Figure 6.1 Illustration of the area of interest for future developments of PINNs.

possible to consider that a direct problem with Dirichlet boundary conditions (traditionally
solved with CFD) is an extreme extension of data sparsity . This is why PINNs are theo-
retically still suited to solve direct problems. However in these typical cases, more classical
methods like FEM show a greater efficiency and robustness than PINNs.

The vertical axis in Figure 6.2 stands for the decrease of data quality. In this thesis, this
has been illustrated through the adding of Gaussian noise or delays in time signals (that add
uncertainty in a different way). This is an area where uncertainty quantification techniques
could be applied to quantify more generally the effect of data imperfections on the precision
of predictions. These approaches could also try to understand how incompatibilities in the
multi objective optimization performed by PINNs (data and PDE which are incompatible in
case of imperfections and overconstrains) are handled.

Finally, the out of plane axis in Figure 6.2 stands for difficulties that are brought by the model
itself. This can be the case when multi-physics phenomena like FSI developed in chapter 5
leads to coupling between fields that have difficulties to converge concurrently. Thus one
field can not use the second one to help its own convergence (and conversely) through the
couplings in PDE. In a simpler version, parameters identification leads to a similar increase
in difficulty when, for instance, a scalar value in the PDE is missing, the PDE changes during
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optimization and thus the target for the continuous fields while they are converging. In this
last case, PINNs seems to perform well as illustrated by the wide literature on parameter
identification with PINNs [67–69, 72, 74, 77, 129, 130] which is optimistic for the special case
of FSI.

Less fitting data

Lower quality of
fitting data

Incomplete model,
Multi-physics

Perfect
Dense
Data Sparse

Data
Only
BC/IC

Dense data
for 1 field

Noise Desynchronisation

IFS
Parameter identification

Incompatibility
(overconstrained by data)

Figure 6.2 Schematics of the three directions explored with PINNs. The quantity of data
(horizontal axis), its quality (vertical axis) and the coupling between physics or on the con-
trary unknown in the physical models (out of plane axis) are illustrated with several test-cases
in the previous chapters.
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CHAPTER 7 CONCLUSION AND RECOMMENDATIONS

7.1 Summary of Works and Limitations

In this thesis we recalled and developed the formalism of physics-informed neural networks
for fluid mechanics applications. After introducing the mathematical foundations of PINNs
and the variety of techniques to perform the training, we provided practical methods to
generate loss functions containing both fitting data and partial knowledge of physical laws.
This formalism was implemented in Python using Tensorflow for automatic differentiation
and training. Several runs were performed on a wide variety of hardware set-up (laptops,
professional desktops on CPU and GPU, world-class computation cluster with Graham server
on Compute Canada). The influence of PINN’s parameters and several training strategies
were discussed over basic test-cases and practical guidelines were provided in order to chose
appropriate NN and convergence criteria.

Flow reconstruction using modal decomposition proved to be of interest for periodic flows to
increase the efficiency and the precision at a given neural network size. Moreover, the test
performed regarding the handling of unknowns in the data like spatial sparsity, noise and
out of synchronization, tend to prove that PINNs are able to correct some imperfections and
enhance the quantity of the provided data. We also discussed other possible modal decom-
position as well as adaptations to more complex flow configurations so that this work may
be expanded toward more physically-rich and applied applications.

This thesis also investigates techniques to address fluid-structure interactions within the
framework of PINNs. Several hypothesis have been made to developed two approaches using
the moving domain and a fixed artificial frame of reference. Extension operators that encode
the deformations of the domains modify the partial derivatives used in the physical equations.
So far, none of these solutions proved to converge properly using a test case consisting of
vortex induced vibrations.

7.2 Future Research

In the short-term there are interesting challenges to address using PINNs with the optimiza-
tion of new auxiliary variables. For instance it could be interesting to try to recover boundary
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conditions from experimental data, since it is known to be a critical point for correlation be-
tween numerical and experimental work [131].

In terms of architecture of PINNs, modalPINN or the use of extension operators in FSI
brought some changes in the way the solutions are defined and optimized in the end. New
approaches might still be explored to find more efficient and robust designs for PINNs.

