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Fast-turn around methods to predict airfoil trailing-edge noise are crucial for incorporating noise limitations into 
design optimization loops of several applications. Among these aeroacoustic predictive models, Amiet’s theory 
offers the best balance between accuracy and simplicity. The accuracy of the model relies heavily on precise wall

pressure spectrum predictions, which are often based on single-equation formulations with adjustable parameters. 
These parameters are calibrated for particular airfoils and flow conditions and consequently tend to fail when 
applied outside their calibration range.

This paper introduces a new wall-pressure spectrum empirical model designed to enhance the robustness and 
accuracy of current state-of-the-art predictions while widening the range of applicability of the model to different 
airfoils and flow conditions. The model is developed using AI-based symbolic regression via a genetic-algorithm

based approach, and applied to a data set of wall-pressure fluctuations measured on NACA 0008 and NACA 
63018 airfoils at multiple angles of attack and inflow velocities, covering turbulent boundary layers with both 
adverse and favorable pressure gradients. Validation against experimental data (outside the training data set) 
demonstrates the robustness of the model compared to well-accepted semi-empirical models. Finally, the model 
is integrated with Amiet’s theory to predict the aeroacoustic noise of a full-scale wind turbine, showing good 
agreement with experimental measurements.

1. Introduction

Rotating blades found in wind turbines and propellers generate noise 
that significantly affects the quality of life of neighboring communities, 
causing health and physiological problems in humans. Furthermore, 
noise complicates the communication, reproduction and predator avoid

ance of marine animals [1--4]. Therefore, noise regulations have arisen 
in several fields, such as aeronautics, wind energy, and marine pro

pellers [5--8]. This situation has caused significant research efforts to 
focus on studying and modeling flow-induced noise produced by aero

dynamic surfaces.

Flow-induced noise is the most important noise source in several 
applications such as wind turbines, aircraft, and ships. Trailing-edge 
noise, also known as airfoil self-noise, is the minimum amount of noise 
that an aerodynamic surface can produce [9]. This means that it ap
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pears in all operational conditions. Due to the importance of trailing

edge noise in several applications, extensive research has been con

ducted on this topic, covering experiments [10--18] and numerical sim

ulations [19--23], to better understand trailing-edge noise generation 
mechanisms. Specifically, Howe [24], Doolan and Moreau [25], and 
Lee et al. [26] present a complete literature review covering theory, 
experiments, and numerical simulations of trailing-edge noise. Addi

tionally, there is an extensive literature on trailing-edge noise reduction 
techniques, such as airfoil trailing-edge serrations [27--31] and porous 
materials [32--36]. From the literature, it is clear the importance of 
trailing-edge noise, and hence efforts need to be directed to accurately 
predict airfoil self-noise with fast methods that could be implemented 
in the design phase of aerodynamic devices.

Trailing-edge noise is caused by the interaction of the turbulent 
boundary layer with the airfoil’s finite trailing edge. Powell [37] deter
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mined that trailing-edge noise has three sources: the surface, the edge, 
and the turbulence convecting in the flow. They determined that the 
“edge noise'' is of the dipole nature, scaling with a power of the Mach 
number between 4 and 5, and therefore, the most important noise source 
at very low Mach numbers. A similar explanation was given by Ffowcs 
Williams and Hall [38]. They determined that while a turbulent bound

ary layer (without a solid boundary) radiates as a quadrupole noise 
source that scales with the 8th power of the flow Mach number (𝑀); the 
interaction of the turbulence with the trailing edge converts the noise 
source into a dipole that scales with the 6th power of the flow Mach num

ber. As in most applications 𝑀 <<1, reducing the scaling factor with 𝑀
increases the efficiency of noise radiation with the inflow velocity. In 
fact, the first modeling of trailing-edge noise consisted on scaling noise 
intensity with the 5th power of Mach number, which is more efficient 
than a dipole due to the presence of the leading edge [9,38,37].

The convective turbulence within the boundary layer causes wall

pressure fluctuations. Close to the trailing edge, these fluctuations are 
scattered in the far field as noise due to the sudden change of impedance 
at the trailing edge discontinuity [39]. The effect of the trailing-edge 
discontinuity is to scatter hydrodynamic pressure fluctuations, with 
large amplitude and small wavelengths (𝜆 = 𝑈𝑐∕𝑓 , where 𝑈𝑐 is the 
mean turbulent boundary layer convection speed and 𝑓 is the fre

quency), to acoustic waves with small amplitude and large wavelengths 
(𝜆 = 𝑐∕𝑓 , where 𝑐 is the speed of sound). Therefore, to characterize 
trailing-edge noise, it is fundamental to accurately describe the flow 
upstream of the trailing edge statistically [40]. This can be appropri

ately done through the wall-pressure spectrum (WPS). Consequently, 
semi-analytical trailing-edge noise prediction methods are often based 
on WPS close to the trailing edge, such as Amiet’s theory [41]. Mea

surements of wall pressure fluctuations close to the trailing edge during 
experiments are extremely challenging due to the thin trailing edge 
thickness of wind tunnel models. Numerical simulations are also chal

lenging when trying to resolve turbulent structures near the airfoil walls, 
resulting in expensive simulations that cannot be used during design op

timization procedures. Therefore, finding an accurate and general model 
for the turbulent boundary layer WPS is fundamental for an accurate and 
rapid assessment of trailing-edge noise.

The WPS beneath a turbulent boundary layer has a broadband na

ture and contains information on the flow structures across the boundary 
layer of both the inner and the outer regions [42]. The low-frequency 
range is caused by the large structures present in the outer part of the 
boundary layer and therefore scales with the boundary layer thickness 
(𝛿) and the edge velocity (𝑈𝑒) [42]. The smaller turbulent structures, 
located close to the wall, are responsible for the wall-pressure fluctua

tions in the high-frequency range, which scale with the viscous length 
defined as 𝜈∕𝑢𝜏 , where 𝜈 is the kinematic viscosity and 𝑢𝜏 denotes 
the friction velocity [42,43]. The mid-frequency range is generated by 
both types of structures coexisting in the boundary layer, and is known 
as the overlap frequency range. Based on these scalings, several semi

empirical models have been proposed for the turbulent boundary layer 
WPS [44,43,45--50].

Initially, Corcos [44], Goody [43], and Chase [45] proposed semi

analytical models using empirical constants based on measurements of a 
flat plate under zero pressure gradient (ZPG). Catlett et al. [46] extended 
Goody’s model by testing three different trailing-edge configurations 
that change the stream-wise pressure gradient. Rozenberg et al. [47]

proposed an empirical model based on Goody’s model considering ZPG 
and adverse pressure gradients (APG); which is reflected in high values 
of Clauser’s equilibrium parameter (𝛽𝑐 ) and Cole’s wake factor of the 
velocity profile (Π). The main variation compared to Goodys’ model is 
to replace the boundary layer thickness (𝛿) by the boundary layer dis

placement thickness (𝛿∗) in the normalization of the spectrum and the 
wall-shear stress (𝜏𝑤) by the maximum shearing stress along the nor

mal direction of the boundary layer (𝜏max = 𝜇(d𝑈∕d𝑦)). Calculating 𝜏max
then requires the variation of the average velocity across the bound

ary layer, which is not obtained with fast turnaround methods such 

as XFOIL. This is the main disadvantage of this model. Kamruzzaman 
et al. [48] proposed a model combining the Chase-Howe, Goody, and 
Rozenberg models using a database that included both equilibrium flat 
plate and non-equilibrium airfoil boundary layers for non-zero pressure 
gradients. The main contribution is the use of an amplitude scaling func

tion and time scale ratio to predict spectrum decay. Lee [51] developed 
an empirical WPS for flows with zero and adverse pressure gradients, 
based on flat plate and airfoil measurements. The main contribution of 
this model is to better capture the transition from the overlap-frequency 
range to the high-frequency range, which was demonstrated to highly 
depend on the pressure gradient. Lee proposed a parameter, function of 
𝛽𝑐 , to improve the model for this transition. Furthermore, Lee proposed 
a correction of Rozenberg’s model for the spectrum-level amplitude that 
provides a better agreement in the low- and mid-frequency ranges with 
the experimental database. The correction aims to improve the predic

tion for cases of higher pressure gradients. Hu and Herr [49] proposed 
their model based on measurements of a NACA 0012. They account 
for the pressure gradient with the boundary layer shape factor instead 
of Clauser’s equilibrium parameter, as in Lee’s model. Recently, Par

gal et al. [52] proposed a generalized model based on Goody’s model, 
considering direct numerical simulations (DNS), large eddy simulations 
(LES), and experiments for attached, separated, and reattached bound

ary layers. The characteristic of this generalized model is the use of the 
velocity across the boundary layer, which is difficult to model using fast 
engineering tools. All the models mentioned so far are presented as a 
single equation with eight parameters that give the shape of the spec

trum, besides scaling factors for the level and the frequency. Therefore, 
the contribution of each semiempirical model has focused on model

ing the eight parameters and the scaling factors instead of proposing a 
completely new model.

