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ABSTRACT

Model scale experiments are currently considered the stateof-the-art approach for studying cavitation noise and predict the acoustical performance of a cavitating propeller.
Unfortunately, this approach requires time-consuming tests
in a cavitation tunnel with a model of the propeller and the
experiments are usually affected by scale effects. Among
these, viscous effects on the development of vortex cavitation may alter significantly the cavitation pattern, preventing in some cases to consistently reproduce the full scale
cavitation pattern in model scale. Due to the above, the
availability of methods allowing for the modelling and prediction of cavitating propeller radiated noise may represent
an attractive opportunity to estimate propeller noise without requiring an actual experiment.
In this paper an approach based on hybrid modelling is
proposed for predicting model scale cavitating propeller
noise. The proposed approach exploits both the physical knowledge of the problem and the real data obtained
from extensive cavitation tunnel experimental campaigns
performed on different propellers in many operational conditions. Results on real data will support the validity and
the effectiveness of the proposal.
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1 INTRODUCTION

In the latest years ships underwater radiated noise has become subject of great interest because of the increasing
attention to the environmental impact of human activities
(Council of European Union 2008) and the improved sensibility to the on-board comfort (IMO 2012). In this context,
much effort has been spent in the study of propeller noise
since it represents the dominating noise source on ships,
especially when it cavitates (Ross 1976).
The most reliable method for the prediction of the cavitation noise is the adoption of Model Scale Tests (MST) in
cavitation tunnels. Scale effects must be carefully taken
into account in order to retrieve the full scale noise. In particular, the development of Tip Vortex Cavitation (TVC)
is significantly influenced by the Reynolds number, as remarked by McCormick (1962): the onset of TVC in model
scale occurs at significantly lower cavitation number than
on the full scale propeller. As a consequence, for some
ship operational conditions it is not trivial to correctly re-

produce the cavitation pattern in MST. Moreover, MST are
quite expensive and time-consuming; it is not feasible to
include them in the early stage of the design or in an optimization loop.
As a consequence it is of interest to replace MST with a tool
able to predict the propeller noise by having only the information about the propeller geometry, the inflow wake and
cavitation behaviour; these characteristics are all known in
the design stage or may be predicted (e.g. by means of
CFD calculations) without MST. These tools can be built
by simplified Physical Models (PMs) combined with empirical relations defined from experimental data (remarkable examples are Raestad 1996 and Bosschers 2018). The
limitation of these PMs lies in the fact that it is not trivial
to model all the phenomena which influence the cavitation
noise and, consequently, the quality of the results may not
be completely satisfactory requiring an ad hoc tuning.
For this reason, here the authors propose to employ Data
Driven Models (DDMs) which are able to build models
exploiting robust statistical inference procedures and data
collected in previous experiments in order to make predictions about previously unseen cases. A possible advantage of these methods is represented by the fact that there
is no need of any a-priory knowledge about the underlying physical system. Furthermore, thanks to the nature of
these approaches, it is possible to exploit even data regarding particular phenomena that cannot be easily modelled
with a PM. DDMs have proved to be valuable instruments
in many marine applications (Petersen et al 2012, Cipollini
et al 2018) and recently Aktas (2017) proposed a promising
Artificial Neural Network approach for the prediction of
the propeller cavitation noise in full scale given a number
of design parameters and a large collection of noise samples from cavitation tunnel tests.
However, DDMs usually produce black-box (nonparametric) models that are not supported by any physical
interpretation and, in general, a great amount of historical
data is necessary in order to build reliable models. For this
reason, in this paper authors propose a hybrid approach,
namely Hybrid Models (HM), in order to take advantage of
the best characteristics of both PMs and DDMs by combining them together. HMs are widely used in those contexts
were the experience on the field brought by PMs can enhance the DDMs prediction (Coraddu et al 2017). Such
a model is able to replace MST and predict model scale
noise, which must then be extrapolated to full scale using
suitable scaling formulas.

