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Abstract. Cavitation on marine propellers is an important issue due to its negative effects on
many aspects of their operation. Therefore, accurate prediction of cavitation is important to
ensure better propeller design. Estimating the cavitation behavior numerically is a difficult task
due to the high computational cost of simulations and various numerical uncertainties. This
study is carried out in order to estimate the parameter and discretization uncertainties and
combine them into a single value using an example 2D foil as the test case. Angle of attack and
the cavitation number are selected as input parameters and their influence on force coefficients
and sheet cavity properties is studied. Sobol indices are also obtained to measure the relative
importance of the input and discretization uncertainties. It is seen that uncertainty in the angle
of attack has a much greater influence on the force coefficients than the uncertainty in the
cavitation number or grid discretization uncertainty. On the other hand, the cavitation number
uncertainty is dominant over the grid and angle of attack uncertainties for the length and volume
of the cavity sheet. According to the results obtained, applying only the grid refinement studies
is not sufficient for the estimation of the numerical uncertainties for this kind of CFD problems.
It is proposed that assessing both parameter and discretization uncertainties for the presented
and other similar applications with epistemic uncertainties should be applied more often.
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1 INTRODUCTION

The presence of cavitation in marine propellers is a critical problem that can drastically
reduce propeller efficiency whilst causing erosion of the blade surface and increasing the gen-
erated noise and vibrations. Even though it is an important phenomenon that needs to be con-
sidered at the early design stages of a ship, prediction of propeller cavitation behaviour numeri-
cally remains a challenging task, mainly due to high computational cost and deficiencies of the
available numerical models. Additionally, uncertainties associated with the choice of boundary
condition values, various modelling constants, grid density, and time step size are still far from
understood.

The main aim of this study is to address these issues by applying uncertainty quantifica-
tion techniques to CFD simulations of cavitation using MARIN’s in-house code, ReFRESCO1.
Cavitation behaviour on a 2D hydrofoil is investigated. The chosen test case is the NACA 66
foil studied experimentally by [1] and others. The popularity of this test case stems from its
relevance to marine propeller design and the wide availability of experimental and reference
numerical data. An example cavitating flow for this foil is depicted in Figure 1. A characteris-
tic condition corresponding to steady sheet cavitation has been selected using the experimental
data available and a series of simulations around that point have been carried out to sample the
sensitivity of the CFD solution. Subsequently, uncertainty quantification (UQ) has been applied
to the results in order to study the effect of input parameters and grid density on the cavitation
behaviour. This step took after the methodology previously developed by [2] and applied to
non-cavitating propellers and flat plates at transitional Reynolds numbers.

Figure 1: Overview of the vapour volume fraction (αv) and streamwise velocity around the considered NACA 66
foil. Conditions mimic those of the experimental study of [1] at 6 degrees angle of attack.

2 METHODOLOGY

2.1 Uncertainty Quantification in CFD Applications

Uncertainties can be classified under two headings as aleatoric (also called stochastic un-
certainty) and epistemic uncertainties. The former are the random variable uncertainties that
arise due to the nature of the process. Epistemic uncertainty, also known as systematic uncer-
tainty, arises from things that are known in principle but cannot be fully known in practice, for
reasons such as not having enough knowledge or data at any stage, neglecting certain effects,

1https://www.marin.nl/en/facilities-and-tools/software/refresco
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sensitivity limitations of measurement tools, etc. [3–5]. While aleatory uncertainties cannot
be reduced with the further knowledge, more data and knowledge would allows for more ac-
curate and more precise epistemic uncertainty estimation[6]. In the context of UQ applications
to CFD simulations, uncertainties related to the input parameters such as material features, or
initial-boundary conditions are referred to as aleatoric uncertainties since they have inherent
randomness in some cases; uncertainties related to the parameters not known precisely are re-
ferred as epistemic uncertainty [2]. Uncertainties encountered in the input parameters mean that
there are also uncertainties in the output data obtained as a result of the simulations. Therefore,
UQ analysis is applied to determine and estimate the uncertainties that have an effect on the out-
puts by studying and quantifying the effect of the uncertain input variables. Hirsch and Dinescu
[7] implemented the intrusive polynomial chaos methodology to simulations of the transonic
flow in the NASA Rotor 37 axial compressor. Phillips and Roy [8] presented a new uncertainty
estimator for CFD applications based on Richardson extrapolation. It utilizes global order of
accuracy and assorted metrics to calibrate and appraise the uncertainty estimator. Cuneo et al.
[9] applied and assessed four uncertainty quantification methods, namely Monte Carlo, Poly-
nomial Chaos, Mid-range Approximation, and a combined Monte Carlo and Polynomial Chaos
method, to multiple analytical test functions and engineering test cases. Although there has been
a substantial amount of research effort dedicated to making the Stochastic Galerkin method eas-
ier to use, doing so still poses challenges. Researchers choose the non-intrusive approaches due
to not only using a computational model is easy and adventageous but also Galerkin method has
the possibility of expeditiously increase in the computational cost with the number of random
dimensions [2, 10]. However, in practice, the large number of samples typically required in the
sampling-based approaches can greatly increase the computational cost of CFD simulations.
In the present study, the non-intrusive approach is coupled with a surrogate model of the CFD
solution in order to overcome this issue.