Data-driven methods, such as neural networks, have gained interest 
in modeling WPS in turbulent boundary layers due to the ability of NN 
to capture complex nonlinear relationships from large data sets with

out requiring explicit physical assumptions. For example, studies such 
as Dominique et al. [53] and Arroyo Ramo et al. [54] used artificial 
neural networks as an alternative approach to improve the robustness 
of the WPS model and better predict cases with strong pressure gra

dients compared to the models available in the literature commented 
on above. Specifically, in these works the neural network was used to 
predict boundary layer velocity profiles to later model the WPS using 
the previously defined single equation. The main disadvantage of NN is 
that they act as a ``black box'' with limited interpretability and gener

alizability beyond a specific training data set. In contrast, the symbolic 
regression approach adopted in this study, utilizing a genetic-algorithm

based method, derives an explicit and physically interpretable empirical 
model for the wall-pressure spectrum. The symbolic regression approach 
provides transparent equations that align with physical intuition, unlike 
the opaque mappings of neural networks. While neural networks excel in 
data-rich scenarios, their lack of adaptability outside calibrated ranges 
underscores the advantage of symbolic regression.

Despite the significant effort of the aeroacoustic community, there 
is no consensus on a WPS model that is general and usable outside its 
calibration range and can be used with confidence to predict trailing

edge noise in any case [55,56]. The main drawback of the empirical 
models available in the literature is the strong dependence on the data 
used to tune the aforementioned eight parameters of the model, limit

ing their suitability for actual scenarios, such as in rotating wind turbine 
blades. Additionally, the use of a single equation to predict the en

tire frequency range of the WPS requires encapsulating a variety of 
frequency-dependent physics in only one equation. Although this sin

gle equation incorporates several terms that are frequency-dependent 
and exponents that weight some terms along the frequency range, using 
a single equation limits the accuracy in capturing the different frequency 
slopes and inflection points. In the approach proposed in this work, we 
model the different regions of the spectrum with different frequency 
decays separately, allowing the model to capture the shape of the spec
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trum more accurately. As mentioned before, each frequency range of a 
turbulent boundary layer WPS is generated by different flow structures 
that scale with different quantities of the boundary layer. When using 
a single equation to model the entire frequency range of the WPS, the 
physical principle of the generation of wall pressure fluctuations is over

simplified. An alternative approach was followed by Fritsch et al. [57], 
who used a symbolic regression algorithm to define functions that are 
coupled in a single equation. Each function has a relative importance 
within the frequency range in an attempt to better model the different 
decays present in a WPS. In what follows, we will consider a similar 
approach.

To overcome the limitations of the available (semi-) empirical mod

els, we propose an empirical model for the wall-pressure spectrum that:

• Predicts independently curves for three frequency bands, which are 
blended together into one model. This approach enables capturing 
different physics and renders the model more robust and generaliz

able (e.g., making the model more robust to predict the curvature 
around the inflection point in the low-frequency range);

• the model is generated using an AI-based symbolic regression, 
which is a machine learning method capable of unveiling physically 
interpretable analytical equations from data, and reduces the need 
to incorporate prior knowledge about the physical phenomenon 
(i.e., we do not need to provide any specific equation);

• the considered database consists of experimental measurements 
that include two different types of airfoil geometries, Reynolds 
numbers and FPG and APG, which make the model robust to pro

vide a better prediction for cases outside the training data set.

Additionally, we force the model to use as input simple bound

ary layer parameters, i.e., boundary layer displacement thickness (𝛿∗), 
boundary layer momentum thickness (𝜃), and friction coefficient (𝑐𝑓 ), 
which are parameters that can be obtained with fast turn-around meth

ods such as XFOIL [58], without the need of running costly numerical 
simulations.

This paper is organized as follows. Section 2 addresses the methodol

ogy followed to propose the WPS model, including the definition of the 
model, the machine learning approach, and wind tunnel experiments. 
Section 3 presents the WPS model. Section 4 shows the validation of the 
model with other airfoil data available in the literature and a complete 
wind turbine. Finally, Section 5 presents the main conclusions of this 
research.

2. Methodology

2.1. Wall-pressure spectrum definition

The WPS (Φpp) is divided into three frequency bands: low-frequency, 
mid-frequency, and high-frequency, that is, Φpp|LF, Φpp|MF, and Φpp|HF, 
respectively, which are delimited by 𝑓2 and 𝑓3, as shown in Fig. 1. 𝑓2
limits the low- and mid-frequency bands, and is defined as the frequency 
of the maximum spectral level along the entire frequency range. 𝑓3 lim

its the mid- and high-frequency ranges. 𝑓3 is defined as the frequency at 
which the decay of the WPS level as a function of frequency changes sig

nificantly, suggesting that a different physical phenomenon dominates 
the WPS.

To obtain 𝑓3, the experimental spectrum was divided into frequency 
bins of 500 Hz; the center of the bin was progressively moved by 240 Hz. 
The spectrum slope for each bin was calculated by fitting a first-order 
polynomial to the logarithmic values of the spectral level and the fre

quency. 𝑓3 is considered where the slope deviates by more than 5% from 
the value of the previous bin. 𝑓1 and 𝑓4 define the frequency range in 
which the WPS is calculated. Those frequencies do not affect the model 
itself but are needed to blend the curves of each frequency band into a 
single curve. 𝑓1 is defined as 0.5𝑓2 and 𝑓4 is defined as the highest fre

quency limit where the WPS is calculated. For the training data set, it is 

Fig. 1. Frequency bands of a generic WPS. 

defined as 5 kHz to avoid contamination of electronic noise during the 
experimental measurements. 

Each frequency band was modeled independently on the logarith

mic scale using the symbolic regression approach, where we obtained 
three equations. The inputs given to the symbolic regression algorithm 
to model the spectrum are the inflow velocity (𝑈 ), boundary layer thick

ness (𝛿), boundary layer displacement thickness (𝛿∗), boundary layer 
momentum thickness (𝜃), wall shear stress (𝜏𝑤), and the pressure gradi

ent (d𝐶𝑝∕d𝑥). This set of parameters was chosen for two main reasons. 
The first one is that all these variables can be easily obtained for a spe

cific airfoil without running expensive simulations (e.g., using fast panel 
method solvers such as XFOIL). Secondly, these parameters are chosen 
to be as general and independent as possible. Although other models in

clude additional variables (such as Δ = 𝛿∕𝛿∗, or 𝛽 = (𝛿∗∕𝜏𝑤)(d𝑝∕d𝑥)), 
they are not retained in this work since they can be defined as a combi

nation of the previously selected ones and therefore could introduce a 
bias in the model, providing a solution which is not optimal.

The limiting frequencies (𝑓2 and 𝑓3) are modeled using the same in

puts, and the equations obtained for each frequency band are combined 
through a weighted average as a function of the frequency, as will be 
explained in the following sections.

2.2. Symbolic regression approach

Symbolic regression (SR) has emerged in recent years as an alter

native to traditional regression algorithms to derive models from data 
(fitting data). While the traditional approach is based on a user-defined 
function, with some tunable coefficients that can be adjusted to min

imize the error between the function and the data, the SR approach 
allows us to discover new functions from scratch. The main idea is to 
provide mathematical operators to the algorithm that can be combined 
automatically to define the best equation to fit the data. This way of solv

ing problems involves a change in the current paradigm and provides 
an alternative to rediscover formulations of physical laws [59], among 
other applications. A main advantage of SR is that it does not require 
a priori specification of the model, and hence it is not affected by hu

man bias or unknown gaps in domain knowledge. Although this family 
of algorithms was developed in the early 1990s, recent advancements in 
machine learning and the rapid improvement of computing power have 
fostered the use of SR for different fields; such as wind turbine wake 
modeling [60], astrophysics [59], turbulence [61], discovery of missing 
terms in differential equations [62], material science [63] and predic

tion of solar power production [64], among others. The application of SR 
in the field of acoustics has gained importance in recent years, as some 
advances have been made in the prediction of sound propagation in shal

low water environments [65] and in the modeling of noise generation 
for porous airfoils [66]. Also, recent advancements in rotor noise predic

tion [67,68] use Gene Expression Programming to generate analytical 
noise spectrum models. Although some attempts have been made in the 
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Fig. 2. Airfoils’ coordinates. 

reconstruction of the WPS model through symbolic regression [69,57] 
and neural networks (NN) [53,70], these models are difficult to gener

alize (for SR-based approaches) and lack interpretability (in the case of 
using NN).