In order to develop and test the models proposed in this paper, authors have first collected a dataset by means of an
extensive set of cavitation tunnel tests of two controllable
pitch propellers of twin screw ships. Then, the continuous
part of the cavitation noise spectrum has been parameterized with a simple procedure which allows to extract its
main characteristics. Afterwards different models (PMs,
DDMs, and HMs) have been developed for predicting these
main characteristics based on quantities that can be estimated without performing any MST. Results show that the
proposed HMs accuracies are remarkably higher than the
ones of PMs and DDMs.
2 MODEL SCALE TESTS

Experiments have been performed at the cavitation tunnel
of the University of Genoa; the facility is a Kempf & Remmers closed-circuit tunnel with a squared testing section of
0.57 m × 0.57 m, long 2 m, for a detailed description of
the facility see Tani et al (2017a). All model scale tests
have been performed on two controllable pitch propellers,
respectively referred to as Propeller 1 (P1) and Propeller 2
(P2), tested at various pitch settings. Propellers main characteristics are reported in Table 1.
Table 1: The P1 and the P2 model characteristics.
Variable
Number of blades
Diameter
Direction of rotation
Design pitch ratio at 0.7R
Reduced (-3°) pitch ratio at 0.7R
Reduced (-5°) pitch ratio at 0.7R
Reduced (-6°) pitch ratio at 0.7R
Incremented (+2°) pitch ratio at 0.7R
Shaft inclination

P1
5
0.25m
Clockwise
1.385
1.229
1.082
2.5°

P2
5
0.25m
Clockwise
1.156
1.013
0.938
1.256
6.8°

tra of the Radiated Noise Levels (RNL) at the distance of
1m from the propeller center disk. In the present work,
transfer function corrections for the confined environment
effect (Tani et al 2017b, Briançon et al 2013) have not been
applied, hence the developed models describe the characteristics of noise spectra measured inside the cavitation tunnel.
2.1 Dataset Exploration

Within all possible cavitation typologies, the attention is
voluntarily focused on those phenomena which provide a
deeper insight on the real propeller functioning. The most
important phenomenon is probably the Tip Vortex Cavitation (TVC) since it is usually the first cavitation type occurring on a full scale propeller and the most difficult to
be avoided also for those propellers suitably designed to
limit cavitation. Other phenomena of practical relevance
are the suction side sheet cavitation and pressure side cavitation. Models presented in this work are developed using a subset of the working conditions characterized by the
presence of only suction side cavitation and not affected by
unwanted phenomena, like remarkable bubble cavitation.
Accordingly, samples have been reduced to 164.
The characterization of propeller cavitation is represented
by the cavitation bucket, it reports the inception of different
cavitation phenomena as function of the thrust coefficient
and cavitation number. In Figure 1 the cavitation bucket for
the P2 at design pitch is reported as an example.

One single wake field has been considered for each propeller. The axial wake fields are simulated by means of a
mock-up of the shaft line with brackets and a small dummy
hull on which wake screens are mounted to better reproduce typical wake fields of twin screw vessels; shaft inclination is adopted in order to reproduce the significant
upward velocity component present in twin screw ships.
For each propeller, a complete set of tests has been performed: cavitation bucket, cavitation observations, pressure pulses and propeller radiated noise measurements in
a large set of operational conditions. All these measurements provide detailed information about present cavitation typologies and their extensions for a wide range of
operational conditions to allow correlating measured noise
with the parameters.
The propeller loading conditions for noise model tests are
defined according to the identity of the thrust coefficient
KT and the cavitation number based on rotational speed
σn : a total of 425 propeller loading conditions have been
chosen to properly explore the variables domain (see for instance red crosses in Figure 1). Noise measurements have
been performed following the International Towing Tank
Conference (ITTC) model scale noise measurement guideline (2017) . Data used for the following analyses are spec-

Figure 1: P2 design pitch cavitation bucket (Miglianti et al

(2019)).
In particular, the curves on the right part of the figure
(higher propeller loading) correspond to phenomena originated on the Suction Side of the blade, whereas the curves
on the left part correspond to Pressure Side ones. These can
be divided by cavitation typologies in vortices (TVC, Vortex From Sheet Face), sheet cavitation and bubbles; moreover, the same phenomenon may be further subdivided considering its location. As an example, the labels TVC 90°
and Detached TVC refer to tip vortex cavitation occurring
at angular positions between 90° and 180°, connected to
the blade in the first case, present only downstream in the
second. In such positions, the vortex is usually rather stable

and its noise is not very high. The TVC 0°, referring to tip
vortex cavitation occurring where the blades encounter the
hull wake, is significantly more unstable and noisy.
For instance, a subset of operational conditions is considered and corresponding noise spectra are reported in Figure 2; the subset is characterized by a propeller load similar to that corresponding to the real functioning of the propeller (KT ref , σref ). These plots allow correlating noise
spectra with the cavitation index (i.e. the cavitation extension).