2.2 Design of Experiments (DoE)

Design of Experiment (DoE) refers to statistical approaches used to sample a function, be
it a set of CFD solutions or an explicit mathematical function, in a methodical and efficient
manner [11]. Many categories of such approaches exist, including Monte Carlo Sampling [12,
13], Quasi-Monte Carlo Sampling [13, 14], Latin Hypercube Sampling (LHS) [14–17], and
Hammersley Sequence Sampling (HSS)[18, 19].

In this study, Latin Hybercube Sampling (LHS) is selected as the DoE because of it might
provide more accurate mean values of the function than Monte Carlo sampling [2]. This ap-
proach is employed in order to distribute the CFD simulations in the parameter space in a way
that will achieve a quality fit of the response surface while minimising the total computational
effort. Sampling model and the distribution of the input parameters used in this study is shown
in Figure 2.

Overall 25 sample points have been used, of which 20 are distributed using LHS and 5
are placed in the corners and centre of the domain. This approach is therefore referred to as
a combined shell and LHS distribution.

Leroux [1] studied the flow past a NACA 66 foil and observed the partial cavitation growth
and/destabilization cycles at angles of attack of 6 and 7 degrees for a range of cavitation num-
bers. One of the reported experimentally studied conditions has been chosen as the basis of
the present study. In an associated study using a similar experimental set up, the authors quote
the measurement uncertainty of the cavitation number to be 3%, the angle of attack approxi-
mately 3.5%, and inflow velocity 2% [1]. These values have been used in order to sample the
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CFD solution, assuming the angle of attack and cavitation number to be the two independent
input parameters. Uncertainty of the inflow velocity, and hence Reynolds number, has not been
taken into account given the known and relatively small dependence of sheet cavitation extents
on this parameter at sufficiently high Reynolds numbers [20]. In order to remain conservative,
a slightly larger extent of the sampling domain of 5% has been decided on.

According to CFD results conducted with the first sampling, it is observed that some cases
-because they are very close to the unstable partial cavitation region- exhibit unstable properties
(an unstable structure, especially in cavitation size and volume, since periodic sheet cavity
occurs). Therefore, for a more stable cavitation to occur, a different validation data (σ = 1.5494)
in Leroux’s study, is accepted as the new cavitation number.

Figure 2: Sampling created for two uncertain input parameters which are (α) and (σ), by applying Shell distribution
(left); Latin Hybercube Sampling distribution (center), and combined LHS + Shell distribution (right).

