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Abstract—In a wide range of applied problems involving fluid
flows, Computational Fluid Dynamics (CFD) provides detailed
quantitative information on the flow field, at variable level of
fidelity and computational cost. However, CFD alone cannot pre-
dict high-level functional properties that are not easily obtained
from the equations of fluid motion. In this work, we present a
data-driven framework to extract these additional information,
such as medical diagnostic output, from CFD solutions. This
is a challenging task because of the huge data dimensionality of
CFD, and the limited training data that can be typically gathered
due to the large computational cost of CFD. By pursuing a
traditional Machine Learning (ML) pipeline of pre-processing,
feature extraction, and model training, we demonstrate that
informative features can be extracted from CFD data. Two
experiments, pertaining to different application domains, support
our claim that the convective properties implicit into a CFD
solution can be leveraged to retrieve functional information that
does not admit an analytical definition. Despite the preliminary
nature of our study and the relative simplicity of both the
geometrical and CFD models, for the first time we demonstrate
that the combination of ML and CFD can diagnose a complex
system in terms of high-level functional properties.

Index Terms—Computational Fluid Dynamics, Data-driven
models, Inference, Nasal Breathing Difficulties

I. INTRODUCTION

Computational Fluid Dynamics (CFD), i.e., solving the
differential equations of the fluid motion with the aid of a
digital computer, plays a crucial role in a large number of
applications, ranging from industry to health. Nowadays CFD
is relied upon as much as (sometimes more than) the traditional
wind-tunnel testing, and its accuracy (determined by the
amount of discretization as well as by the models employed)
can be increased at will, provided the computational cost
remains affordable.

Quite often, however, the final goal of the CFD analysis,
i.e. the diagnosis of the system, remains elusive: the ultimate
information that is relevant for the end-user might not be
directly provided by the CFD itself, or might not be expressed
as a function of the CFD solution. In particular, the complex
interplay between fluid dynamics and the geometry of interest,
prevents us to formulate (and solve) the design of the best ge-
ometry as an optimization problem involving CFD outcomes.
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Fig. 1. CFD solution of the airflow in the upper human airways during an
inspiration: streamlines are colored with the magnitude of the local velocity
inm/s.

Illustrative cases exist in the medical domain [1], and we
consider the diagnosis of Nasal Breathing Difficulties (NBD)
as a running example. NBD represent an extremely widespread
pathological condition of the human upper airways and often
requires corrective surgery: a precise diagnosis is troublesome
and the failure rate of surgery is up to 50% [2], [3]]. A detailed
CFD solution for the nasal airflow for a specific patient (see
Fig. [I), is certainly important and useful to diagnose NBD,
but per se it does not help the surgeon to make a rational
decision as to whether and how to perform a specific surgical
manoeuvre. Several other similar examples could be made,
ranging from flood control in rivers, to aerodynamics in the
transport sector, to a large number of industrial problems such
as probe placement in wind tunnels. In fluid dynamics, the
strong non-linearity of the governing equations makes a small
geometrical detail potentially result in significant flow changes
far away (for example a small imperfection on the wing surface
can compromise the aerodynamic performance of the entire
aircraft). On the other hand, a large geometrical modification
sometimes leads to little or no consequences (for example a
large deviation of the nasal septum may be compatible with



normal breathing). The diagnosis of these complex systems
can benefit from CFD outcomes, as for instance to determine
whether and where to perform surgery, where to best prevent
coastline erosion, where to optimally place a probe. The
answers to these questions are indeed contained within and
dictated by the CFD-computed flow field, but an analytical link
between the flow field itself and the required information is not
available. We believe that pattern recognition techniques [4]]
and data-driven models in particular [5] have a large potential
in this relatively unexplored class of problems.

Using data-driven models on CFD data is particularly chal-
lenging for several reasons. First and foremost, there is a
dimensionality problem: CFD invariably leads to large data
sets, which are costly to produce and difficult to analyse.
Such a huge amount of data is not amenable to be directly
handled by Machine Learning (ML) models. To set the stage,
we mention that a simple two-dimensional CFD simulation of
the time-averaged flow field around an airfoil —i.e. a basic con-
figuration of aeronautical interest addressed with the simplest
of the CFD approaches — requires the discretization of space
into no less than 108 cells. Since several flow variables (two
velocity components, pressure, auxiliary turbulence variables)
are computed for each cell, a single CFD simulation easily
produces hundreds of Megabytes of data. This figure grows
by orders of magnitude when three-dimensional configurations
are considered, and/or higher-fidelity simulations are used.
Furthermore, it is very difficult to gather large training sets of
annotated simulations, due to their large computational cost
and the difficulty of gathering a representative set of experts’
decisions in domains such as medicine.