dition, modelling the complete spectra would increase significantly the computational time. Due to this a simplified
description of the spectra is defined, keeping only the information of physical and practical relevance.
The adopted simplification, shown in Figure 3, reproduces
the spectral shapes typical of cavitation noise which are described in Subsection 2.1. This simplified spectrum is defined by the knowledge of the frequency and level of only
five points, these are the targets of the developed models.
It is noted that target frequencies are expressed in terms of
logarithm of the frequency to keep the logarithmic sensitivity of noise to frequency; the levels are the decibels of the
RNL. The first portion of the spectrum, from the starting
point to the first break point, is dominated by background
noise or by tonal noise components, hence not of interest
in the present work.
The part of the simplified spectrum which can be reasonably considered representative of cavitation noise is identified by frequencies higher than those of the first break
point, hence the starting point is neglected in the following analyses. Besides, starting and ending frequencies are
constant, and they do not need to be modelled.

Figure 2: The P2 RNL at KT /KT ref = 1.03 for different
cavitation number (Miglianti et al (2019)).

All cavitating spectra are characterized by some common
characteristics. At very low frequency, a few thin and very
prominent peaks are visible. These are tones located at the
blade passage frequency and its multiples and are not discussed in the context of the present work. After these tones,
the continuous spectrum associated to cavitation is visible:
it is usually characterized by a maximum located at a midlow frequency and a mid-high frequency spectrum with an
almost constant decay. Depending on the characteristics of
cavitation, the maximum of the continuous spectrum may
appear as a prominent peak. In such a case, the peak is typically due to the noise generated by the pulsation of the tip
vortex cavities and it is of utmost importance in the study of
ships radiated noise since it may characterize the signature
of the full scale ships.
The medium-high frequency part of the spectrum may be
associated again to TVC, but also to other phenomena like
sheet and bubble cavitation, which usually become dominant if present. The levels and the decay law of this component depend again on cavitation dimensions and dynamics. These trends, qualitatively described above, characterize all the noise measurements carried out in regimes of
prevalent suction side cavitation.

Figure 3: Adopted spectrum simplification (Miglianti et al

(2019)).
Quantities collected for the working points defined above
are summarized in Table 2. These values represent the features considered as possible input for the models developed
as it will be described in Section 4. The features include
some characteristics of the propeller geometry, the characteristics of propeller inflow and the propeller working conditions in terms of kinematic conditions, propeller loading
and cavitation.

3 FEATURES AND TARGET

The propeller cavitation pattern is described by the parameter σn /σninc , that is the ratio between the actual cavitation
number and the inception index for the phenomenon. These
parameters indicate if a certain phenomenon is present and
provide an indication about its strength.

Every collected spectra is in narrowband representation,
the trends featured by single spectral rows are rather complex and not always so meaningful, especially if compared
to the general trends observed in the experiments. In ad-

The wake characteristics taken into account consider two
blade radial positions, namely 0.7R and 0.9R, since these
two are relevant for sheet cavitation (both suction side and
pressure side) and TVC. Wake intensity is expressed by the

Cavitation types

wake fraction w = 1 − V a/V .
Parameters used to describe the propeller inflow (Figure 4)
have been defined partially following Odabaşi & Fitzsimmons (1978): the maximum and minimum derivatives
(Dθ W ) of the wake w.r.t. the angular position θ represent
the rate of variation of blades load during revolution; the
wake width (W wd) is the angular sector where the wake
fraction is greater than 0.05. Other important features like
the average wake fraction and the wake depth are implicitly
included in the parameters describing the angle of attack of
the blades.