2.3 Surrogate Modeling

A surrogate model (also called as meta-model or response surface approximation) is a func-
tion which approximates the results of an an experiment or a simulation and is computationally
less expensive than approach originally used to produce the data. In this approach, instead of
sampling the large number of samples needed for UQ analysis, a suitable surface is defined
with the data generated with a smaller number of samples. Then, the values of the desired
points on the surface can be obtained by using the response surface equation. Sobester et al.
[21] outlines the modeling steps that need to be followed in order to create a surrogate model.
These are arranging the data and selecting an approach for modeling, forecasting and running
of the parameters, and testing the model. Different types of surrogate model approaches such
as Polynomial Chaos Expansios (PCE) [22–24], Kriging model (also known as a Gaussian pro-
cess model) [25–27], Multivariate Adaptive Regression Splines (MARS) [28–31], Radial Basis
Functions (RBF) [25, 32, 33], Artificial Neural Networks (ANN) [25, 26, 34] , Moving Least
Squares (MLS) [35–37], and multifidelity models [25, 38] are discussed and compared in many
studies in various fields. However, the mentioned methods indirectly require that the related
output parameters have to vary smoothly according to uncertain input parameters. In cases
where the output parameters are not properly distributed according to the input parameters, that
is, a smooth response surface is not guaranteed, these methods may significantly reduce the
accuracy. Some studies have also been carried out to develop techniques for such non-smooth
responses. Zhang et al. [39] developed the Adaptive Hybrid Functions (AHF) which is a new
high accuracy hybrid surrogate modeling technique that combines the favorable characteristics
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of several surrogate models in order to model non-smooth functions. Methods are presented
by Shimoyamaet al. [40] in order to obtain the polynomial chaos coefficients for modeling the
non-smooth responses. A two stage approach where the distinct behaviors are first localized and
categorized and thereafter approximations made locally is studied by Moustapha et al. [41] for
non-smooth functions encountered in engineering problems. Similar studies for non-smooth re-
sponse functions have been investigated in [42–44]. In this study involving a steady-sheet cavity
flow, it is expected that to have simple, smooth response surfaces to be formed for the desired
output parameters (lift coefficient CL, drag coefficient CD, cavitation length Vcav, and cavity
volume Vcav) according to the determined inputs (angle of attack α, and cavitation number σ)
will be smooth. Therefore, surrogate model based on piecewise linear approximation, as pro-
posed by [43] is used. In this approach, linear interpolations are performed between the nearest
three points of the sampling. Being more consistent due to their lower-order nature compared to
polynomial-based approximations, is the advantage that makes this approach stand out. More
detailed review on piecewise linear methods is presented in [44] showing the use of this method
in a wide variety of applications. An example response surface and the surrogate model created
according to the input parameters distribution and their response outputs z = f(x, y) calculated
from the CFD simulations is shown in Figure 3.

Figure 3: Schematic representation of the used surrogate model of drag coefficient (CD): True response and
sampled points (marked in black dots) from CFD results.

2.4 Global Sensitivity Analysis and the Sobol Method

In global sensitivity analysis, unique parameter pairs are created by assigning different val-
ues to the input parameters in the system simultaneously within a certain domain. Thus, it is
possible to see the relative effects of the input parameters on the output parameters, the inter-
actions of the input parameters, as well as the effects of these interactions on the results. In
summary, sensitivity analysis is an approach used to determine how much influence a given
input parameter has on the behavior of the system, or which parameters interact with each other
and how much this interaction affects the results [45].

Sobol [46] introduced an approach that would later be referred to as the Sobol’s method
which makes it possible to compute the total contribution of each individual input parameters
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and their interactions to the output’s variance [45, 47]. In the Sobol’s method, it is aimed to
determine how much of the change in the output parameters of the model is either due to the
change of a single parameter individually or the interaction between different input parameters.
The selection of the input parameters and the reasons for the change are not emphasized, only
the extent to which the changes of the input parameters have an effect on the output parame-
ters. The flow chart and the steps of the Sobol sensitivity analysis are given in Figure 4. The
complete process consists of the preparation step to the Sobol analysis, referred to as pre-Sobol
analysis, and the main Sobol sensitivity analysis step. Sobol sensitivity analysis can be applied
by following four steps which are generating the parameter sets, running the simulations for
generated input parameter combinations and obtaining the model output data, calculating the
Sobol indices, and analyzing the total, first, second and higher-order Sobol sensitivity indices
[45].

Figure 4: The flow chart and the steps of the Sobol sensitivity analysis.

Consider X = (X1, X2, ..., XN) as the input parameters and Y = f(X1, X2, ..., XN), as an
output of the model, in which N represents the number of inputs. Indices which measure the
contribution of the uncertain input parameters individually to the output Y are the first-order
Sobol indices (Si), defined as:

Si =
VXi

(EX∼i
(Y |Xi))

V (Y )
(1)

where V (Y ) indicates the variance of Y and EX∼i
the expectation taken over all X in X,

except Xi. Si is a number between 0 and 1 where a high value indicates an important vari-
able. Higher order indices, e.g. second-order (Si+j), measure the contribution of the interaction
between the inputs, which results in:

N∑
i=1

Si +
N∑

1≤i≤j

Si+j + ...+ Si+j+k...+N = 1 (2)

For three input parameters, as we are considering in this study, this leads to:

S1 + S2 + S3 + S1+2 + S1+3 + S2+3 + S1+2+3 = 1 (3)
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Total-order index (ST ) considers the contribution of all the first- and high-order indices and
sum of all ST equals to 1 [48–50], defined as:

STi =
EX∼i

(VXi
(Y |X∼i))

V (Y )
(4)

which leads to the following total-order indices for three input parameters to:

ST1 = S1 + S1+2 + S1+3 + S1+2+3 (5)
ST2 = S2 + S1+2 + S2+3 + S1+2+3

ST3 = S3 + S1+3 + S2+3 + S1+2+3

More information about the Sobol method and Sobol indices is given in [50, 51]. In the
context of this study, the Sobol analysis is carried out by using the Sensitivity Analysis Library
(SALib) implemented in Python [52].