Here we propose a ML methodology to diagnose a complex
system whose physics is governed by fluid dynamics. The
class of problems we consider relies on the ability of the flow
field to convey information, especially of the geometrical type,
from an a priori unknown location to a predetermined sensing
location. Crucially, the success of this endeavour hinges upon
the convective properties of the flow. In particular, we aim at
using data-driven models to arrive at important information
that cannot be computed via the simulation itself, such as a
diagnostic output in medicine. We identify and describe low-
dimensional features that can be realistically extracted from
CFD data and then used in a ML pipeline. These features,
namely the field values measured at predefined locations or
streamlines arrival time, will be demonstrated to be effective
in two different application scenarios, where they enable
accurate inference of the target variable even with rather
small training sets. Since, to the best of our knowledge, no
CFD dataset on parametric geometries is publicly available
to date, we develop two case studies in distant application
domains: studying the airflow in the human nose, and the
airflow around a two-dimensional section of an airplane wing.
The airfoils dataset is publicly available for download at
https://doi.org/10.5281/zenodo.4106752.

For reasons related to the computational cost of creating
the database, both experiments are quite simplified in terms
of geometric and CFD models, without compromising the

validity of the ML procedure. Both problems share an identical
structure, insofar as the interest lies in retrieving non-local
information (pathological anatomic anomalies of the airways,
or shape characteristics of the profile) from simple features
extracted from the computed flow field.

II. RELATED WORK

In the last 5-10 years, the application of ML to fluid
mechanics has bloomed. This is witnessed by the quantity
and quality of the published material. Recent researches and
authoritative surveys can be found in [6]-[10]. Most often
ML is used to model fluid equations using CFD as input (or,
equivalently, physical realizations of a flow), and expecting
fluid mechanical quantities as output. Hence ML models are
often used to predict the complex input-output relationship
typical of fluid flows governed by highly non-linear equations.
To the best of our knowledge, however, there is no previous
work that shares our goal of inferring quantities that cannot
be computed by the CFD itself.

A clearly identifiable strand of work aims at improving
turbulence models [8]], which is needed in CFD approaches
where the small-scale details and the unsteady behaviour of a
turbulent flow cannot be computed. Indeed, a universal and ac-
curate turbulence model is still lacking. Recent developments
are leading to bound uncertainties in existing turbulence mod-
els via physical constraints and to adopt statistical inference
to characterize the empirical coefficients of existing models.
Among the several examples, Ling et al. [[11] were the first
to employ a deep neural network to enforce a correction to
the popular Spalart-Allmaras RANS turbulence model [12],
by embedding the required Galilean invariance into the model-
predicted tensor of the turbulent stresses. Along similar lines,
Wang et al. [[13]] used random forests to identify large discrep-
ancies in model-based turbulent stresses. Fukami et al. [14]
applied supervised ML to solve a number of regression prob-
lems for reconstruction and estimation. Example applications
were the estimation of time-varying force coefficients and flow
reconstruction from a limited number of sensors. They also
considered convolutional neural networks for super-resolution,
training the ML model with direct numerical simulations to
extract key features from the training data.

Another class of works attempts to bypass the use of the
differential equations that govern the fluid motion to get rid
of the simulation stage altogether. For example, a physics-
informed deep-learning framework was developed [[15] to learn
the velocity and pressure fields from the flow visualizations;
it shows potential also for biomedical applications, in cases
where quantitative measurements are unavailable. Srinivasan
et al. [|16] illustrated the potential of neural networks to predict
the dynamical evolution of a simple model of a temporally-
evolving turbulent shear flow, training multilayer perceptron
and long short-term memory networks.

It is important to note that in all the aforementioned works
the fluid dynamics quantities are used as both input and output
of the ML algorithm. In other words, ML is typically used
as a surrogate of the Navier—Stokes governing differential
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equations, either to speed up or replace the computation, or to
improve the turbulence modeling required by CFD.