Variable
TVC 90°
D. TVC
TVC 0°
S.S. S
S.S. S 0°
S.S. RB
S.S. B
VFSF
P.S.TVC
P.S. S
P.S. RB

Unit
[]
[]
[]
[]
[]
[]
[]
[]
[]
[]
[]

Description
Suction side tip vortex
Detached tip vortex
Suction side tip vortex at 0°
Suction side sheet
Suction side sheet at 0°
Suction side root bubbles
Suction side bubbles
Vortex from sheet face
Pressure side tip vortex
Pressure side sheet
Pressure side root bubbles

Variable
W wd07
Dθ W |−
07
Dθ W |+
07
W wd09
Dθ W |−
09
Dθ W |+
09

Unit
[°]
[°]
[°]
[°]
[°]
[°]

Variable
αG07
min αG07
max αG07
θ|max αG07
αG09
min αG09
max αG09
θ|max αG09

Angle of attack geometric
Unit
Description
Circumferential average αG at 0.7R
[°]
[°]
Minimum αG at 0.7R
[°]
Maximum αG at 0.7R
Angular position of maximum αG at 0.7R
[°]
Circumferential average αG at 0.9R
[°]
[°]
Minimum αG at 0.9R
[°]
Maximum αG at 0.9R
Angular position of maximum αG at 0.9R
[°]

Wake parameters
Description
Wake width at 0.7R
Left wake gradient at 0.7R
Right wake gradient at 0.7R
Wake width at 0.9R
Left wake gradient at 0.9R
Right wake gradient at 0.9R

4 MODELIZATION
Figure 4: Propeller inflow wake geometric description

(Miglianti et al (2019)).
The angle of attack describes the hydrodynamic functioning of blade sections (set by the local radius r and the angular position θ) taking into account the effects of the pitch
setting combined with the advance ratio and the characteristics of the inflow, including also the shaft inclination α.
Since the propeller self-induced velocities are not known
a priori, the geometric angle of attack αG is defined by
Equation (1) according to ITTC (2008), as the difference
between the advance angle β of a blade section, determined
by Equation (2), and the local pitch angle Φ.
αG (r, θ) = Φ(r)−β(r, θ).
β(r, θ) =

Va (1−w)
.
r
π·D·n· R +Va ·sin(α)·sin(θ)

Table 2: Dataset input variables.
Propeller working parameters
Variable
P/D
∆Φ
J
Va
KT
10KQ
σv
σn
σntip
Tc
Qc
prel

Unit
[]
[°]
[]
[m/s]
[]
[]
[]
[]
[]
[kgf]
[kgf·cm]
[mBar]

Description
Pitch ratio
Difference between actual and design pitch
Advance coefficient
Advance velocity
Thrust coefficient
Torque coefficient
Cavitation index based on advance velocity
Cavitation index based on rotational speed
Cavitation index based on rotational speed
at blade tip
Thrust
Torque
Pressure relative to the ambient pressure

(1)
(2)

In this section a quick overview of the models theory is
presented. In the proposed context, a general modelization
framework can be defined, characterized by an input space
X ⊆ Rd , an output space Y ⊆ R, and an unknown relation µ : X → Y to be learned. In this case, each row of
X is composed by the features reported in Table 2, while
the output space Y refers to the simplified cavitation noise
spectrum frequencies and levels (Figure 3). In this context,
the authors define as model h : X → Y an artificial simplification of µ. The model h can be obtained with different
kinds of techniques, for example requiring some physical
knowledge of the problem, as in PMs, or the acquisition of
large amount of data, as in DDMs, or both of them, as in
HMs.
Independently from the adopted technique, any model h
requires some data in order to be tuned (or learned) on
the problem specificity and to be validated (or tested) on
a real-world scenario. For these purposes, two separate
sets of data Dn = {(x1 , y1 ), · · · , (xn , yn )} and Tm =
t
{(xt1 , y1t ), · · · , (xtm , ym
)} need to be exploited, to respectively tune h and evaluate its performances. It is important
to note that Tm is needed since the error that h would commit over Dn would be too optimistically biased since Dn
has been used to tune h.
4.1 Physical Model

In the present work, some physics-based models for fc
and RNLc are derived with a twofold objective: provide
a benchmark for comparison with DDMs and provide features for the HMs. The frequency and the maximum level
of the peak in the spectrum of tip vortex noise have been
computed with an approach similar to the one presented in