2.5 Output variables and their statistics

An empirical probability distribution (EDF or also called Empirical Cumulative Distribu-
tion Function, ECDF) is used when the data sample cannot be fitted to any known probability
distribution function or cannot be obtained by data transformations or parameterization of the
distribution function. In other words, the empirical CDF is built from an actual data set in
contrast to the CDF which is a theoretical construct. In this study, the empirical distribution
functions (EDF) is evaluated from the input parameter distribution in order to estimate the cu-
mulative distribution function (CDF) of the output variables. Given Ni samples xi, the EDF for
the value t is numerically calculated by:

EDF (t) =
1

Ni

Ni∑
n=1

H(t− xi[n]) −→ CDF (t) (6)

where H(x) is the Heaviside function. The empirical CDF usually approximates the CDF quite
well, especially for large samples. If the number of samples Ni tends to infinity, EDF converges
to the CDF for every value of t [53]. Considering p and p̄ to be two probability levels, the
confidence interval between them can be calculated by taking the inverse of the cumulative
distribution functions (also known as the quantile function). Here, confidence level is taken
to be 95% as it is generally adopted in the literature [2]. A more stringent criterion could be
selected in safety-critical applications, for instance. The length of the error bars is calculated
as:

CIlength = CDF−1(0.975)− CDF−1(0.025). (7)

2.6 Combined Grid and Parameter Uncertainty

Combination of parameter and discretization uncertainty processes is carried out by applying
the method proposed by Katsuno et. al. [2]. In this context, uncertainty due to discretization
is included in the Sobol analysis as an extra input variable. Here, this is referred to as xgrid,
and represents the percentile of the discretization uncertainty. Simulations of the 25 selected
conditions are run for each grid refinement level and response surfaces are obtained for each
grid. This is illustrated in Figure 5.

There are 8 surrogate models for the 8 different meshes (G1 is the coarsest grid and G8 is
the finest grid), each of them created by the results of CFD simulations. For an input parameter
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Figure 5: Surrogate models for each grid refinement levels. G1 represents the coarsest grid, G8 represents the
finest grid. Response surfaces are created on each grid first and then combined in the final part of the analysis.

couple (x1, x2), there are 8 different output parameter values of z = z(x1, x2). These are used
in the numerical uncertainty estimation method of Eca and Hoekstra [54], which yields a least-
squares fit to the simulated data as a function of grid refinement level, as well as the confidence
interval.

After discretization uncertainty xgrid is defined as the third input uncertainty, the probability
density function of it is defined. Due to its definition, the PDF of xgrid is always non-negative
and its integral over the entire space is equal to one. These definitions are given in Eqs. (8a)
and (8b), assuming the discretization PDF is presented as h(x).

h(x) ≥ 0 (8a)∫ +∞

−∞
h(x)dx = 1 (8b)∫ yt

yb

h(x)dx = 0.95 (8c)∫ ϕ1

−∞
h(x)dx =

∫ +∞

ϕ1

h(x)dx = 0.5 (8d)∫ +∞

−∞
x.h(x)dx = ϕ0 (8e)

Representing the value obtained from the finest grid by ϕ1, the confidence interval (CI) of
the numerical uncertainty evaluation process is 95% between the bounds yb = ϕ1 − u and
yt = ϕ1 + u. The bounds are in equal distance from the ϕ1 and, ϕ1 represents the median point
which means the probability of getting a higher or lower value from the median value is equal,
as expressed in Eqs. (8c) and (8d), respectively. In similar mesh refinement applications in
CFD, generally it is seen that the output response tending to increase or decrease as the grid is
refined. This tendency can be tracked by the trend of the Richardson extrapolation function. If
the function shows a concave behaviour, the output response tends to decrease as the mesh is
refined; if it shows a convex behaviour, then the output tends to increase as the mesh is refined. It
is desired to have a PDF which behaves like the convexity of Richardson extrapolation. Because
of that, the expected value of the discrezation uncertainty h(x) is assumed as ϕ0 in the last
hypothesis adopted. This is not the exact usage of ϕ0, its actual representation is to the idea
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of having a infinite mesh, but here it is used to state which value should be expected. All the
assumptions are given below. Further explanation is given by [2].