In this work, SR is used to discover mathematical expressions to 
model the turbulent boundary layer WPS of two airfoils. The algorithm 
training is performed on the basis of experimental data (detailed in the 
following sections). Furthermore, the set of allowed variables are inflow 
conditions and boundary layer parameters that can be easily defined/ob

tained, allowing for a generalizable approach.

Symbolic regression algorithms are based on the main idea of contin

uously constructing new analytical functions, constrained by the user’s 
input, to fit a set of data. These functions are created by using a set of 
operators (e.g., +, −, ∗, ∕, ...), functions (e.g., abs(), sin(), log(), ...) and 
variables (e.g., 𝑥, 𝑡, ...) that the user must decide beforehand. The result

ing solution is formed by a combination of these operators and variables 
in a specific order. Another key aspect of SR is the complexity of the 
solution. If no constraints were applied to limit the complexity, very 
long equations with poor interpretability could be created. Therefore, 
the complexity of the final solution is usually constrained by defining 
the maximum length of the new functions. Furthermore, low-complexity 
functions are less prone to overfitting, leading to more generalizable so

lutions.

During training, new functions are created continuously, guided 
by an optimization algorithm, with the final objective of minimizing 
the loss between the discovered solution and the real data. The gen

eration process consists of solving an optimization problem, which is 
usually handled by genetic algorithms, where the function itself is mu

tated by modifying its components and the interrelation among them. 
In the present work, we apply the methodology implemented by Cran

mer [71], who provides an open-source code with a multi-population 
evolutionary algorithm to solve the SR problem in an efficient and mod

ular way. This approach has been thoroughly tested and is capable of 
exceeding several state-of-the-art open-source symbolic regression al

gorithms. This original implementation is based on genetic algorithms 
for optimization [72] at its core, but includes additional features to im

prove performance, such as simulated annealing [73], classic Broyden--

Fletcher--Goldfarb--Shanno (BFGS) optimization algorithms [74], and a 
novel adaptive parsimony metric. These improvements are combined 
with an asynchronous programming approach and multithreading par

allelization, enhancing the overall performance and reducing the simu

lation time.

2.3. Experimental database

The symbolic regression algorithm is applied to wall-pressure fluc

tuation measurements of a NACA 0008 and a NACA 63018 of 300 mm 
chord (𝑐). The geometry of the airfoils is shown in Fig. 2. The WPS is 
measured at 95% of the chord of each airfoil on both the suction and 
pressure sides. The test conditions for each airfoil are shown in Table 1, 

Table 1
Experimental test conditions.

Airfoil 𝛼𝑔 [°] 𝑈 [m/s] 𝑅𝑒 [-] 

NACA 0008

0:0.5:6 30 7.3 × 105

0, 3, 5 10, 30 {2.4, 7.3} × 105

0 10:5:45 {2.4:1.2:10.1} × 105

NACA 63018
0:1:7 10, 30 {2.4, 7.3}× 105

0 10:5:45 {2.4:1.2:10.1} × 105

Fig. 3. Schematic view of the experimental set-up. 

where 𝛼𝑔 is the geometric angle of attack (the effective angle of attack 
𝛼𝑒 is calculated as explained in Section 2.4.2), 𝑈 is the inflow veloc

ity, and 𝑅𝑒 is the Reynolds number based on 𝑈 and 𝑐. These conditions 
provide a total of 76 cases.

For the high-frequency band, only the cases where 𝑓3 <4 kHz were 
considered (see Fig. 1 for the definition of 𝑓3). This is to guarantee that 
there are enough data in the high-frequency band to model this part of 
the spectrum due to the limitation of the measurements up to 5 kHz men

tioned before. This constraint does not affect the proposed WPS model, 
but reduces the number of cases that are considered to model the high

frequency band to 47. 

2.4. Wind tunnel experiments

2.4.1. Wind tunnel

The experiments were carried out in the aeroacoustics wind tunnel 
of the University of Twente. The facility is a closed circuit wind tun

nel, which has a 0.9 m width and 0.7 m height close and open test 
sections. The wind tunnel has a contraction ratio of 10:1 and seven 
screens that keep the turbulence intensity below 0.08% with velocities 
up to 60 m/s [75]. The test section is enclosed by an anechoic chamber 
of 6 m × 6 m × 4 m. The empty anechoic chamber has a cut-off fre

quency of 160 Hz. The temperature in the test section is controlled at 
approximately 20 °C. The airfoils were vertically installed in the open 
test section using two rotatory end plates, allowing changes in the angle 
of attack of 0.5° precision. More information on the wind tunnel can be 
found in de Santana et al. [75]. Fig. 3 shows a schematic representation 
of the experimental setup.

2.4.2. Wind tunnel corrections

The wind tunnel experiments were conducted in an open jet test 
section. Therefore, the geometric angle of attack (𝛼𝑔 ) was corrected to 
obtain the effective angle of attack (𝛼𝑒). The corrections were based on 
the approach proposed by Brooks et al. [76].

𝜎 = (𝜋2∕48)(𝑐∕𝑊 )2; 𝑑𝜎 = (1 + 2𝜎)2 +
√
12𝜎; 𝛼𝑒 = 𝛼∕𝑑𝜎; (1)

where 𝑊 is the wind tunnel width. All data and analyses are presented 
in relation to the effective angle of attack.
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2.4.3. Boundary layer transition

The boundary layer transition was forced at 6.5% of the chord, using 
zigzag strips of 60° zigzag angle and 12 mm width. The trip height (𝑘) 
was varied with the inflow velocity and the angle of attack to keep the 
ratio 𝑘∕𝛿𝑘 between 0.4 and 0.6 for all cases, where 𝛿𝑘 is the boundary 
layer thickness at the trip location. 𝛿𝑘 was estimated using XFOIL simula

tions [58], using the approach explained in Section 2.5. For this particu

lar situation (to calculate 𝛿𝑘 and estimate the trip height), XFOIL simula

tions were conducted using natural transition with the critical number, 
calculated based on the wind tunnel inflow turbulence (Tu = 0.08% 
[75]):

𝑁crit = −8.43 − 2.4 log(𝑇 𝑢∕100). (2)

Note that XFOIL simulations for obtaining the boundary layer param

eters at the airfoils’ trailing edge needed for proposing the WPS model 
are conducted with forced transition, similar to the experiments, as it is 
specified in Section 2.5.

2.4.4. Measurement of wall-pressure fluctuations

The airfoils are instrumented with 82 remote microphone probes 
(RMP) distributed along the chord and the span. The wall-pressure fluc

tuations are measured on both the suction and pressure sides at 95% of 
the chord. These measurements were used to propose the model. Ad

ditionally, twelve RMP are distributed along the span at 97% of the 
chord which were used to verify the statistical similarity of the flow in 
the spanwise direction. The WPS of the twelve microphones matched 
within 1 dB.

Remote microphone probes consist of pinholes of 0.3 mm diameter 
on the airfoil surface connected to a unique stainless steel tube of 1.6 mm 
inner diameter. A tube assembly outside the model connects the tubes 
to the microphones and the anechoic termination, i.e., a plastic tube 
of 1.6 mm inner diameter and 3 m long. The extreme of the anechoic 
termination was sealed to avoid airflow passing through the tube be

cause of the difference in pressure between the airfoil surface and the 
environment. On the side of the tube assembly, Knowles FG 23329-P07 
microphones are connected. The junctions of the stainless steel tube, the 
anechoic termination, and the microphones with the tube assembly were 
sealed to prevent leakage, which was verified during the calibration of 
each RMP. The calibration of RMPs is explained in Appendix A. More 
information on the technique can be found in dos Santos et al. [77].

Four National Instruments PXIe-4499 Sound and Vibration modules 
installed on a NI PXIe-1073 chassis were used to sample the surface 
microphones. The microphone data was acquired during 30 s with a 
sampling frequency of 65536 (216) Hz. The WPS was calculated by 
adopting the Welch method, using a window size of 214 samples (7.5 s) 
and a Hanning windowing method with 50% overlap, which resulted in 
a bin size of 8 Hz. The WPS is presented in dB, calculated according to 
Glegg and Devenport [42]. The reference pressure and delta frequency 
for normalizing the power spectral density were 20 μPa and 1 Hz.