Bosschers (2009) for the vortex resonance frequency and
in Raestad (1996) for the sound pressure level.
According to the approach used, the vortex strength is assumed to be proportional to the thrust coefficient by means
of the coefficient τ which represents the relative tip loading, and it is here assumed to be dependent only on propeller geometry and wake field. The vortex cavitating radius is then computed using the potential vortex model.
By making use of the experimental data presented in
Maines & Arndt (1997) and formulations based on theoretical considerations, it is possible to derive the resonance
frequency of the vortex, as given by:
0.45π 2 σtip nZ
.
fc =
τ KT

(1)

The cavitation index σtip isp
based on the resultant velocity
Va2 + (πnD)2 ) and Z is the
at the blade tip (Vref =
blades number. By doing this, the only unknown parameter is the coefficient τ , which can be obtained by means of
fitting the data collected in current experiments.
For what regards the amplitude of the spectral peak, the
prediction is based on Raestad (1996), and the relation between sound pressure levels and propeller functioning parameters is:
#
"
k
√
τ KT
Z .
(2)
RNLc = ap + 20 log10
√
Z σn
According to the work of Raestad (1996), the value of the
exponent k should be 2; however, as pointed out also in
Bosschers (2018), the fitting with data is improved considering higher values. For the present work, the parameter
k has been chosen equal to 3. The value of ap is instead
directly estimated by fitting to experimental data.
Once the tuning coefficients have been obtained, the predicted target values can be calculated. In this moment PMs
for the others targets are not available.
4.2 Data Driven Model

In this paper, a method from the Kernel Methods family called Kernel Regularized Least Squares (KRLS) has
been adopted in order to estimate the relation between fbp1 ,
RNLbp1 , fc , RNLc , fbp2 , RNLbp2 , and RNLb and the variables of Table 2. In KRLS models (3) are defined as the
vector product between the weights w and an aprioristically defined Feature Mapping ϕ (Shalev-Shwartz & BenDavid (2014)), which strongly depends on the particular
problem under exam,
h(x) = wT ϕ(x).

(3)

The best approximating function h∗ is chosen as the one
that is complicated enough to learn from data without overfitting them. There is overfitting when the learned function
reproduce accurately the output given by the input data on
which it has been built, but fail in predict unseen data. In
other words, the model memorize the Dn set instead of
learning the generalization rule. An effective approach is

to minimize a cost function where the trade-off between
accuracy (in terms of square error) on the training data and
a measure of the complexity λkwk2 of the selected model
is achieved:
w∗ :

min
w

n
X
 T
2
w ϕ(x) − yi + λkwk2 .

(4)

i=1

By exploiting the Representer Theorem (Schölkopf et al
2001), the solution h∗ of the RLS Problem (4) can be expressed as a linear combination of the samples projected in
the space defined by ϕ,
h∗ (x) = w∗T ϕ(x) =

n
X

αi ϕ(xi )T ϕ(x).

(5)

i=1

Substituting (5) in (4), it can finds its minimun by setting
the gradient w.r.t. α to zero.
(Q + λI) α∗ = y,

(6)

where Q is the polynomial kernel matrix
Qi,j = (xj T xi + c)p .

(7)

Note that p ∈ N is the desired degree of the polynomial
and c ∈ [0, ∞) is a parameter trading off the influence of
higher-order versus lower-order terms in the polynomial.
Instead, λ ∈ [0, ∞) regulates the trade-off between the accuracy and the generalization of the model. p and c together
with λ are hyperparameters that need to be tuned in order
to optimize the performance of the final model.
Since every machine learning model is characterized by a
set of hyperparameters H influencing their ability to estimate µ, a proper model selection procedure needs to be
adopted (Oneto 2018). Several methods exist for model selection purpose but resampling methods, like the nonparametric Bootstrap (Efron & Tibshirani 1994), represent the
state-of-the-art approach when targeting real-world applications. In this work authors will exploit the bootstrap procedure and the resampling will be done with replacement
(Oneto 2018).
4.3 Hybrid Model