Moreover, we strongly encourage future developments on PINNs to join one of the open-
sources communities like DeepXDE (a more exhaustive list is provided by Karniadakis et al.
at the end of the paper [81]) for several reasons: even if a basic PINN code can be written
in Python and Tensorflow in less than 500 lines (which can be a good practical example
for understanding how a PINN works), several stabilizing techniques and improvements for
avoiding convergence issues may be implemented in these codes, especially since some hard-
ware manufacturers are involved in these projects (like NVIDIA in SimNet) and might better
understand the difficulties for distributed training. Besides, default training properties might
be better tuned in general, which is often a trouble for beginners in ML. Finally, these codes
might implement compatibility with CAD files that will be helpful to deal with more complex
geometries and boundary definitions.

Finally, with applications like digital twins in mind, it could be of interest to investigate
parametric PINNs where scalar values specific to the configuration could be input in the
PINN (like the Reynolds number, Strouhal number, geometric value or any other scale of
interest). It is likely to increase a lot the size of the NN required for such a problem, but on
the other hand it could make the parametric PINN less dependant of the configuration.
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APPENDIX A SUPPLEMENTARY MATERIAL ON MODALPINN

A.1 A summary on spectral methods and modal analysis

Especially in CFD where computations can be carried out using millions of degrees of free-
doms (and often more with the number of nodes that skyrockets in meshes designed for
turbulence), it can be practical to reduce the complexity of a flow to a lower order space
of modes that we can eventually truncate. This can help reducing a dimension or better
understanding some global patterns. From a mathematical point of view, it consists in de-
composing a field as a weighted sum of basis functions defined globally over the domain. This
can be practical to solve directly some PDE. Especially when PDEs are linear and when the
basis functions have good mathematical properties (we know their derivatives, or the func-
tions are orthogonal to one another...). For instance some PDE can be analytically solved
using Fourier transform like wave equations. In a certain way, the FE method can also be
expressed as a spectral method since it decomposes the solution over a basis of continuous
functions that are non zero only on a sub part of the domain called an element.

Data driven approaches use the same kind of decomposition. However the objective is not
directly to solve a PDE bu rather finding patterns in data already collected. Moreover, once
these patterns are found, it can act as a filter to remove less interesting or noisy parts in
the data and finally compressing the information for storage. A review of modal analysis
techniques for fluid flows by Taira et al. [45] emphasizes on these point of interests while
recalling some of these techniques.

Among these techniques, Harmonic Balance Method (HBM) [132] uses a finite basis of eiωkt

so that the time dimension is reduced to a finite number of Fourier coefficients (that depends
of space). The proposed ModalPINN is a direct application of this, excepted that the modal
coefficients are mode shapes, i.e. continuous functions of space defined by a neural networks.
These techniques are well suited when the boundary conditions (in time or space) are peri-
odic since we use a periodic set of basis functions.

When data are already available, Dynamic Mode Decomposition (DMD) [133] provides a list
of spatial mode shapes associated with one frequency which is very similar to the Fourier
decomposition (except growth rate are usually taken into account in DMD whereas we did
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not in the presented version of ModalPINN). In DMD, a given snapshot of a field xk at time
step tk = t0 + k∆t is concatenated in a matrix and then a linear operator A is fitted so that
the residuals of 

xk+1
...

xN+k+1

 = A


xk
...

xN+k

 (A.1)

are as low as possible. Then the eigenvectors of A are DMD modes and the complex eigen-
values provides a frequency and a growth rate.

Proper Orthogonal Decomposition (POD) [133] uses a more general decomposition of an
average-free function of space and time u(x, t):

u(x, t) =
∑
k

ak(t)φk(x) (A.2)

where both ak and φk are unknown but the space functions are set to be orthogonal the
one between each others:

∫
Ω φk(x)φj(x)dx = 0 if k 6= j. The objective is to minimize the

quadratic difference between the truncated sum and the complete data u. Several methods
exists for solving this problem : spatial POD, snapshot POD, a Singular Value Decomposi-
tion (SVD) and even a linear auto-encoder using a one hidden Neural Network with linear
activation functions trained with gradient descent [101]. Once the mode shapes φj(x) are
known, time coefficients can be obtained by a direct projection ak(t) =

∫
Ω u(x, t)φk(x)dx. It

can be noted that as POD minimizes the quadratic error, the decomposition is optimal in
terms of kinetic energy so that the number of modes required for a certain phenomena and
a given error threshold is minimal in L2 sense.