2.5. XFOIL simulations

XFOIL simulations were performed replicating the conditions of the 
wall-pressure fluctuations measurements to obtain the parameters of the 
boundary layer close to the trailing edge needed to propose the model. 
The input parameters for XFOIL were the airfoil geometry, the Reynolds 
number, calculated on the basis of the airfoil chord and inflow velocity, 
the Mach number, the effective angle of attack, and the location of the 
forced transition (i.e., 0.065). The boundary layer parameters were ex

tracted from XFOIL simulations at 𝑥∕𝑐 =0.95, i.e., the same location of 
the wall-pressure fluctuations measurements.

XFOIL calculates the displacement thickness (𝛿∗), momentum thick

ness (𝜃), and skin friction coefficient (𝐶𝑓 ). The boundary layer thickness 
(𝛿) is calculated as [58]:

𝛿 =  𝜃
(
3.15 + 1.72 

𝐻𝑘 − 1

)
+ 𝛿∗, (3)

Table 2
Hyperparameters of the symbolic re

gression algorithm during the training.

General parameters 
Population size 200

Iterations 50

Crossover probability 0.0259

Perturbation factor 0.129

Annealing constant 3.17

Mutation parameters 
Mutate constants 0.0346

Mutate operators 0.293

Swap operands 0.198

Rotate tree 4.26

Add node 2.47

Insert node 0.0112

Delete node 0.87

Simplify 0.00209

Randomize 0.000502

Do nothing 0.273

Optimize 0.0

Form connection 0.5

Break connection 0.1

where 𝐻𝑘 is the kinematic shape parameter:

𝐻𝑘 =  
𝐻 − 0.290𝑀2

𝑒

1 + 0.113𝑀2
𝑒

, (4)

with 𝑀𝑒 the boundary layer edge Mach number, and 𝐻 the shape pa

rameter given as 𝐻 = 𝛿∗∕𝜃. For low Mach number flows, 𝐻𝑘 given by 
Eq. (4) reduces to 𝐻 . This approximation is used in this study.

The friction velocity, 𝑢𝜏 , is calculated as:

𝑢𝜏 =
√
𝜏𝑤∕𝜌, (5)

where 𝜏𝑤 = 0.5𝜌𝑈2𝐶𝑓 . Finally, the pressure gradient d𝐶𝑝∕d𝑥 is calcu

lated using the central differencing scheme, with the 𝑥∕𝑐 =0.95 as the 
central value.

XFOIL simulations are validated against experiments by comparing 
𝛿, 𝛿∗, 𝜃, and 𝑢𝜏 close to the trailing edge, and 𝐶𝑝 distribution along the 
chord. This validation is shown in Appendix B. There is a good agree

ment between XFOIL and the experiments.

3. Wall-pressure spectrum model

The SR-based WPS model is defined based on a set of operators, 
functions, and variables that the SR algorithm is allowed to use when 
generating new functions. In this case, we will try to minimize the num

ber of available degrees of freedom, as the objective is to obtain a simple 
and interpretable final solution:

1. Operators: +, −, ∗ and ∕.

2. Functions: pow2(𝑥) = 𝑥2, abs(𝑥) = |𝑥|.
3. Variables: 𝑓 , 𝑈𝑒, 𝛿, 𝛿∗, 𝜃, 𝜏𝑤 and d𝐶𝑝∕d𝑥.

Furthermore, the maximum complexity of an equation is set to 25, where 
the use of each operator, function, or variable increases the complexity 
by 1 unit. Also, the algorithm is allowed to include real constants, but 
each constant will increase the complexity by 2 units.

The initial population of functions is formed by 200 individuals and 
the multi-population genetic algorithm runs 50 iterations for each func

tion to be discovered. A summary of the most relevant hyperparameters 
is presented in Table 2. It is important to notice that, before the train

ing, all mutation parameters are normalized; that is, the sum of all of 
them must be 1 unit. The loss during training is computed as the 𝐿2
norm ||𝑥−𝑥∗||2 between the original data 𝑥 and the generated function 
𝑥∗, within the current frequency band. 
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The WPS in each frequency band is modeled in logarithmic scale 
and consequently expressions must begin with a 10 log10(∙). Moreover, 
on the basis of the experimental data, the high-frequency region has 
an almost linear decay on a logarithmic scale; hence, we force a linear 
decay in the high-frequency band. As a result of the SR process, the 
following set of equations are discovered to model/calculate the WPS in 
each frequency band (see Fig. 1), and the limit frequencies:

𝑓1 = 0.5𝑓2;

𝑓2 = 0.22∕𝛿∗ + 0.045 𝑈𝑒∕𝛿∗;

𝑓3 = 997 + 0.26 𝑈𝑒∕𝛿;

𝑓4 = 5000;

Φpp|LF = 10 log10
(
0.16

(
𝛿𝑈𝑒

)2) ;
Φpp|MF(𝑓 ) = 10 log10

⎛⎜⎜⎝
(

𝑓

𝑓2

) 𝑏 
3 ⎞⎟⎟⎠+

(Φpp|LF + 𝑜𝑓𝑓𝑠𝑒𝑡MF

2 

)
;

𝑏 = − ||𝜏𝑤 − 1804.5𝜃|| ;
𝑜𝑓𝑓𝑠𝑒𝑡MF = 10 log10

(
4.41 ⋅ 10−4

𝑈𝑒

(
𝜏𝑤 −𝑈𝑒

)2
𝑓2

)
;

Φpp|HF(𝑓 ) = 10 log10

((
𝑓

𝑓3

)𝑏
)

+Φpp|MF(𝑓3).

(6)

To obtain a single equation that models the WPS in the entire frequency 
range, the WPS for each band are linearly weighted with the frequency, 
as:

Φpp|LMF =Φpp|LF log10(𝑓3) − log10(𝑓 ) 
log10(𝑓3) − log10(𝑓1)

+ Φpp|MF
log10(𝑓 ) − log10(𝑓1) 
log10(𝑓3) − log10(𝑓1)

;

Φpp|MHF =Φpp|MF
log10(𝑓4) − log10(𝑓 ) 
log10(𝑓4) − log10(𝑓2)

+ Φpp|HF log10(𝑓 ) − log10(𝑓2) 
log10(𝑓4) − log10(𝑓2)

;

Φpp =Φpp|LMF
log10(𝑓4) − log10(𝑓 ) 
log10(𝑓4) − log10(𝑓1)

+ Φpp|MHF
log10(𝑓 ) − log10(𝑓1) 
log10(𝑓4) − log10(𝑓1)

.

(7)

Initially, the low- and mid-frequency bands are combined between 𝑓1
and 𝑓3, obtaining Φpp|LMF; and the mid- and high-frequency bands are 
combined between 𝑓2 and 𝑓4, obtaining Φpp|MHF. Later, Φpp|LMF and 
Φpp|MHF are combined between 𝑓1 and 𝑓4 using the same approach.

The frequency 𝑓2 depends on the inflow velocity and boundary layer 
displacement thickness, whereas 𝑓3 depends on the boundary layer 
thickness instead. The equation for the low-frequency range (Φpp|LF) is a 
constant (non-dependent on the frequency, 𝑓 ) that gives the level of the 
WPS, as a function of the boundary layer thickness and the inflow veloc

ity. The high-frequency band (Φpp|HF) is a logarithmic straight line with 
a decay 𝑏 that depends on the wall shear stress and momentum thick

ness. The decay for the mid-frequency band (Φpp|MF) is one-third of that 
of the high-frequency band. Both equations have an offset to set the level 
of the curve. The offset in the mid-frequency range (𝑜𝑓𝑓𝑠𝑒𝑡MF) depends 
on velocity, wall shear stress, boundary layer thickness, and 𝑓2 . To re

duce the discontinuity of the curve at 𝑓2, where the LF and MF regions 
blend together, the mid-frequency offset is averaged with the value of 
the low-frequency band. The offset in the high-frequency band is sim

ply the value of the WPS given by the expression of the mid-frequency 
range evaluated at 𝑓 = 𝑓3 (Φpp|MF(𝑓3)).

