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Design testing and analysis is a major bottleneck in the design process of wind turbine
applications, mainly due to the computational cost of analysis tools like computational fluid
dynamics (CFD). Furthermore, the accuracy of the state-of-the-art turbulence models is low in
flows with high adverse pressure gradients such as airfoils operating at high angles of attack.
This study aims to develop an aerodynamic analysis framework for wind turbine airfoils with
both improved cost and improved accuracy to use in design applications.

An artificial neural network-based data-driven surrogate model is developed to predict the
aerodynamic performance quantities of lift coefficient, lift-to-drag ratio, and pitching moment
coefficient for wind turbine airfoils. An efficient geometric space exploration strategy is used to
generate a representative database of wind turbine airfoils and their corresponding performance
quantities. The developed surrogate model shows a uniform accuracy across a wide range of
wind turbine airfoil geometries, with an L, error estimates of 0.03 in lift coefficient, 0.4 in lift-

to-drag ratio, and 0.003 in pitching moment coefficient. These errors correspond to less than 2%



magnitudes of the corresponding performance quantities at the design point. With a benefit of
more than six orders of magnitude in computational cost compared to CFD, the surrogate model
has the capabilities to be embedded in uncertainty quantification (UQ) and multidisciplinary
design analysis and optimization (MDAOQO) frameworks.

To reduce the model development cost, various parameter space exploration and reduction
strategies are tested to benchmark the impact of reducing the training data on the accuracy of the
surrogate model. With uniform data puncturing style, the accuracy level of the surrogate model
is maintained even with up to a 50% reduction in the training data.

The propagation of uncertainty from the geometric parameters of the airfoils to the airfoil
performance quantities is quantified using the surrogate model coupled with a Monte-Carlo-based
UQ framework. The performance quantities show an uncertainty of about 3% of their magnitude
for a 5% geometric uncertainty near the operational angle of attack and more than 10% magnitude
of uncertainty near the stall angle of attack.

Secondly, field inversion machine learning (FIML) methodology is applied on multiple
airfoils to arrive at a model consistent correction to the turbulence model for improved airfoil
stall predictions. The corrected turbulence model shows a consistent improvement of the stall lift
predictions with an improvement in stall angle of attack by more than 35% and stall lift coefficient
by more than 40%. Besides the lift coefficient, the corrected turbulence model predicts the surface
pressure and flow separation point more accurately.

A meta-learning model is developed using the corrected turbulence model on the database
of wind turbine airfoils, which is both computationally inexpensive and closer to the experimental
data. The model is integrated with an evolutionary optimization framework and tested on various

airfoil design problems, including airfoil drag minimization by 5% and stall delay by 1°.
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Chapter 1: Introduction and Overview

1.1: Motivation

Design engineering is formally defined as “the series of steps used in creating functional
products and processes”. The series of steps involved in a design process are establishing the
design requirements, defining a design concept, analysis and testing of designs, and refinement
of designs using optimization. Aerospace design engineering involves multiple disciplines of
physics and engineering like aerodynamics, structural mechanics, control systems and often
other disciplines related to the particular design concept. For example, design of wind turbines
essentially involves these disciplines of aerospace engineering, along with the fields of power
generation, climate studies etc. A major bottle-neck of the design process is the analysis of
the design concepts, which usually requires either experiments or mathematical models that can
predict the performance of the designs and aid in the refinement process.

Advancements of modeling and simulation tools have greatly revolutionized the design
analysis process, with no exception to the field of aerodynamics. With the developments in
high performance computing architectures, usage of the simulation tools like computational fluid
dynamics (CFD) has drastically reduced the wind tunnel testing overhead [1,2]. Additionally,
CFD is also used to enhance the understandings of critical flow phenomena that can limit the

performance of aerospace vehicles or components, opening new frontiers in the aerospace design



engineering [3].

Usage of CFD tools to model the aerodynamics of a wind turbine has been applied in many
strategies from the analysis of 2D blades with blade element methods to the simulation of 3D rotor
blades, from design conditions to extreme weather conditions etc [4-8]. Despite the success in
demonstrating the usage of the high-fidelity simulation techniques to model the aerodynamics of
wind turbines, it is impractical to use these tools actively in the design optimization loop due to
their computational costs. Several factors contribute to increasing the cost of analysis step in the

design process, and are discussed in the next section.

1.1.1: Grand Challenges in Aerospace Design Engineering

Design analysis and optimization loop is an exhaustive process involving analysis of a wide
range of designs. The cost of this step in the design process is governed by several factors such as
the expanse of the design space, cost of the analysis tool for each design evaluation, requirements
of multi-disciplinary focus etc. Each of these factors independently affect the overall design
analysis timeline, and are required to be addressed for an efficient, cost-effective and timely

design process.

1.1.1.1: Curse of Dimensionality

“Curse of Dimensionality” in the context of design engineering is associated with the
exploding size of design space due to increasing number of design variables. For example, the
number of variables required to define a wind turbine is greater than that required to define an

airfoil cross section. As a result, the number of wind turbine designs to be analysed becomes far



more greater than the number of airfoil designs.

As the number of design variables or the design complexity increases, the size of the design
space grows exponentially. This makes the design space exploration difficult, often leading to
sub-optimal design decisions.