The choice of Fourier approach for the ModalPINN presented in chapter 4 have been moti-
vated by the simplicity of the decomposition. Only the space remains unknown and is easier
to approximate using an NN. But it would be quite direct to generalize ModalPINN to other
type of decompositions. For instance, growth rate can be taken into account using an addi-
tional complex variable in the list of frequencies. Multiple fundamental frequencies can also
be used so that we can address non periodic phenomena. Even POD could be implemented
in a PINN. As summarized in figure A.1, a second NN could approximate the functions of
time ak(t), the modal sum would be implemented in the graph of operation in the exact same
way as with the ModalPINN. There would be an additional penalization term Lort in the
loss for making sure that the obtained mode shapes are orthogonal.
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A.2 Performance of ModalPINN on more complex flow patterns

It is a matter of interest to generalize the framework presented in this chapter to more realis-
tic flows. To explore this direction, some tests with flows over one body have been performed
with a more complex shape using a turbine blade at a high angle of attack. We have also
used another type of geometry with an array of several cylinders. The goal is to observe if
the presented framework generalizes well.

A.2.1 Periodic flow over a 2D turbine blade

Flow reconstruction over a non-canonical geometry have been carried out using a blade pro-
file at a high angle of attack. The geometry comes from the CAD file of a guide vane from
a Francis turbine which is depicted at figure A.2a. A numerical simulation using ANSYS CFX
is carried out on the domain presented at figure A.2b which consists of a rectangle with
free-slip boundaries on top and bottom, a uniform inlet velocity (u, v) = (U∞, 0) and an
average zero pressure at the outlet. The Reynolds number based on the inlet velocity U∞,
the approximated chord-length L0 and water properties is Re = U∞L0

ν
= 168 and vortex shed-

ding occurs at a dimensionless frequency ω0 = 2πf0 = 1.89 L0
U∞

. After 6000 iterations using
a large time-step ∆t1 = 7.5× 10−2 L0

U∞
corresponding to 22.5 convection time over the entire

computational domain to initialize the simulation, a second run of 6000 iterations is carried
out using a lower time step ∆t2 = 1.5× 10−2 L0

U∞
corresponding to 4.5 convection times over

the whole domain. Then, 100 snapshots over 3 vortex shedding periods are extracted from
the second run, made dimensionless using L0, U∞ and ρwater. Then these data are cropped
to a domain for ModalPINN reconstruction consisting of a rectangular box of 9× 5 centred
on the blade.

One of the challenge is to adapt the ModalPINN to a non canonical body shape, especially
for boundary penalization or for the Prior-Dictionary approach. If we chose to use the
penalization of the no-slip condition, a sampling of points directly obtained from a CAD file
(that encode the frontier as a list of points) can be used. However, this is not enough in
order to get the forces on the boundary. Indeed a value for the normal vector is required. In
the previous example, the normal vector was obtained using a symbolic parametric definition
of the boundary s ∈ [0, 1] → xbc(s), ybc(s) and by differentiating it according to equation
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Figure A.1 Some ideas to adapt a ModalPINN for POD

(a) (b)

Figure A.2 (a) Geometry of the turbine blade at an angle α ≈ 25◦. (b) Computational
domain with dimensions
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3.25. One way of solving this is to use an auxiliary neural network NNbc which is trained
before the actual flow reconstruction (and kept untouched once it is converged). There are
two possibilities for this approximation:

• Using an NN that approximates the two coordinates directly s→ xbc(s), ybc(s). In that
case we can enforce the periodicity either by penalizing xbc(1) = xbc(0) or by using a
periodic input for the neural network : NN : sin(2πs), cos(2πs)→ xbc(s), ybc(s).