The model obtained is shown in Fig. 4, where the influence of the 
boundary layer parameters on the WPS is detailed. The boundary layer 

thickness (𝛿) and displacement thickness (𝛿∗) affect the level and po

sition of the maximum spectral level, while there is no effect in the 
high-frequency band. As the boundary layer thickens, the energy content 
of the WPS increases and shifts towards lower frequencies. In contrast, 
momentum thickness (𝜃) and wall-shear stress (𝜏𝑤) affect the level and 
decay of the high-frequency range. The energy content of the WPS in

creases and shifts towards higher frequencies as 𝜏𝑤 increases, whereas 
it decreases as 𝜃 increases. This behavior agrees with theory since wall 
pressure fluctuations in the low-frequency range are caused by larger 
turbulent structures that scale with 𝛿, while fluctuations in the high

frequency range relate to small turbulent structures that scale with the 
viscous length (𝜈∕𝑢𝜏 ), which has a direct relationship with 𝜏𝑤 . In ad

dition, the edge velocity (𝑈𝑒) increases the WPS level throughout the 
frequency range, as expected. Furthermore, the inflow velocity slightly 
shifts the energy content towards higher frequencies (see the shift in 
the maximum in Fig. 4e), which is also in agreement with the the

ory [42].

Similar tendencies of the WPS model with boundary layer parame

ters are found in the literature, e.g., Lee [51], except for the specific case 
of 𝜃. In the reference, 𝜃 shows a trend similar to 𝛿 and 𝛿∗, whereas in 
our model 𝜃 has an effect only in the high frequency range and opposite 
to 𝛿. According to Fig. 5b, the experimental results show a similar trend 
to the reference, i.e., increasing 𝜃 increases the spectral level. The dif

ferent trend of 𝜃 in our model compared to the reference is due to the 
negative sign in the definition of 𝑏, that reduces the value or the effect 
of 𝜏𝑤 to calculate the decay of the wall-pressure spectrum. Note that in 
the sensitivity analyses we vary a single parameter while keeping the 
others constant, which is not realistic since all the boundary layer pa

rameters change simultaneously. Therefore, the different trend does not 
mean a wrong capturing of the physics 

Fig. 5 shows some measured WPS within the training dataset for 
several conditions of inflow velocity and angle of attack of both air

foils to show the dependency of the WPS on boundary layer parameters. 
Figs. 5a and 5b show the WPS for several angles of attack at 10 m/s 
inflow velocity. As the angle of attack increases, the pressure gradient 
increases, causing an increase in the boundary layer thickness and dis

placement thickness [58]; this makes the frequency content of the WPS 
shifts to lower frequencies due to the increase in size of the turbulent 
structures within the boundary layer. Therefore, for thicker boundary 
layers, there is a higher spectral level in the low-frequency range, as 
observed for both airfoils and predicted by the model (Fig. 4a). At the 
same time, an increase in the angle of attack reduces the wall-shear 
stress [58], and consequently the level in the high frequency range is 
reduced. Furthermore, in the high-frequency range, the opposite behav

ior of the wall-shear stress and boundary layer displacement thickness, 
which is represented in the model by the subtraction symbol in the def

inition of 𝑏 and in the different trend observed in Figs. 4c and 4d.

The inflow velocity (or edge velocity) has an influence in the entire 
frequency range, as predicted by our model in Fig. 4e and shown by 
the experiments in Fig. 5c for the NACA 0008 airfoil. In both figures, 
it is noticeable that besides increasing the spectral level in the entire 
frequency range, the energy content, i.e., the maximum spectral level 
along the frequency, is shifted towards higher frequencies. This is due 
to the reduction of the boundary layer thickness as a function of the in

flow velocity; which is also reflected in our model in the definition of 
𝑓2 and 𝑓3, where the boundary layer thickness and displacement thick

ness are in the denominator. To see the effect of the inflow velocity 
clearer, the WPS for the NACA 63018 at several velocities are scaled. 
The spectral level is scaled using a power of two of the velocity, and the 
frequency is scaled using the factor 𝛿∕𝑈𝑒 , see Fig. 5d. According to the 
figure, the spectral level roughly scales with a power of two with the 
inflow velocity, which is represented in our model by the term (𝛿𝑈𝑒)2
in the definition of Φpp|LF that gives the level of the WPS. Furthermore, 
the frequency of the spectrum scales with 𝛿∕𝑈𝑒 , showing that the depen

dence of 𝑓2 and 𝑓3 with these parameters is also correct. It is important 
to mention that, aside from the sensitivity analysis conducted in Fig. 4, 
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Fig. 4. Sensitivity of the boundary layer parameters on the predicted wall-pressure spectra. 𝑃ref = 20 μPa. 

where a single parameter was modified while the others were kept con

stant, in the experiments a variation of the angle of attack and inflow 
velocity changes the boundary layer development, and therefore, all the 
parameters of the boundary layer close to the trailing edge are modified. 
Therefore, it is not absolutely precise to define the influence of a single 
parameter when the others are being also modified. 

Fig. 6 shows the WPS estimated with our model and with Lee’s 
and Kamruzzaman’s models scaled with the outer boundary layer scales 
(𝛿∕𝑈𝑒) and the inner scales (𝜈∕𝑢2

𝜏
) of the boundary layer. The mod

els are compared with the well-established power-law regions of the 
WPS, i.e., (𝜔𝛿∕𝑈𝑒)−2 for the low-frequency range and (𝜔𝜈∕𝑢2

𝜏
)−5 for the 

high-frequency range [42,45,78]. When scaling with the outer scales 
(Fig. 6a), the three models present a rolloff between 2 and 2.5, which 
is quite close to the expected decay (2). In particular, our model shows 
a decay of 2.5. When scaling with the inner scales, our model presents 
a decay with a power of -5, likewise expected. The same decay is ob

served for the Lee model. In contrast, Kamruzzaman’s model presents a 
decay closer to 4. The fact that there is a similar decay of the level as a 
function of the frequency among the models and in agreement with the 
experiments shows that our model preserves the physics that generates 
the wall-pressure spectrum. It is worth noticing that there is a big dif

ference in the scaled level of the WPS; this is due to the level constants 
that are established empirically in every model. 

3.1. Error assessment between the experiments and the symbolic regression 
model

The error is measured as the squared difference between the pre

dicted (Φpp|mod) and measured (Φpp|meas) WPS (in dB), weighted by 
the frequency to account for the logarithmic scale. If the error is not 
weighted to account for the logarithmic scale on the frequency axis, 
the low-frequency band, where there are few data points, would have a 
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Fig. 5. Measured WPS for several conditions of inflow velocity (𝑈 ) and angle of attack (𝛼). 𝑈ref =10 m/s. 

Fig. 6. Wall-pressure spectrum model scaling with inner and outer scales. 

low impact in the error, while the high-frequency band, where there are 
many points, would have a higher impact. As the model should be able 
to fit the experiments in all frequency bands, a correction must be ap

plied. Therefore, starting from the definition of the integral formulation 
of mean squared error, we derive a modified version of the error that 
takes this fact into consideration. The standard integral formulation of 
the mse is defined as:

𝑚𝑠𝑒 = 1 
𝑓max − 𝑓0

𝑓max

∫
𝑓0

(
Φpp|meas − Φpp|mod

)2 d𝑓 ; (8)

Now, we change the integration variable from 𝑓 to 𝑙𝑜𝑔(𝑓 ) to balance all 
frequency bands:

𝑚𝑠𝑒𝑙𝑜𝑔 =
1 

log(𝑓max) − log(𝑓0)

log(𝑓max)

∫
log(𝑓0) 

(
Φpp|meas − Φpp|mod

)2 d log(𝑓 );

(9)

Finally, we rewrite the integral to have the frequency in the integration 
limits and as the differential variable:

Error = 1 

log
(
𝑓max
𝑓0

) 𝑓max

∫
𝑓0

1 
𝑓

(
Φpp|meas − Φpp|mod

)2 d𝑓 ; (10)

where log is the natural logarithm, and 𝑓0 and 𝑓max are the minimum 
and maximum frequencies where the overall spectrum is calculated. To 
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Fig. 7. Predicted and measured WPS of several cases from the training data set. 

Table 3
Error of the model for the training data set.

Error 
Cases 

APG & LF FPG & LF APG & HF FPG & HF 

Errormin 0.16 0.23 0.70 0.49 
Errormax 22.9 11.09 7.28 11.01 
Errormean 3.087 2.48 2.66 2.87 

apply this error to a discrete data base, the integral should be discretized 
using a numerical method (e.g., trapezoidal rule, Simpson’s rule, etc.).