3 TEST CASE

In order to investigate the combined uncertainty in the estimation of dynamic cavitation
inception, NACA 66 foil which is studied experimentally by [1] and other authors, is chosen due
to its popularity and its affinity to marine propeller design, and wide availability of experimental
and reference numerical data [55–61].

3.1 Geometry

A two-dimensional cambered foil of the NACA 66 series, has relative maximum thickness of
12% at the chordwise ordinate x/c=0.45 from the leading edge. The relative maximum camber
is 2% and is located at x/c=0.50 from the leading edge. The chord length c is 0.150 m. The flow
is considered to be two-dimensional. Further description of the experimental set up is given in
[1].

3.2 Computational Domain, Initial and Boundary Conditions

The geometry of the domain and the boundary conditions of this study are shown in Figure 6.
A rectangular domain is used for the simulation in order to mimic the test section of the cavita-
tion tunnel used in the source experimental study. The domain extends 0.4125 m upstream and
1.050 m downstream. Velocity inlet boundary condition is used and fixed pressure is prescribed
at the outlet. Symmetry boundary conditions are selected for the top and the bottom parts of the
domain and a no-slip wall boundary condition is assigned to the foil. Inflow velocity is given as
5.33 m/s, leading to the same Reynolds number as in the reference study [1].

Figure 6: Domain geometry and boundary conditions.
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3.3 Grid Topology

Grids are block-structured and each block in each direction experience the same coarsening
factor. h represents the typical cell size and it is equal to 1/ 2

√
N with N designating the total

number of cells. Thus, the relative step size between the coarser grids i ≥ 1 and the finest grid
i = 1 becomes

hi

h1

= 2
√

N1/Ni. (9)

Mesh G1 (the coarsest mesh, out of eight refined meshes studied in the framework of this
study) topology along the whole computational domain and different section views of leading
edge area from other refined grids are shown in Figure 7 Also, names and the characteristics of
the grids are given in Table 1.

Table 1: Characteristics of the grid series used in the present study.

Mesh Name Refinement Ratio (f) Cell Count Relative step size (hi/h1)
G1 0.7 45,184 2.4434
G2 0.8 55,476 2.2447
G3 0.9 79,156 1.9459
G4 1.0 91,632 1.7389
G5 1.2 136,620 1.4241
G6 1.4 171,088 1.3236
G7 1.6 227,680 1.1081
G8 1.8 269,808 1.0000

Figure 7: View of the grid G1 topology of complete computational domain (top); and views of leading edge area
from different refined grids (bottom)

3.4 Numerical Setup

Simulations are carried out by using the multi-phase viscous flow solver ReFRESCO version
2023.1.0. The code was first developed within the VIRTUE EU Project [62] and is still being
developed by specialists at MARIN and many participants all around the world.

Because of the need to achieve tight iterative convergence tolerances in order to facilitate
accurate uncertainty quantification, careful choices of the discretization schemes and solver
settings are made. The momentum conservation equations are solved by using PETSc-GMRES
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solver with JACOBI preconditioner and discretised using the LIMITED QUICK scheme for
the convective flux discretization. For pressure equation, PETSc-CG solver with BJACOBI
preconditioner is used. Turbulence is modelled by using Scale-Adaptive-Simulation Model
(KSKL-Standard) turbulence model and turbulent transport equations are solved by PETSc-
GMRES solver with BJACOBI preconditioner. Cavitation modeling is carried out by using
Schnerr-Sauer cavitation model [63].

At the beginning of the simulation, the initial pressure is given as -250 kPa in order to prevent
the presence of cavitation. After the steady non-cavitating flow has been established, the sat-
urated vapour pressure value is gradually adjusted following a Hermite polynomial to reach to
the desired cavitation number. Foil angle of attack obtained by deforming the baseline grid that
has been generated at a zero incidence angle. In this approach, the cells in direct vicinity to the
foil surface are fixed to the solid body and those further away are deformed using radial basis
functions. This approach avoids the need to generate a new grid for each condition, speeding
up the computations and ensuring that the results remain consistent within the complete matrix
of simulations. Residual convergence criteria are set to 1x10−5 in L∞ norm for all transport
equations. Additional key parameters of simulation setup are listed in Table 2.