• Using an NN that approximates the radius of the frontier rc as a function of the angle
θ as depicted in figure A.3. In that case, one needs a geometry which is convex and
a centre needs to be defined arbitrary. One of the problem of this method is that
the function rc(θ) can have sharp variation especially if the profile has a large aspect
ratio. Then the coordinates are obtained by xbc(s) = xc+rc(2πs) cos(2πs) and ybc(s) =
yc + rc(2πs) sin(2πs).

In both cases, the obtained function is continuous and derivable in the graph of operation
thanks to back propagation.

In the case of Prior-Dictionary, we are looking for a function of space fbc that is symbolic,
almost equal to 1 and flat far from the frontier and equal to 0 on its border. A direct
transposition of the function used in the case of the cylinder would be to use the previously
learned radius rc(θ) as a function of an angle. That would give

fbc(x, y) = tanh [γ(r − rc(θ))] ,

r =
√

(x− xc)2 + (y − yc)2,

θ = angle(x− xc, y − yc).

(A.3)

with the same choice of factor γ as discussed in the article. The result of this approach is
depicted at figure A.4. This function depicts strong gradients especially when

∥∥∥∂rc

∂θ

∥∥∥ � 1,
which occurs near the edges of the blade. It is highly possible that these sharp gradients
impact the initial PINN and therefore affects the optimization process.

Another solution that has been used is to create a map of points in the fluid domain and
compute their distance to the nearest point of the frontier ∂Ω. Then a NN can be trained
directly to satisfy fbc(x, y) = NN(x, y) = distance [(x, y), ∂Ω]. Result of this approach is
plotted at figure A.5 and the iso-contour of fbc = 0 that is nearly indistinguishable from
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(a) (b)

Figure A.3 Approximation of the boundary using a changing radius : position of the centre
(a) and the obtained radius (b) that is to be learned by the auxiliary NN.

Figure A.4 Illustration of the prior-dictionary obtained using the moving radius approach
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CAD data proves that this approach may work.

Mode shapes obtained from a flow reconstruction using dense data are pictured at figure A.8.
Properties of this run are summarized at table A.1. Besides, a prior dictionary based on the
distance mapping have been used and the frontier is also encoded with the rc(θ) approach.
These mode shapes are qualitatively consistent with those extracted from CFD snapshots
using a direct Fourier transform. Moreover the error on the no-slip boundary is at a similar
order of magnitude (between 10−4 and 10−3) compared to other studies where the boundary
condition is imposed by penalization. This is an encouraging sign for generalizing PINNs to
non canonical shapes.

A.2.2 Periodic flow over an array of cylinders

The studied geometry consists in 3 identical cylinders placed in a uniform flow as depicted
in figure A.6. The computational domain is chosen large in the transverse direction with
free-slip boundary conditions on the top and on the bottom so that their effects on the flow
around the cylinders might not be too important. The inlet condition is a uniform flow
speed (u, v) = (U∞, 0) and the outlet is obtained by imposing a zero averaged pressure. The
simulation is conducted in ANSYS CFX which uses a finite-volume method and a second order
Backward Euler scheme for time integration. After the first iterations with an adaptive time-
step to reach the periodic regime, time integration was performed with a constant time-step
∆t = 1× 10−2d/U∞ and extraction of velocity and pressure data were performed every 10
time-steps. Finally, every quantity is made dimensionless using the inlet velocity U∞, fluid
viscosity ν, its density ρ and the diameter of the cylinder d. The obtained Reynolds number
with respect to one cylinder is Re = U∞d

ν
= 112 so that the flow remains laminar.