III. PROBLEM FORMULATION

The output of a CFD simulation is a set of scalar or
vector fields defined over a domain R® which in CFD
always undergoes discretization, for example into many small
volumes or a computational mesh. These fields are obtained
by solving the discretized Navier—Stokes equations (sometimes
in a simplified form supplemented by a turbulence model)
together with boundary conditions applied at the geometrical
boundary R3. For instance, for the human nose,
includes the internal geometry of the nasal cavities extracted
from the CT scan of the patient, as shown in Fig. [I]

A CFD simulation results in several output fields, which
in general are also time-dependent. However, the present
work only considers time-averaged quantities, in particular the
vector field of the mean velocity U(X;y;z) and the scalar
field of the mean pressure p(X;y;z) (expressed in a Cartesian
reference system withoué loss of gegerality):

u(x;y;z)
U(x;y;2) = 4v(xy2)3;

w(X;y;z)
All the flow quantities referring to the generic i-th cell
resulting from the discretization of  can be stacked into a
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where for conciseness U; = u(X;;Vi; zi) being (Xi; Vi; Zi) 2
the cell center. Since the spatial domain is discretized over n
cells, which in our elementary case studies is already n 108,
the CFD output is a (very large) matrix C 2 R* ", which
contains all the flow quantities in every cell.

Our goal is to train a model K that predicts a target value
Y associated to the matrix C provided by CFD:

K:CaYy: 3)

The target variable can be either categorical (as for a clas-
sifier that identifies the most suitable surgery for NBD), or
ordinal/real (as for a regressor that estimates some geometric
quantities from ). To this purpose, we assume that a training

The major challenges to be addressed in our settings are
i) the large dimensionality of each input (namely large n);
and ii) the limited number of training samples |, due to the
high computational cost of each CFD simulation. To tackle the
latter challenge, we opted for a computationally cheap CFD
approach — i.e. solving the Reynolds Averaged Navier—Stokes
(RANS) equations. The available alternatives would lead to
a prohibitive computational cost for dataset generation, even
though more accurate results may contain additional important
information. RANS equations are fast to solve (around 10-12
computing hours per case in our simple 3D application), but
they only provide information on the mean fields.

IV. PROPOSED SOLUTION

We describe now our approach for training a model and
performing inference over the CFD output C. It consists of a
concatenation of rather customary steps of ML pipelines [4],
namely pre-processing, feature extraction, and model training;
however, the first two steps are customized to CFD data and
are therefore described in detail below.

A. Pre-processing

The CFD output C is first pre-processed to compute stream-
lines. By definition, streamlines are locally tangent to the
velocity vector and can be thought of as massless tracer
paths. A number of streamlines is drawn connecting a start
region S to an end region E . For example, Fig.
[2] shows streamlines for the nasal airflow starting from S, a
spherical surface placed in front of the nostrils, and ending at
E, a plane crossing the downstream end of the computational
domain, beneath the larynx. Fig. 3] shows the streamlines
pattern for the two-dimensional flow around an airfoil: in
this case, S is a vertical line upstream of the profile and E
is a similar line placed downstream. Streamlines provide a
compact view of the flow field in the domain , and can
highlight vortical structures, recirculation zones, and high-
velocity regions (where the streamlines approach each other).

Each streamline is defined by its tangent, which is locally
parallel to the velocity vector U. Hence, once the velocity
field is known, streamlines are computed by selecting S
locations over the region S, and by numerically integrating
their trajectory. In detail, we set an initial location for the k-
th streamline (XoX;yo*;ZoX) 2 S and initialize its velocity
as U(Xok;yok;zok). Then, trajectory is integrated until the
end region E is reached; the velocity U is obtained by linear
interpolation out of the mesh nodes.

B. Feature Extraction

Due to its large size, the CFD output C cannot be fed
to the classifier K directly. Therefore, we perform feature
extraction to dramatically reduce the number of inputs of the
classifier, while preserving the information content of the CFD.
We propose two kinds of expert-driven features, which are
inspired by engineering practice in the analysis of flow fields:
distribution of streamline arrival times and regional averages
of flow variables.

Distribution of Streamline Arrival Times: Once the S
streamlines connecting S to E have been computed, we
measure the time required to travel from S to E along each
streamline at the local mean velocity. The arrival times are then
considered as realizations of a random variable with unknown
distribution, of which we estimate mean ; and centered
moments up to fifth order, i.e. »;:::; s. The statistics of the
arrival times provide an extremely compact and meaningful
description of the flow. For example, streamlines entangled by
vortices would take longer to reach E than straight streamlines;
similarly, streamlines passing through highly turbulent regions
would result in outliers with respect to the distribution of
normal trajectories. Besides arrival times, additional quantities
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