Table 2: Key parameters of simulation setup

Parameter Value Unit
Dynamic viscosity, µ 9.9938x10−4 kg (m s)−1

Water density, ρw 1000 kg m−3

Inflow speed, U∞ 5.33 m s −1

Reynolds number, Re 8 x 105 -
Cavitation number, σ 1.4719 to 1.6269 -
Angle of attack, α 5.70 to 6.30 deg
Vapour density, ρv 0.024 kg2 m−3

Bubble kinematic viscosity, νB 1.02·10−5 m2s−1

3.5 Input and Output Variables

The angle of attack (Aoa) is the angle between the chord line and the relative flow direction.
An increase in angle of attack increases both the lift and drag forces up to the stall angle. The
cavitation number (σ) is a non-dimensional parameter describing how prone a particular flow
is to cavitation. It is calculated by using a reference pressure (p), saturated vapor pressure (pv),
density of fluid, and velocity of flow:

σ =
p− pv
1
2
ρwU2

∞
. (10)

The lower the cavitation number, the higher the probability of cavitation. In this study,
velocity of the flow, density and reference pressure are kept constant. Saturation pressure values
in each case are changed to achieve the desired cavitation number.

The lift coefficient (CL) is a non-dimensional quantity that gives the relation of the lift force
generated by a lifting surface to the density of fluid, flow velocity and the reference area. In this
study, the lift force is considered as the force generated by the foil in the positive y-direction
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(FY ) and is calculated as

CL =
FY

0.5ρU2
∞cs

. (11)

In fluid dynamics, the drag coefficient (CD) is a dimensionless quantity used to quantify the
drag or resistance generated by an object in a fluid environment. In this study, drag force is
considered as the force generated by the foil in the x-direction (FX). It is computed according
to

CD =
FX

0.5ρU2
∞cs

. (12)

The cavitation length (Lcav) is computed by finding the minimum and maximum extents of
the stable sheet cavity present on the hydrofoil. In order to make the results more consistent
and representative of what would be observed visually during the experiments, only cells with
vapour volume fraction higher than 0.25 are taken into account in the computation. The obtained
value is then non-dimensionalized by the chord length, leading to

Lcav =
xcav max − xcav min

c
. (13)

Total cavitation volume (Vcav) is obtained by performing a finite weighted sum of all the cells
filled with vapour. The final result is made non-dimensional by using the span length and square
of the chord length,

Vcav =

∑Ncells
iCell=0 ViCellαiCell

sc2
. (14)

4 RESULTS

4.1 Validation

In the first stage of this study, CFD simulations with and without cavitation were made in
order to compare the results with the experimental results given in the study of Leroux et al.
[1].

Interestingly, for high cavitation numbers, corresponding to little cavitation, the most pro-
nounced differences may be seen. This is likely indicative of discrepancies between the numer-
ical and experimental set ups that cannot be accurately discerned from the description of the
experiments provided in [1] and [64]. At the same time, the trends in the analysed quantities,
especially drag and cavity length, match the experiments very well. The magnitude of the lift
coefficient also matches the measurements more closely at low σ values with a relative error of
under 3%.

Iterative convergence of the SIMPLE algorithm inside each CFD time step is necessary for
UQ applications in CFD in order to guarantee that true sensitivities and not numerical noise are
being analysed inside the batch of simulations used as UQ inputs. One of the most influential
parameters in achieving good iterative convergence is the Courant number. Due to use of an
implicit time scheme, having a maximum Courant number approximately 10 has been found
to be acceptable. Usually, approximately 80 outer loops were performed within each time step
with a hard maximum of 100 imposed in order to reduce the risk of the simulation getting stuck
at a time step that is particularly difficult to converge. The residuals for a case of intermediate
refined mesh (G4) is shown in Figure 8. Two normalization types which are L2 and L∞ are
chosen to check convergence of the simulations. As can be seen, after approximately 3000
time steps, corresponding to the establishing of a fully-developed flow, the residuals converge
in a repetitive fashion.
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Although the chosen experimental condition may be classified as steady sheet cavitation, in
reality small oscillations of the trailing edge of the cavity were observed in the computations.
In order to guarantee statistical convergence of the results, 25,000 time steps were used in each
computation, with the first 1,000 time steps being discarded from the analysis due to start up
effects. Time histories of the considered output quantities obtained from an example simulation
are depicted in Figure 9.

A python module called pyTST which implements the ”Transient Scanning Technique” pre-
sented in [65–67] is used to check whether the selected number of time step is sufficient or
not. pyTST module allows to detect transient portion of a signal and measure the statistical
uncertainty with that portion removed [68].

Figure 8: L2 and L∞ residuals of a case for intermediate refined mesh (G4) for input parameters as σ = 1.6102
and α = 6.0065◦.
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Figure 9: Convergence of the output parameters for intermediate refined mesh (G4) for input parameters as σ =
1.6102 and α = 6.0065◦.