Table 3 shows the error statistics of the model for the training data 
set calculated with Eq. (10). Note that the error is segregated into fa

vorable (FPG) and adverse (APG) pressure gradients; and between low

frequency (LF) and high-frequency (HF) bands, since the size of the data 
set was different, ref. to Section 2.3. The error is similar for the four 
groups of cases, showing slightly better results for the APG (lower mean 
and maximum values). For completeness, in Fig. 7 the measured and 
predicted WPS for four cases within the data set are shown, with the as

sociated errors that range from the minimum to maximum (see Table 3). 
The precision of the model slightly decreases with the angle of attack; 
however, it agrees with the experimental results in the entire frequency 
range with a margin of 4 dB. 

4. Validation of the model outside the training data set

The model is validated by comparing the predictions with published 
experimental data and classic semi-empirical models. Later, acoustic 
predictions for a full-scale wind turbine are also presented and com

pared to field measurements.

We challenge the model with predictions outside the range of the 
training data set and explore how it generalizes for Reynolds numbers, 
angle of attack, airfoil geometry, and frequency ranges outside the range 
of the training set. Now, the Reynolds number range is {0.26 - 1.5}⋅106

compared to {0.26 - 0.90}⋅106 of the training data set. The maximum 
angle of attack is 10.3o compared to 7o in the data set. More importantly, 
three different airfoil geometries are used for validation: NACA 0012, 

NACA 0018, and DU-96-W-180. Furthermore, experiments were con

ducted in a different experimental setup.

Fig. 8 shows the measured WPS (Exp. in the legend) compared 
with our model (model in the legend), together with the Kamruzza

man model [48], Lee model [79], Goody model [43], and the symbolic 
regression-based model proposed by Fritsch et al. [57]. The specific con

ditions for each validation case are summarized in Table 4, together with 
the error (calculated following Eq. (10)), and the reference of the exper

imental data. 
In general, the proposed model shows good agreement for all cases. 

The best agreement is obtained for cases B, C, and G, with errors lower 
than the average error of the training data set. The worst case is for 
case E (𝛼=10.3°), where there is a significant discrepancy between the 
model and measurements for 𝑓 >1 kHz. However, our model predicts 
well the low-frequency hump expected for high angles of attack [80,81]. 
The main reason for the poor agreement in the high-frequency range 
is that 𝜏𝑤, which significantly affects the spectrum rolloff in the high 
frequency (see Fig. 4d), is obtained with XFOIL simulations instead of 
experimental measurements as the other parameters (𝛿, 𝜃, 𝛿∗) that are 
reported in Suryadi and Herr [80]. Reference [80] also shows that the 
precision of XFOIL simulations at high angles of attack is reduced. Even 
though case E is the worst case for our model, it presents the lowest 
error among all models, which shows that the model is robust enough 
and can be extrapolated even for complex scenarios.

Compared with the other semi-empirical models, our model also 
performs well. There are some specific cases where other approaches 
present a better agreement with the measurements than our model, such 
as, Lee model for cases A and F, and Kamruzzaman model for case D. 
However, our model presents the lowest average error among all the 
models. Furthermore, our model is the most robust since the error vari

ability is the lowest among the models and the maximum error is also the 
lowest. In particular, the model proposed by Fritsch et al. [57] does not 
show good behavior for the particular cases presented here, mainly be

cause of the divergence at high frequencies. This frequency divergence 
was avoided in our model because of the constraints imposed in the 
training process of the symbolic regression algorithm, where we enforce 
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Fig. 8. Comparison of the predicted and measured WPS for several conditions outside the training data set. 
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Table 4
Error of several models compared to experimental measurements outside the training 
data set.

Name Conditions Error Ref.

Kamruzzaman Lee Goody Model 

Case A NACA 0012; 𝑈∞=56; 
11.54 1.05 49.33 6.23 [55]

𝑐=0.4; 𝛼=0o

Case B NACA 0012; 𝑈∞=56; 
19.61 1.43 137.00 1.23 [55]

𝑐=0.4; 𝛼=4 o; SS 

Case C NACA 0012; 𝑈∞=56; 
22.83 2.30 43.64 2.02 [55]

𝑐=0.4; 𝛼=4o; PS 

Case D DU-96-W-180; 𝑈𝑒=56; 
6.06 62.49 87.10 13.31 [80]

𝑐=0.3; 𝛼=4.6o; SS 

Case E DU-96-W-180; 𝑈𝑒=66; 
54.26 313.74 217.38 20.18 [80]

𝑐=0.3; 𝛼=10.3o; SS 

Case F NACA 0012; 𝑈∞=20; 
41.43 5.39 44.94 6.07 [15]

𝑐=0.2; 𝛼=0o

Case G NACA 0018; 𝑈∞=20; 
60.18 16.79 113.86 1.60 [15]

𝑐=0.2; 𝛼=0o

Case H NACA 63018; 𝑈∞=20; 
149.06 149.45 193.70 14.70 [15]

𝑐=0.2; 𝛼=0o

Average 43.44 66.39 111.41 8.17 

Maximum 149.06 294.92 221.08 20.18 

𝜎 46.14 105.52 68.53 7.07 

a linear decay in the high-frequency band, whose slope is discovered by 
the symbolic regression algorithm, as explained in Section 3.

Finally, the aerodynamic noise produced by a SWT-93-2.3 wind tur

bine is predicted and compared with field measurements reported in 
Christophe et al. [82]. Noise prediction assumes that turbulence inter

action noise (also known as leading-edge noise) and trailing-edge noise 
are the unique noise sources of the wind turbine. For trailing-edge noise 
prediction, the model proposed in this research is used to calculate the 
WPS on both the suction and pressure sides. We compute wind turbine 
noise using the Amiet-Schlinker method for rotatory noise sources [83], 
where the relative motion of the segment that induces a delay between 
noise emission and the location of the observer is considered using the 
Doppler effect. The total noise of the wind turbine is calculated using the 
strip-theory approach, where the blade is divided into 𝑛 segments that 
produce uncorrelated noise. Therefore, each segment is treated as a 2D 
airfoil, for which turbulence interaction noise and trailing-edge noise are 
computed using Amiet’s theory [84,41]. Subsequently, the blade noise 
is calculated as the sum of all segments at every angular position. The 
total aerodynamic noise produced by the wind turbine is computed as 
the integral of the total blade noise at each azimuth angle over one ro

tation, considering a similar contribution of the three blades. A detailed 
description of the noise prediction approach is reported in [85,86].

The input for the prediction of turbulence interaction noise is the tur

bulence spectrum, which is computed with the von Kárman Spectrum, 
using as input the atmospheric turbulence intensity (𝑇 𝑢∞) and atmo

spheric turbulent integral length scale (𝐿). Predictions are computed 
with 𝑇 𝑢∞ =10.7%, and 𝐿 =300 m, which are reported in the literature 
for this benchmark case [87]. For trailing-edge noise prediction, the in

puts for Amiet’s theory are the WPS, which is computed with the model 
proposed in this research, and the spanwise correlation length, which 
is computed using Corco’s method Corcos [44]. To calculate the WPS, 
the inputs needed are the angle of attack and apparent velocity, which 
are used to perform XFOIL simulations to extract the boundary layer 
parameters (𝛿, 𝛿∗, 𝜃, and 𝜏𝑤). The transition for XFOIL simulations was 
forced at 𝑥∕𝑐 =0.05. An aerodynamic analysis of the wind turbine was 
performed using blade element momentum theory (BEMT) to obtain the 
angle of attack and apparent velocity distribution, i.e., the sum of the 

Fig. 9. Wind turbine noise prediction and measurements using the proposed 
WPS model.

inflow velocity, rotational velocity, and induced velocity. BEMT calcu

lations were performed using the open source code OpenFast, which 
includes the Prandtl tip and root loss correction factors and the Pitt / 
Peters skewed wake correction model [88].

The operating conditions of the wind turbine are: 17.5 rpm rotational 
speed, 9.5 m/s inflow velocity, and 5° collective pitch angle. The ob

server is located on the ground 100 m downstream of the wind turbine. 
The inner portion of the blade that is composed of cylinders is neglected. 
Table C.13 shows the geometrical characteristics along the blade (air

foil, chord, segment span, and twist angle), and the results from the 
BEMT simulations (angle of attack and apparent velocity). More infor

mation on turbine geometry and operational conditions can be found 
in Christophe et al. [82].