The same approach can be used to formulate a problem
aimed to build a predictor able to learn both the experimental data and the physical model. Consequently, in
this case a slightly different scenario is presented where
the dataset is composed by a triple of points Dn =
{(x1 , y1 , p1 ), · · · , (xn , yn , pn )} where pi is the output of
the PM in the point xn with i ∈ {1, · · ·, n}.
The goal is to learn a function able to approximate both µ,
namely the relation between the input x ∈ X and the output y ∈ Y, and the PM, namely the relation between the
input and the output of the PM. Basically two tasks have to
be learned (Multi Task Learning). Since for building a HM
also a PM is needed, authors will develop a model to estimate the relation between fc and RNLc and the variables
of Table 2. Given the target {yi , pi }, the cost function to

be minimized is the Multi Task Learning of KRLS Problem (4).
w∗ , w∗y , w∗p :
+

min {λkwk2 +θ(kw-wy k2 +kw-wp k2 )

w,wy ,wp

n
X
 T
2 
2
w ϕ(x)-yi + wT ϕ(x)-pi
i=1

n
X
 T
2 
2
+
wy ϕ(x) − yi + wTp ϕ(x)-pi }.

(8)

i=1

In Problem (8), the second term is the shared model (same
set of weights w), while the third one is the task specific
model (two dedicated set of weights wy and wp ). λ is the
usual regularization of KRLS and θ ∈ [0, ∞), instead, is
another hyperparameter that forces the shared model to be
close to the task specific models in Euclidean sense. Basically the MTL problem is a concatenation of three learning problems solved with KRLS plus a term which tries to
keep related all the three different problems. Again exploiting the Representer Theorem and introducing the polynomial kernel matrix is possible to derive the hybrid model in
Equation (9).
h∗ (x) = w∗T ϕ(x) =

n
X

(αi + αi+n )ϕ(xi )T ϕ(x).

to distribute with an angle between the measured and predicted values which is slightly different from 45°, clearly
underlining a problem in the PM adopted. Furthermore,
one of the main problems related to PMs is that in some
cases the noise spectra within the available data present
a behaviour similar to the one schematized by the PM
whereas in other cases a significantly different behaviour
is observed, with the frequency of the maximum weakly
depending on cavitation size: the PM is not able to discriminate between these different situations and its accuracy
decreases when the cavitation noise is not mainly driven
by the tip vortex pulsation, e.g. when the propeller pitch
is lower. This may contribute to the significant variance
observed (see fc PMs’confidence interval in Table 3).

Figure 5: PM: measured and predicted values of fc (left)

and RNLc (right) (Miglianti et al (2019)).

i=1

(9)
5 RESULTS

In the following results, models try to predict the propeller
noise spectra main characteristics in various, but different,
working conditions within the ones exploited for building
the model; these tests are useful to check the capability of
the model to provide predictions starting from the knowledge of a limited set of features.
In this scenario Dn and Tm have been created by splitting
randomly the whole 164 samples keeping 90% of the data
in Dn and the remaining 10% in Tm . All the tests have
been repeated 30 times and the average results in terms of
Mean Absolute Error are reported, together with their tstudent 95% confidence interval in Table 3, in order to ensure the statistical consistency of the results. In the next,
some scatter plots of experimental data versus predicted
ones are shown to better interpret the results.

Figure 6: DDM: measured and predicted values of fc (left)

and RNLc (right) (Miglianti et al (2019)).

Figure 7: HM: measured and predicted values of fc (left)

and RNLc (right) (Miglianti et al (2019)).
Table 3: Models performance.

PM
DDM
HM

fbp1
85 ± 4
-

MAE [Hz]
fc
fbp2
174± 10
114± 6
2780±144
68 ± 3
-

PM
DDM
HM

RNLbp1
1.7±0.1
-

MAE [dB]
RNLc
RNLbp2
3.5 ±0.2
1.9 ±0.1
3.5 ± 0.2
1.1 ±0.1
-

RNLb
2.0±0.1
-

The PM implemented seems to provide only a rough approximation of the dependency of fc and RNLc on the input
parameters. Especially for fc (Figure 5), data points tend