Similarly to the vortex shedding past one cylinder, flow-field reconstruction have been car-

Table A.1 Summary of the flow reconstruction run properties for the turbine blade with dense
measurements which mode shapes are presented at figure A.8

Property Value Error Value
Nm 2 No-Slip Boundary 4.9× 10−4

Train. time 10 h Training Error 1.4× 10−3

Nmes 3× 104 Equations (training) 9.6× 10−4

Nint 2× 104 Meas. (valid.) 4.6× 10−4
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(a) (b)

Figure A.5 (a) Learned fbc from a map of distance to the frontier. The close-up (b) compare
the position of the frontier from the CAD data (red points) and the iso-contour of fbc = 0
(grey line).
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Figure A.6 Configuration of the computational domain in ANSYS CFX consisting of an
array of 3 cylinders in a uniform flow.
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Figure A.7 Configuration of the reduced domain for flow reconstruction using the
ModalPINN. Numbers 1-4 corresponds to external boundaries and 5-7 to the three cylin-
ders.
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Figure A.8 Mode shapes obtained with ModalPINN using dense measurements for turbine blade flow reconstruction
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ried out on a reduced domain consisting of x, y ∈ [−7, 8] × [−6, 6], with the origin placed
at the centre of the middle-right cylinder (cylinder 7). Snapshots of velocity and pressure
fields obtained from CFX are plotted at a given time-step at figure A.9b, c and d. A periodic
wake is observed downstream the cylinders but with a more complex pattern than with only
one cylinder. Indeed there is an interesting interference between the wake of each individual
cylinders downstream and also in between the array. This kind of effects are expected in
flows around arrays of cylinders. A review of flow patterns around 2 cylinders by Dehkordi
et al. [134] depicts coupling of different nature and this has lead research towards fluid-solid
vibrations with a particular interest for nuclear reactor as reviewed by Païdoussis et al. [135].

To enforce the no-slip boundary conditions on the frontier of each cylinders, an extension of
the Prior-Dictionary is used. It consists in multiplying the output of the velocity PINNs by
fbc defined by

fbc(x, y) = 1 +
7∑

k=5
fk(x, y),

fk(x, y) = tanh [γ∆rk(x, y)]− 1,

∆rk(x, y) =
√

(x− xc,k)2 + (y − yc,k)2 − rc,

(A.4)

where xc,k and yc,k denote the coordinates of the centre of each of the 3 cylinders which are
recalled in figure A.7. Each fk is approximately equal to 0 and flat far from the kth cylinder
and equal −1 on its frontier. The constant γ that quantifies the area of influence of fk has
been set to γ = 5 for the same reasons as for the flow around one cylinder. An overview of
fbc is depicted in figure A.9a.

The formalism of ModalPINN as presented in the main section of this chapter is used for
reconstructing the flow around these 3 cylinders. We focused on four test cases:

1. Reconstruction of the flow using data everywhere in the domain. From a practical point
of view, we randomly picked out some measurements in space and time from numerical
simulations.

2. Reconstruction of the flow using no information in the area of the cylinders. This
simulates some difficulties that we could have of gathering experimental measurements
inside an array of cylinders due to reflections of laser beam while using optical methods,
or just because of the confinement and the impossibility to put a probe inside the
array of cylinders. Data from upstream and downstream have been used to train the



137

(a) (b)

(c) (d)

Figure A.9 Adaptation of the prior-dictionary for several bodies (a) and snapshots of velocities
u (b) v (c) and pressure (d) fields from numerical simulations at a given time-step.
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ModalPINN by randomly selecting measurements points that verify this criteria

− 4.5 ≤ x ≤ −3 or 1 ≤ x ≤ 4 (A.5)

For comparison, the first row of cylinders is at x = −2 and the second is at x = 0. An
overview of this distribution of points is given at figure A.10a. We will refer to this as
a PIV-like sampling of measurement points.

3. Reconstruction of the flow using PIV-like sampling of velocity measurements combined
with pressure data around the cylinders to help correcting convergence problems.

4. Reconstruction of the flow as in 3. but with an artificially added noise in PIV-like data.

For each of these approaches, some trainings were run with or without pressure data. When
pressure data was not available, a penalization of p = 0 on the outlet was used to fix the
constant. Moreover, sampling of penalization points for the equations have been tested with
slightly different approaches: uniformly or with two zones as in the main section of this
chapter. Also a 3 zones approaches was tested to get more accuracy in the area between the
cylinders as well as very near to each of the cylinders. An example of such a sampling is
plotted at figure A.10b with 2× 104 points and it is expected to bring a better accuracy in
the estimation of forces on cylinders.