In this final validation, the WPS model is extrapolated to differ

ent airfoil geometries, inflow velocities, and angle of attack. There is 
a good agreement between the predicted noise and the measurements 
(see Fig. 9), mainly in the frequency range where trailing-edge noise is 
more relevant, i.e., 𝑓 >0.7 kHz [85]. The results show once again the 
robustness of the model and its good performance for an extensive range 
of applications.
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5. Conclusions

This paper presents a new empirical model to predict the WPS of 
turbulent boundary layers of mid to high Reynolds numbers under both 
adverse and favorable pressure gradients. The model is derived from ex

perimental measurements of wall-pressure fluctuations on the suction 
and pressure sides of two airfoils across a wide range of inflow veloc

ities and angles of attack. Unlike conventional single-equation models, 
the proposed model divides the WPS into three frequency bands, ac

counting for the physics of the turbulent scales that contribute to wall 
pressure fluctuations in different frequency ranges. Symbolic regression 
is used to derive mathematical expressions for each frequency range, us

ing boundary layer parameters that can be obtained from simple tools 
such as XFOIL (or CFD simulations), thus preserving the simplicity and 
efficiency of single-equation models. The resulting model consists of five 
equations: three for the WPS levels in each frequency range and two for 
the boundary frequencies.

The model is validated against experimental data from the litera

ture that encompass various airfoils, Reynolds numbers, and angles of 
attack. The results demonstrate the good performance of the model un

der a variety of conditions. Slightly reduction in accuracy is observed 
for strong adverse pressure gradients (pre-stall angles of attack), which 
is attributed to XFOIL predictions at high angles of attack. Overall, 
the model exhibits greater robustness compared to widely used semi

empirical and empirical alternatives, since it has the lowest maximum 
and average error and the lowest standard deviation for the validation 
cases. The standard deviation of our model is 7.07, compared to 46.1, 
68.5, and 105.5 observed for other semiempirical methods. Finally, 
the model is challenged to predict full-scale wind turbine trailing-edge 
noise, achieving good agreement (within less than 1 dB) with field mea

surements.

While the proposed model offers clear improvements in simplicity 
and predictive robustness, several limitations warrant further investiga

tion. First, its current formulation relies on XFOIL (or equivalent CFD) 
predictions of boundary layer parameters, which may introduce uncer

tainty under strong separation or three-dimensional flow effects. Sec

ond, model accuracy has not been thoroughly tested in highly unsteady 
or turbulent inflow conditions and may degrade outside the quasi

steady, two-dimensional regimes studied here. Furthermore, empirical 
methods will always be based on the database used. Future work should 
address these limitations to enhance the generality of the model, increas

ing the training data set where large-scale applications are considered, 
unsteady inflow, and experimental measurements of the boundary layer. 
This would allow the incorporation of fast turnaround methods in aero

dynamic noise prediction and control.
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Appendix A. Remote microphone probes calibration

The calibration of the remote microphone probes consisted of ob

taining a transfer function between an ideal microphone that is flushed

mounted with the airfoil surface and the remote microphone probe. For 
that, an in-house calibrator, shown in Fig. A.10 is used. The calibra

tor design is based on that presented by Roger [89]. It is equipped 
with a reference microphone, i.e., a GRAS 40HP, and an FR8 loud

speaker. The noise source was white noise. The calibration was done 
in situ when the airfoils were installed in the wind tunnel and con

sisted of two steps to minimize the influence of the calibrator in the 
calibration procedure [89,90]. The first step consisted in measuring the 
reference microphone (ref) in the calibrator and a microphone flush

mounted (FM), i.e., a GRAS 40HP, simultaneously. This results in the 
transfer function:

TFref ,FM =
Φref ,ref

Φref ,FM
. (A.1)

Then, a transfer function between the reference microphone in the cal

ibrator and the remote microphone probe (RMP), i.e., a Knowles FG 
23329-P07, was obtained:

TFref ,RMP =
Φref ,ref

Φref ,RMP
. (A.2)

The transfer function between the microphone flush-mounted and the 
remote microphone probe is the ratio of the two transfer functions:

|TFFM,rmp|2 = |TFref ,RMP|2|TFref ,FM|2 . (A.3)

In Eqs. (A.1) to (A.3), Φx,x and Φx,y are the auto- and cross-spectrum 
of microphone signals represented by the subindex in the equations. 
The measurements of the RMP were corrected using the final transfer 
function, i.e., Eq. (A.3), to obtain the equivalent spectrum of the WPS 
at the airfoil surface (Φ𝑝𝑝):

Φ=
Φrmp,rmp|𝑇𝐹FM,rmp|2 (A.4)

The coherence between the reference microphone in the calibrator 
and the remote microphone probe was analyzed to ensure that both 
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Fig. A.10. In-house calibrator. 

microphones were in the same acoustic field. Due to contamination in 
the high-frequency range of electronic noise during the calibration, the 
spectrum is analyzed only up to a frequency of 5 kHz.

Appendix B. XFOIL simulations validation

XFOIL simulations were conducted to obtain the boundary layer 
parameters used in the symbolic regression approach to propose the 
model. The validation is performed by comparing the results with mea

surements of the boundary layer and pressure coefficient distribution. 
This appendix addresses the methodology of the measurements of the 
boundary layer and steady surface pressure and the comparison between 
experimental and XFOIL results.

B.1. Boundary layer measurements

Boundary layer measurements were performed at 97% of the air

foil chord on the suction side, using a Dantec Dynamics model 55P15 
single-wire probe of 5 μm diameter and 1.25 mm wire length. The hot 
wire data were acquired with the Dantec StreamLine Pro CTA system 
coupled with a National Instruments 9215 A/D converter. Temperature 
correction was conducted for the measurements, adopting 21 °C as the 
reference temperature. Measurements were acquired during 20 s with 
a sampling frequency of 65536 (216) Hz. An anti-aliasing cutoff filter 
was used at a frequency of 30 kHz. Furthermore, a high-pass filter of 
10 Hz was used during the processing of the data to eliminate the ef

fects related to the flow buffeting instability that is naturally present in 
open wind tunnels in the test section [91]. The probe was mounted in 
a Dantec Dynamics 55H22 probe support installed on a symmetric air

foil, which was fixed in a 3D traverse system, allowing probe translation 
with a resolution of 6.5 μm.

The hot-wire calibration was performed in situ in the close test sec

tion with a Prandtl tube as a reference. The calibration consisted of 32 
velocity points distributed logarithmically ranging from 2.5 to 50 m/s. 
The velocity measurements had a maximum system uncertainty of 5% 
with a confidence interval of 95%. This uncertainty was computed fol

lowing the guidelines provided by Dantec Dynamics, which considers 
calibration equipment, calibration linearization, A/D board resolution, 
probe positioning, and temperature variations.

On average, velocity was measured at 35 locations across the bound

ary layer and five points in the free stream. The distribution of the 
measurements across the boundary layer was logarithmic. The distance 
of the probe to the wall was determined by the contact of a feeler gauge 
to the hot-wire prongs. The gauge accuracy is 0.05 mm. The distance 

from the wall of the first measurement varied from 0.5 mm to 1 mm 
among the configurations.

The experimental boundary layer displacement thickness (𝛿∗) and 
momentum thickness (𝜃) are determined by performing a trapezoidal 
numerical integration of the measured boundary layer velocity profile. 
The boundary layer thickness (𝛿) is determined according to Eq. (3), 
following the same approach as that used in the XFOIL simulations. The 
friction velocity is calculated by fitting the experimental mean velocity 
profile to the Prandtl-von Kármán log-law coupled with Coles’ wake 
law:

𝑈

𝑢𝜏
= 1 

𝜅
log

(
𝑦+

)
+𝐵 +

2Π𝑤

𝜅
sin2

(
𝜋𝑦

2𝛿 

)
. (B.1)

The fitting also determines the wake factor Π𝑤. The parameter 𝜅 de

notes the von Kármán constant, equal to 0.38, B is a level constant equal 
to 5, and 𝑦+ is the non-dimensional distance from the wall, defined as 
𝑦+ = 𝑦𝑢𝜏∕𝜈.

B.2. Steady surface pressure measurements

The anechoic termination of the remote microphone probes located 
along the chord was connected to a NetScanner model 9216 pressure 
scanner to obtain the static pressure on the airfoil surface. Therefore, the 
unsteady and steady surface pressure were measured simultaneously. 
Twenty sensors are located on the suction and pressure sides distributed 
along the chord. Measurements were taken during 30 s with a sampling 
frequency of 300 Hz. The pressure coefficient, 𝐶𝑝, is calculated accord

ing to:

𝐶p =
𝑝− 𝑃∞
1
2𝜌𝑈

2
, (B.2)

where 𝜌 is the air density, and U is the inflow velocity, which is mea

sured by a Prandtl tube located at the end of the close test section.