Central peak targets are predicted with a reasonable accuracy by the pure data driven model (Figure 6), demonstrating that trends present in the experimental data can
be effectively modelled by the DDMs considering also the
different behaviours of cavitation noise spectra observed,
which represented one of the limits of the considered PMs.
Lastly, from Figure 7 it is possible to observe that there is a
significant enhancing of the performances of the DDMs by
using the PMs, making them very attractive and promising
in view of future enlargements of the experimental dataset.
The results for the first break point (Figure 8) and the second (Figure 9) point out some limits of the definition of

the targets for the prediction of noise spectra. Despite the
simplified spectral shape adopted effectively succeeds in
modelling measured noise spectra (even considering both
spectral shapes observed, namely with and without prominent center peak), the issues may be related to the definition
of the parameters used to describe the simplified spectra,
namely frequencies and levels of the points. Actually, the
frequency and levels of the two breakpoints used to define
the simplified shape do not feature a clear physical meaning
and consequently they are not characterized by clear tendencies as other targets. The first break point, roughly corresponds to the frequency above which the cavitation noise
spectrum is perceived over the background noise. As a consequence the frequency of this point, and its corresponding
level, depends not only on the characteristics of cavitation
noise, but also on the spectrum of the background noise in
the tunnel.

and consequently fbp2 and RNLbp2 may assume anomalous
values.
These issues might be exceeded in different ways: modifying the simplified representation of spectra or simply employing different parameters to describe it. As an example,
the decay ratio (i.e. the slopes of the curve) in the two mentioned regions of the spectrum could be considered in place
of the break point. Actually, these parameters should allow
to correctly describe the spectra as well, and they should
not present anomalous values, even when the distinction
between the two regions becomes meaningless. The adoption of alternative parameters and its effect will be subject
of future activities.
As expected (Figure 10) the last spectral power, RNLb ,
being strongly related to the cavitation dynamics and free
from user interpretation error, is well predicted from DDM.
CONCLUSIONS

In this work a procedure to define numerical models able
to estimate cavitation tunnel noise measurements has been
presented. The final goal is to be able to predict the
main characteristics of the cavitation noise spectra at design stage, this will allow to decrease one of the major noise
sources in a ship, limiting its impacts on the environment
and on the on-board comfort.
Figure 8: DDM: measured and predicted values of fbp1

(left) and RNLbp1 (right) (Miglianti et al (2019)).

Figure 9: DDM: measured and predicted values of fbp2

(left) and RNLbp2 (right) (Miglianti et al (2019)).

With this purpose in mind, a simplification of the propeller
noise spectra has been proposed and a model able to predict
its features on the base of quantities that can be estimated at
design stage has been developed. Three different modelization strategies have been presented: one based on the physical knowledge of the problem, one based on data science
and one based on a hybrid approach able to exploit both
the two sources of information. An extensive set of cavitation tunnel trials performed with different propellers and
different configurations allowed the creation of a database
exploited for developing and testing the different models.
A deep comparison of the performance of the different
models has been executed in conditions different from
those used to build the model but always remaining inside
the data domain. In this scenarios HMs have shown remarkable and promising results opening the way to future
works in this direction.
Next steps of the research here presented will include several improvements of the promising modelling procedure,
including some aspects summarized in the following.

Figure 10: DDM: measured and predicted values of RNLb

(Miglianti et al (2019)).
The second break point divides the spectrum into two regions characterized by different decay ratio of noise w.r.t.
frequency: the decreasing part of the peak, when present,
with a larger decay ratio, and the high frequency spectrum
with lower decay. These two regions are clearly distinguished only when a prominent peak is identified, otherwise an almost constant decay is observed from the maximum point of the spectrum towards higher frequencies. In
the latter case, the definition of the break point is uncertain

The presented analysis has been limited only to a class of
similar propellers and configurations deemed of remarkable interest, in order to generate a collection of data with
a tolerable variance. The capability of the model to predict
noise is known only for test cases belonging to the explored
domain in terms of features (i.e. geometry characteristics,
operational conditions, wake field). In order to make a prediction for very different test cases, it is necessary to enlarge the dataset used to train the models. In parallel, for
the sake of generalization, all the post-processing correction for model-scale test facility effects on the sound field
must be applied.

It is planned for future activities to boost the data collection
considering further propellers and wake fields. This will require the use of an enlarged set of features, including more
parameters describing propeller geometries (e.g. expanded
area ratio, camber, chord, etc.). Furthermore, transfer function corrections will be added to the procedure in order
to enable the modelling of different propeller/hydrophones
configurations. Most important, transfer functions will allow including in the model the effect of the confined environment, providing an estimate of propeller source levels
in free field conditions.
Finally, results obtained with the Hybrid Model suggest investigating this approach considering also other physical
models or semi-empirical formulations available in literature, with the aim of further improve the already remarkable results of the developed models.
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