Result of a 2 oscillating modes reconstruction with a Neural Network composed of 2 hidden
layers of 75 neurons per layer for each of the 3 variables u, v and p have been trained for 9 h
on a GPU V100 card (with 32Go of RAM) with penalization points using a 3 zones layout.
No pressure data have been provided excepted p = 0 on x = 8. For each run described pre-
viously, a summary of the run properties, details on the loss and errors on force predictions
are provided as well as comparison of the force signals and a snapshot at a given instant.
The figures are referenced in table A.2. Mode shapes obtained in ModalPINN trained with
dense measurements are depicted at figure A.13.

From these results, the reconstruction of pressure field from dense measurements of velocity
only seems to give appropriate results but can suffer from a shift in the constant value be-
tween the outlet to the rest of the flow area as pictured in figure A.12c. The error on the
prediction of the forces stays under 10 % for the horizontal component and is even lower
for the two front cylinders (5 and 6). If we look more closely in figure A.11a, the average
value is in good agreement but there are important errors in the oscillating parts. Trans-
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Table A.2 Summary of the jobs performed for the flow over 3 cylinders.

Test-case Data type Properties Forces Snapshots Mode shapes
1 Dense data Table A.3 Figure A.11 Figure A.12 Figure A.13
2 PIV-like Table A.4 Figure A.14 Figure A.15 -
3 PIV-like + pres-

sure probe
Table A.5 Figure A.16 Figure A.17 -

4 noised PIV-like
+ pressure probe

Table A.6 Figure A.18 Figure A.19 -

verse forces in figure A.11b are nonetheless a bit less retrieved, especially for cylinder 7 with
an important error on the amplitude that leads to this relative difference of 68 %. Overall
the reconstruction of forces is less satisfying than for the one-cylinder case. Perhaps more
penalization points for the equations should be placed closer to the frontier during training
to better solve the near-wall flows.

For the PIV-like reconstruction, the wake around cylinders 5 and 6 appears to be qualita-
tively well rendered. However, there is an area upstream the stagnation point of cylinder
7 where u has a nearly zero value which may not be very physical. This is an issue that
we already encountered with the flow around one cylinder without finding an appropriate
explanation for that phenomena. This error has some consequences on the reconstruction
of pressure at that location which therefore affects the reconstruction of forces especially on
cylinder 7 (green lines in figure A.14). Excepted for cylinder 7, the errors on the predictions
of the forces are not much larger than it was for the reconstruction using dense measurements.

An array of 30 pressure probes distributed regularly around each cylinders was simulated in
the same way as for the case around one cylinder in chapter 4. This pressure data at each
time-steps was added to the training loss along the PIV-like measurement of velocities u and
v. Comparing the losses at the end of training in tables A.4 and A.5, the added information
from the pressure probes allows a gain of one order of magnitude for pressure reconstruction
and a loss for u and v divided by two compared with only PIV-like measurements. Regarding
the predictions of forces, the increase of precision is about one order of magnitude for each
force component. It can be noted that this increase in precision is not only due to the pressure
information since the relative L2 average defined by

√√√√ ∫ T
0 (Ct(t))2 dt∫ T

0 (Ct(t) + Cn)2 dt
∼ 0.25, (A.6)
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(a) (b)

Figure A.10 Sampling of training points for measurements ((a) 5× 103 points in PIV-like
configuration) and for penalization of equations ((b) 2× 104 points in a 3 zones distribution).
For both sampling, the time dimension is colored.