B.3. XFOIL validation with experimental data

Fig. B.11 shows the comparison of the pressure coefficient (𝐶𝑝) dis

tribution obtained experimentally and with XFOIL for 𝑈=30 m/s at 
different effective angles of attack for both airfoils. A good agreement is 
obtained in all the cases for both, suction and pressure sides. XFOIL cap

tures well the suction peak and the pressure gradient along the chord. A 
small deviation is obtained between 𝑥∕𝑐=0.065 and 0.1 because those 
pressure ports were located right before and after the tripping device, 
which disturbs the mean flow. 

Tables B.5 to B.12 show the comparison between experimental mea

surements and XFOIL simulations of 𝛿∗, and 𝜃 and calculated 𝑢𝜏 and 
𝛿. There is a good agreement between the XFOIL results and the experi

mental data for airfoils and all conditions. XFOIL follows the same trend 
as the experimental results with the velocity and angle of attack, such 
as 𝛿 increasing with the angle of attack and decreasing with the inflow 
velocity, while 𝑢𝜏 decreasing with the angle of attack. The highest er

ror appears for higher angles of attack and lower velocities. However, 
the errors are acceptable considering the many factors that can influ

ence the boundary layer measured, such as the determination of the 
distance from the wall and the tripping device and transition process, 
which are more critical for lower Reynolds numbers. In general, using 
XFOIL to estimate boundary layer parameters is reasonable to propose 
the WPS model, given that it is a common methodology to predict WPS 
and trailing-edge noise [92--94]. 

Appendix C. Wind turbine blade geometry

Table C.13 shows the distribution along the radius (𝑟) of the geomet

rical parameters of the segments of the SWT-2.3-93 wind turbine blade 
for the noise prediction, i.e. airfoil, chord (𝑐), span (𝑏), twist angle (𝛽) 
and the results of the BEMT calculations, i.e., apparent velocity (𝑈app), 
and angle of attack (𝛼). 
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Fig. B.11. Pressure coefficient distribution compared with XFOIL results for several angles of attack. 𝑈 = 30 m/s. 𝑅𝑒 = 600 × 103. 

Table B.5

Comparison between XFOIL and experimental measurements of 𝛿∗
on the suction side for different angles of attack for the NACA 0008 
airfoil. The values between curly brackets correspond to the bound

ary layer parameters for 𝛼eff = {0°, 3°, 5°}.

𝑈 [m/s] 𝛿∗ [mm] 
Exp. XFOIL |Exp.−XFOIL|

Exp. 
10 {1.5, 2.3, 4.0} {1.9, 2.5, 3.3} {26.6%, 8.7%, 17.5%} 
30 {1.1, 1.8, 2.8} {1.4, 1.9, 2.4} {27.7%, 5.5%, 14.3%} 
45 {-, 1.7, 2.5} {-, 1.7, 2.2} {0.5%, 12.0%} 

Table B.6

Comparison between XFOIL and experimental measurements of 𝜃∗
on the suction side for different angles of attack for the NACA 0008 
airfoil. The values between curly brackets correspond to the bound

ary layer parameters for 𝛼eff = {0°, 3°, 5°}.

𝑈 [m/s] 𝜃∗ [mm] 
Exp. XFOIL |Exp.−XFOIL|

Exp. 
10 {1.1, 1.4, 2.1} {1.2, 1.5, 1.9} {9.1%, 7.1%, 9.5%} 
30 {0.8, 1.2, 1.6} {0.9, 1.2 1.5} {12.5%, 0.5%, 6.2%} 
45 {-, 1.1 1.6} {-, 1.1, 1.4} {0.3%, 12.5%} 

Table B.7

Comparison between XFOIL and experimental measurements of 𝑢𝜏 on the 
suction side for different angles of attack for the NACA 0008 airfoil. The val

ues between curly brackets correspond to the boundary layer parameters for 
𝛼eff = {0°, 3°, 5°}.

𝑈 [m/s] 𝑢𝜏 [m/s] 
Exp. XFOIL |Exp.−XFOIL|

Exp. 
10 {0.37, 0.29, 0.17} {0.39, 0.36, 0.33} {-, 5.4%, 24.1%, 9.41%} 
30 {1.08, 0.88, 0.62} {1.1, 1.02, 0.68} {-, 1.9%, 15.9%, 9.7%} 
45 {-, 1.31, 1.34} {-, 1.5, 1.39} {-, 14.5%, 3.7%} 

Table B.8

Comparison between XFOIL and experimental measurements of 𝛿 on the 
suction side for different angles of attack for the NACA 0008 airfoil. The 
values between curly brackets correspond to the boundary layer param

eters for 𝛼eff = {0°, 3°, 5°}.

𝑈 [m/s] 𝛿 [mm] 
Exp. XFOIL |Exp.−XFOIL|

Exp. 
10 {8.9, 11.3, 14.7} {9.2, 11.4, 14.3} {-, 3.3%, 0.9%, 2.7%} 
30 {7.0, 9.3, 12.1} {7.4, 9.1, 11.4} {-, 5.7%, 2.1%, 5.8%} 
45 {-, 9.6, 12.7} {-, 8.4, 10.5} {-, 12.5%, 17.3%} 

Table B.9

Comparison between XFOIL and experimental mea

surements of 𝛿∗ on the suction side for different angles 
of attack for the NACA 63018 airfoil. The values be

tween curly brackets correspond to the boundary layer 
parameters for 𝛼eff = {0°, 3°}.

𝑈 [m/s] 𝛿∗ [mm] 
Exp. XFOIL |Exp.−XFOIL|

Exp. 
10 {3.3, 3.7} {3.4, 4.7} {3.0%, 27.0%} 
30 {2.0, 2.1} {2.5, 3.4} {25.0%, 61.9%} 

Table B.10

Comparison between XFOIL and experimental mea

surements of 𝜃∗ on the suction side for different angles 
of attack for the NACA 63018 airfoil. The values be

tween curly brackets correspond to the boundary layer 
parameters for 𝛼eff = {0°, 3°}.

𝑈 [m/s] 𝜃∗ [mm] 
Exp. XFOIL |Exp.−XFOIL|

Exp. 
10 {1.6, 1.7} {1.8, 2.2} {12.5%, 29.4%} 
30 {1.3, 1.4} {1.5, 1.8} {15.4%, 28.5%} 

Table B.11

Comparison between XFOIL and experimental measure

ments of 𝑢𝜏 on the suction side for different angles of at

tack for the NACA 63018 airfoil. The values between curly 
brackets correspond to the boundary layer parameters for 
𝛼eff = {0°, 3°}.

𝑈 [m/s] 𝑢𝜏 [m/s] 
Exp. XFOIL |Exp.−XFOIL|

Exp. 
10 {0.22, 0.14} {0.28, 0.22} {27.3%, 57.1%} 
30 {0.83, 0.64} {0.81, 0.68} {2.4%, 6.3%} 

Table B.12

Comparison between XFOIL and experimental measure

ments of 𝛿 on the suction side for different angles of at

tack for the NACA 63018 airfoil. The values between curly 
brackets correspond to the boundary layer parameters for 
𝛼eff = {0°, 3°}.

𝑈 [m/s] 𝛿 [mm] 
Exp. XFOIL |Exp.−XFOIL|

Exp. 
10 {10.2, 12.0} {11.3, 15.4} {10.8%, 28.3%} 
30 {8.8, 9.5} {10.5, 12.5} {19.3%, 31.6%} 
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Table C.13

Distribution of the conditions for the WPS prediction of the SWT-2.3-93 wind turbine.

Airfoil 𝑟 [m] 𝛽 [deg.] 𝑐 [m] 𝑏 [m] 𝑈app [m/s] 𝑅𝑒∕106 [-] 𝛼 [°] 
FFA-W3-301 14.2 10 3.4 10.4 26.7 6.1 0.28 
FFA-W3-241 23.4 5.7 2.7 8.1 42.5 7.5 -1.10 
NACA 63-221 30.5 1.2 2.0 6.2 55.0 7.5 0.22 
NACA 63-218 36.0 -0.6 1.6 4.7 64.6 6.7 1.12 
NACA 63-218 40.0 1.4 1.2 3.6 71.9 5.7 1.70 
NACA 63-218 43.3 -1.8 0.9 2.8 77.6 4.7 2.10 
NACA 63-218 45.6 -1.8 0.7 1.8 81.7 3.6 2.20 

Data availability

Data will be made available on request.
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