4.2 Uncertainty quantification

Uncertainties are quantified for 8 grids of varying densities, using 25 sampling points. Key
results of the analysis are the discretization uncertainties and Sobol. They are shown in Fig-
ure 10. The hi/h1 values given on the x-axis indicate the relative grid size, defined as per the
work of [54]. In this study, hi/h1 = 1 refers to the finest mesh and hi/h1 = 2.4434 to the
coarsest mesh. In the left-hand side figures, the discretization uncertainties, which do not take
into account the parameter uncertainties and use the expected values of the input parameters,
are represented with continuous error bars. hi/h1 = 0 represents the extrapolated value cor-
responding to infinite grid refinement, in which case the value read on the y-axis will be the
expected value of the output parameter. The error bars given for each grid show the different
percentage between the value to be reached on the infinitely refined grid (expected value) and
the value in that grid. The values on or below of the error bars represent the uncertainty value
which is calculated by multiplying the error value with a safety factor for the corresponding
grid. The expected behavior in such a plot is that the error bars get shorter as the refinement in
the grid increases. Such behavior indicates that discretization-induced errors in the simulation
results decrease as the grid is refined. The value in the left-below side of the figure (value on the
the bottom dashed line) represent the combined uncertainty value for the corresponding output
parameter. Combined uncertainty value is the sum of each input uncertainties and discretization
uncertainty. In the right-hand side figures, the colored bars represent the Sobol indices of the
input parameters for each relative grid size. The bars in the left part of the plot correspond to
the Sobol indices obtained by the combined uncertainty approach containing both the parame-
ter and grid uncertainty. Colored lines represent the total-order Sobol indices. Also, total-order
Sobol indices of the combined approach are shown with markers.

In the two plots on the top row for the CL parameter, the magnitude of the discretization
uncertainty does not decrease further with grid refinement providing results with 0.0% - 0.1%
uncertainty margin, i.e. very close to the expected value for the CL parameter. This shows
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Figure 10: Comparison between parameter uncertainty and discretization uncertainty Ugrid. Sobol indices are
shown for each grid and for the combined uncertainty (right). Total-effect Sobol indices are represented by lines.

613



Erdinc KARA, Artur K. Lidtke, Bülent Düz, Douwe Rijpkema, and O. Kemal Kinaci

that even the coarsest grid is sufficient for the determination of this parameter. The combined
uncertainty for CL parameter is 4.70%. The greater effect on this value comes from the input
parameter uncertainties, especially from the angle of attack Sα. In the combined uncertainty
analysis, the individual effect of the Sα index (angle of attack) decreased from 0.99 to 0.84,
while ST1, which expresses the total effect of the first parameter including its interaction with
the second and third parameters, decreased to 0.90. Also, it can be observed that the effect
of the cavitation number parameter, which almost cannot be seen on parameter uncertainty
bars, increases noticeably here. In addition, by looking at the red colored part of the combined
uncertainty bar, namely the Sobol index (SG) of the grid refinement parameter, it can be seen
that the grid has more effect on CL than the cavitation number. Although refinement ratio did
not affect the accuracy of the results much (according to the grid-uncertainty bars of CL), it is
seen that it the changes the influence of input parameters on the results.

Looking at the left-hand side figure for the CD parameter, it is seen that in the discretization
uncertainty study, the four coarsest grids have a 2.9% uncertainty according to the expected
value of CD in the infinite refinement state of the fitted exponential curve. Although this un-
certainty value is higher than the uncertainty in the CL parameter, it is deemed acceptable for
practical purposes, particularly in the light of the aforementioned likely discrepancies between
the numerical and experimental set ups. When the grid refinement process is continued, the un-
certainty level in the finest grid decreases to 1.5%, showing that if the grid is sufficiently refined,
the expected value can be approached but far more cells would be required to drive the uncer-
tainty to a magnitude comparable to that of the lift coefficient. In the parameter uncertainty
results, it is seen that the individual Sobol index of the 1st parameter (Sα - angle of attack) is
dominant over the second parameter (Sσ - cavitation number), but not as dominant as in the case
of CL. Also, the effect of the first parameter, including its interaction with the second parameter
(ST1), represented by the blue line, appears to be slightly different from the individual effect.
The same is true for the second input parameter. This shows that the input parameters do not
have a significant interaction with each other in the calculation of the CD coefficient, and that
the angle of attack of the foil is the main factor affecting the drag coefficient by itself. In the
combined parameter uncertainty part, it is seen that the grid uncertainty (red) has a shorter bar
than in the case of the lift coefficient. In other words, application of grid refinement does not
significantly affect the results. Furthermore, the inclusion of grid uncertainty in the analysis
reduces the effect of the first input parameter on CD, while increasing that of the second input
parameter, but only slightly.