Table A.3 Summary of a run on dense measurements for the flow reconstruction around 3
cylinders

Parameter Value
Data Dense

Pressure Mes. No
Time 9h
Nint 1× 105

Nmes 5× 104

NN size [2, 75, 75, 3]

Error Value Error on Forces Relative Absolute
BC 7.1× 10−12 Cx5 6.5× 10−2 8.4× 10−2

Total (train.) 4.2× 10−3 Cx6 7.0× 10−2 9.1× 10−2

Equations (train.) 2.5× 10−3 Cx7 1.0× 10−1 1.3× 10−1

Mes. (train.) 1.6× 10−3 Cy5 1.3× 10−1 2.0× 10−2

Mes u, v (Valid.) 1.7× 10−3 Cy6 1.7× 10−1 2.5× 10−2

Mes p (valid.) 9.5× 10−4 Cy7 6.3× 10−1 2.6× 10−1
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(a) (b)

Figure A.11 Estimation of the unsteady drag Cx (a) and lift Cy (b) coefficients with the
ModalPINN (dashed lines) using dense measurements and comparison with numerical sim-
ulations (solid lines). Cylinder 5 (top left) is in red, cylinder 6 (bottom left) in blue and
cylinder 7 (middle right) in green.

Table A.4 Summary of a run with PIV-like measurements for the flow reconstruction around
3 cylinders

Parameter Value
Data PIV-like

Pressure Mes. No
Time 9h
Nint 1× 105

Nmes 5× 104

NN size [2, 75, 75, 3]

Error Value Error on Forces Relative Absolute
BC 6.2× 10−12 Cx5 1.1× 10−1 1.5× 10−1

Total (train.) 5.5× 10−3 Cx6 1.1× 10−1 1.4× 10−1

Equations (train.) 3.4× 10−3 Cx7 7.9× 10−1 1.0
Mes. (train.) 2.1× 10−3 Cy5 1.6× 10−1 2.4× 10−2

Mes u, v (Valid.) 1.1× 10−2 Cy6 1.1× 10−1 1.6× 10−2

Mes p (valid.) 7.2× 10−3 Cy7 6.8× 10−1 2.9× 10−1
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(a)

(b)

(c)

Figure A.12 Comparison at a given time of the velocity and pressure fields u, v and p (resp.
a, b and c) with data from numerical simulations using dense measurements for training.
The square difference is plotted in logarithmic scale.
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Figure A.13 Mode shapes retrieved by ModalPINN during the training on dense measure-
ments as recalled at table A.3

(a) (b)

Figure A.14 Estimation of the unsteady drag Cx (a) and lift Cy (b) coefficients with the
ModalPINN (dashed lines) using PIV-like measurements and comparison with numerical
simulations (solid lines). Cylinder 5 (top left) is in red, cylinder 6 (bottom left) in blue and
cylinder 7 (middle right) in green.
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(a)

(b)

(c)

Figure A.15 Comparison at a given time of the velocity and pressure fields with data from
numerical simulations using PIV-like measurements for training. The square difference is
plotted in logarithmic scale.
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Table A.5 Summary of a run with PIV-like measurements and pressure probe on cylinders
for the flow reconstruction around 3 cylinders

Parameter Value
Data PIV-like u, v + Pressure probe

Pressure Mes. Only on cylinders borders
Time 9h
Nint 1× 105

Nmes 5× 104

NN size [2, 75, 75, 3]

Error Value Error on Forces Relative Absolute
BC 6.1× 10−12 Cx5 1.0× 10−2 1.3× 10−2

Total (train.) 6.2× 10−3 Cx6 1.6× 10−2 2.1× 10−2

Equations (train.) 3.7× 10−3 Cx7 2.3× 10−2 2.9× 10−2

Mes. (train.) 2.8× 10−3 Cy5 3.6× 10−2 5.5× 10−3

Mes u, v (Valid.) 4.1× 10−3 Cy6 3.5× 10−2 5.1× 10−3

Mes p (valid.) 6.6× 10−4 Cy7 1.7× 10−1 7.1× 10−2

(a) (b)

Figure A.16 Estimation of the unsteady drag Cx (a) and lift Cy (b) coefficients with the
ModalPINN (dashed lines) using PIV-like measurements and pressure probe on cylinders
compared with numerical simulations (solid lines). Cylinder 5 (top left) is in red, cylinder 6
(bottom left) in blue and cylinder 7 (middle right) in green.
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(a)

(b)

(c)

Figure A.17 Comparison at a given time of the velocity and pressure fields with data from
numerical simulations using PIV-like measurements and pressure probe on cylinders for train-
ing. The square difference is plotted in logarithmic scale.
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for each component described in table A.5 except for Cy,7 where this ratio is about 0.14.
Consequently, without the information on velocity gradients, the relative difference between
predicted forces and exact data would be stuck at values around 2× 10−1. The absence of
the non-physical u ≈ 0 area upstream of cylinder 7 is also noticeable when comparing figures
A.17a and A.15a.