In the discretization uncertainty figure presented for the cavitation length, it is seen that the
grid refinement process has more effect on the cavitation length parameter than the previous
two output parameters. This inference has been made considering that the uncertainty value
difference between the coarsest grid and the finest grid is around 8% for the Lcav value. The
fact that the grid refinement process approaches the actual value of the output parameter in
each refinement is exactly as expected from this process. Since the fitted exponential curve and
the length of error bars decrease regularly as the relative step size (hi/h1) ratio decreases, it
seems possible to obtain results much closer to the expected value for the Lcav parameter by
continuing the grid refinement process. It is seen that the grid uncertainty parameter has a very
low effect on the output parameters compared to the other two input parameters. This is an
important takeaway, as although the grid uncertainty is quite large here (6.5%-15.2%), it is far
less important than the uncertainties over the angle of attack and cavitation number.

Looking at the discretization uncertainty figure for the Vcav parameter, it is seen that as the
grid is refined, the discretization uncertainty bars get shorter, that is, the Vcav value approaches
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the expected value. It may also be seen that the Sobol index corresponding to the discretization
effect is noticeably higher for the cavitation volume than for the other output parameters. This
can be understood from the fact that the uncertainty values have approximately 24% difference
between the finest grid and the coarsest grid. The high levels of discretization uncertainty also
indicate that further refinement would be necessary in order to arrive at a set of converged values
and more reliable uncertainty estimates. In the parameter uncertainty part of the right-hand side
figure for Vcav, it is seen that the individual effects of the input parameters are close to each
other. However, as it is in Lcav, the cavitation number is the more influential than the angle of
attack. In the combined parameter uncertainty results, it is seen that the grid uncertainty (red
bar) has the greatest effect on the outputs. Also, the total-effect Sobol indices of the combined
study show that the discretization uncertainty has the highest influence on Vcav uncertainty, with
ST3 = 0.52, followed by the cavitation number with ST2 = 0.34 and angle of attack ST1 with
0.19. To reduce the combined uncertainty, a much finer mesh is necessary.

As a summary of the results presented in this study: the discretization uncertainty may be the
dominant contributor to the output uncertainties for some parameters, but the input uncertainties
also have a significant and relevant effect. Furthermore, in flows where turbulence intensity is
high and cavitation is present, although the selected grid can accurately capture parameters such
as CL and CD calculated by reading the forces, it may not be as successful in capturing unstable
parameters such as Lcav and Vcav . In such cases, the combined uncertainty effect would be
much more. But this can be reduced by refining the grid especially for the output parameter of
Vcav.

5 CONCLUSIONS

This work presented the estimation of the combined effect of parameter and discretization
uncertainties, showing the confidence interval and Sobol indices in CFD simulations of dy-
namic cavitation. Two uncertain input variables, the angle of attack and cavitation number,
were chosen and evaluated on the example of a NACA66 hydrofoil. Also, in order to inves-
tigate the discretization uncertainty effect on the output parameters, grid uncertainty has been
considered as the third input parameter. Although the simulations were carried out in 2D, the
computational cost of performing a large number of computations on each grid refinement level
was a significant hindrance and highlights the difficulty in applying UQ to CFD simulations.
As a consequence, a surrogate model approach was employed to allow the Sobol analysis to
be carried out using fewer computational results. It was observed that, for output parameters
such as drag coefficient (CD) and cavitation length (Lcav), the confidence intervals and Sobol
indices were barely observed to change with varying grid refinement, showing a predominance
of parameter uncertainties. For the lift coefficient (CL), it was seen that the discretization uncer-
tainty effect was greater than for CD and Vcav , but still the parameter uncertainty was dominant
over the discretization uncertainty. For the cavitation volume (Vcav), the reverse trend has been
observed whereby the discretization uncertainty was dominant instead of the parameter uncer-
tainty. However, parameter uncertainty still had a significant influence on this output parameter.

For future works, the presented analysis framework could be extended in order to develop
a formulation for unsteady applications and include the effects of iterative uncertainty or time
step uncertainty alongside the grid and input uncertainty quantification. Other parameters, such
as coefficients related to turbulence or cavitation models, could be included to factor in addi-
tional degrees of the modelling uncertainties in addition to the grid and operating point condi-
tions (angle of attack and cavitation number).
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