A direct test for robustness consists in feeding the neural network with artificially noised
data, as discussed in sub-section 4.5.4. Here we use the same set-up as in the previous
paragraph with velocity data in the PIV-like distribution and pressure data around cylinder
borders. Velocities are artificially noised using a Gaussian distribution with a zero average
and a standard deviation σ = 0.2. In order to get an idea of the level of imperfection, the
complete set of u and v at a given time step from simulations data with σ = 0.2 is plotted
in figure A.20. All the other parameters are kept the same (see table A.6) and one result
is presented in figures A.18 and A.19. Between the training with noise and the one without
(tables A.6 and A.5 respectively), we can observe that the precision of predicted forces is
very similar and that the validation loss on u, v and p are of the same order of magnitude.
However the training loss is significantly higher at the end of the training in the case of
noise. This can be explained by the loss on fitting data that is of order 1 whereas the loss
on equations is nearly two orders of magnitude lower. We can here conclude in a similar way
than in sub-section 4.5.4: when Leq and Lm are not compatible due to the presence of noise,
we observe that only the PDE residuals drive the NN learning.

Although a more detailed study on this problem would be of interest, it seems that overall
ModalPINNs show some signs of robustness in the context of imperfect data. Some questions
still arise for other types of noise or for higher noise level. A possibility could be to adapt
the function used to compute the distance: in our case an L2 squared norm is used in Lm
when performing the average between fitting and predicted data (qDNN − qm)2. However
other solutions that take into account an estimation of the amplitude of the noise could help
reduce Lm when the predicted value qDNN is within a given (confidence) interval around the
noisy fitting value qm. An illustration of this idea is proposed in figure A.21.
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Table A.6 Summary of a run with noised PIV-like measurements and noiseless pressure probe
on cylinders for the flow reconstruction around 3 cylinders

Parameter Value
Data Noisy PIV-like u, v + Noiseless Pressure probe

Noise level σ 0.2
Pressure Mes. Only on cylinders borders

Time 9h
Nint 1× 105

Nmes 5× 104

NN size [2, 75, 75, 3]

Error Value Error on Forces Relative Absolute
BC 7.8× 10−12 Cx5 1.3× 10−2 1.6× 10−2

Total (train.) 1.0× 10−1 Cx6 9.8× 10−3 1.3× 10−2

Equations (train.) 2.4× 10−3 Cx7 2.9× 10−2 3.7× 10−2

Mes. (train.) 9.9× 10−2 Cy5 4.4× 10−2 6.6× 10−3

Mes u, v (Valid.) 6.1× 10−3 Cy6 3.9× 10−2 5.6× 10−3

Mes p (valid.) 1.1× 10−3 Cy7 1.7× 10−1 7.0× 10−2

(a) (b)

Figure A.18 Estimation of the unsteady drag Cx (a) and lift Cy (b) coefficients with the
ModalPINN (dashed lines) using noised PIV-like measurements and noiseless pressure probe
on cylinders compared with numerical simulations (solid lines). Cylinder 5 (top left) is in
red, cylinder 6 (bottom left) in blue and cylinder 7 (middle right) in green.
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(a)

(b)

(c)

Figure A.19 Comparison at a given time of the velocity and pressure fields with data from
numerical simulations using noised PIV-like measurements and noiseless pressure probe on
cylinders for training. The square difference is plotted in logarithmic scale.
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Figure A.20 Illustration of the noise level σ = 0.2 with velocity fields before cutting only the
area for the PIV-like training.
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Figure A.21 Ideas about modification in the quadratic penalization of fitting errors. An
estimation of noise level could be an input to use an adapted distance function with a flat
area of the order of σ (red solid line) instead of the quadratic difference (qDNN − qm)2 (orange
dashed line).
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