Design of Experiments (DoE) techniques can be used to efficiently explore the design
space with relatively less number of designs. However, the total number of design evaluations
still increases with the number of design variables, increasing the total cost of the analysis and

optimization loop.

1.1.1.2: Complexity and Fidelity of the Physics Model

A wide variety of analysis tools are used to perform the design analysis steps. In CFD,
these tools range from simple linear models and potential flow solutions codes to high fidelity
scale resolving tools like large-eddy simulation (LES) and direct numerical simulations (DNS).

While high fidelity tools are powerful and accurate models to evaluate the designs, they
are extremely expensive. As a result, usage of high-fidelity tools for optimization significantly
limits the number of designs that can be explored. On the contrary, low fidelity models are
computationally less expensive, and can be used on a large design space.

Often, the design process involves the usage of both low fidelity and high fidelity models at
different stages of the optimization process. Low fidelity tools are used to exhaustively explore
the feasible design space and high fidelity tools are used in a limited region that has higher
probability of containing an optimal design.

While the hybrid approach is efficient, the decision of when to switch the analysis model is



fuzzy and depends on the particular design problem.

1.1.1.3: Multidisciplinary Analysis

Over the recent years, a major shift of focus is seen into multidisciplinary analysis and
optimization (MDAO). Since the design requirements and constraints are governed by multiple
disciplines, separate design analysis of one discipline may result in counter-indicative design
decisions compared to other disciplines. For example, for a wind turbine, aerodynamic analysis
may indicate that power generation efficiency improves with a higher wind speed while the
structural considerations limit the blade loads. Thus, MDAO becomes necessary for almost all
the design problems.

A major problem associated with MDAO is the integration of different analysis tools. The
level of tightness in the coupling of the physics governs the integration process. Further, the
computational complexity of each design evaluation becomes higher due to an integrated cost of

analysis.

1.1.1.4: Uncertainty Quantification

An important aspect of the design process is robustness of the final design, i.e., a robust
design with sub-optimal performance is preferred over a highly uncertain design with better
performance. The uncertainties in the performance are ubiquitous and can occur in various
forms such as variability in design manufacture, operating conditions, model parameters etc. The
analysis tools must account for the propagation of the sources of uncertainty into the performance.

Analysis with uncertainty quantification (UQ) adds more cost to the design evaluation



steps. The cost depends on the uncertainty model incorporated into the analysis toolchain.

Summary of the Grand Challenges

All the grand challenges are qualitatively illustrated together in Figure 1.1. The vertical axis
represents cost of the design evaluation process, and the horizontal axis is the complexity of the
physics model. The three curves denoted as CFD, MDAO and MDAO+UQ correspond to single
discipline analysis, multidisciplinary analysis and multidisciplinary analysis with uncertainty
quantification. Along each curve is the design complexity, defined by the arcs showing an airfoil

and a wind turbine.
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Figure 1.1: Illustration of the grand challenges in aerospace design engineering



In summary, the cost of design analysis and optimization increases with increasing design
complexity or model fidelity. It further increases with multidisciplinary focus or uncertainty

capabilities, and the rate of increase is also higher.

1.1.2: Potential for Machine Learning: ‘“The Big Picture”

Machine learning is a branch of data-driven techniques that can be used to learn from and
make predictions based on data. There has been increased usage of machine learning in the fields
of engineering for predictive modeling of various phenomena of engineering importance.

In the context of the grand challenges, machine learning can be applied to address multiple
challenges by reducing the cost of analysis as well as increasing the fidelity of the physical model.
The potential application of machine learning lies in the usage of limited high fidelity data to build
a accurate and less expensive design analysis model that can further support multidisciplinary
analysis and uncertainty quantification capability.

This task can be broken down into two sub-domains of machine learning, each with its own

techniques to make an overall cost efficient aerodynamic analysis model.

1.1.2.1: Data-driven Surrogate Modeling

High fidelity CFD methods are powerful tools to approximate the flow behavior accurately.
However, from a design point of view, only certain quantities of interest are used to make design
and optimization decisions. The information intensive CFD computations can be replaced with
lower order models that can estimate the quantities of interest. These models only estimate the

quantities of interest and do not compute any additional information, making them cost effective.



Surrogate models are formally defined as cost efficient engineering models that estimate
certain quantities of interest, which are otherwise extremely expensive or difficult to measure or
compute. These models are built based on the data of the quantities of interest rather than on
the physical models. The benefit of using data-driven methods is that the developed surrogate
model is true to the data used for learning, and hence the accuracy of high fidelity models can be
achieved.

Surrogate modeling is extensively used in various engineering applications ranging from
simple empirical relations to modern machine learning architectures.

This sub-domain involves exploring efficient design of experiments strategies and response

surface modeling techniques.

1.1.2.2: Physics-informed Modeling

This is the other end of machine learning applications, where high-fidelity or experimental
data is used to improve the physics model using machine learning. In the case of CFD, all the
RANS turbulence closure models are calibrated using some physics modeling and some empirical
model constants. These constants are determined based on the experimental data available,
which is a conventional learning approach limited by the ease of the human modeler. With the
development of modern machine learning techniques, this process can be used to develop model
consistent improvements that can enhance the quality of CFD predictions.

This sub-domain involves development and formulation of model consistent functional
corrections, techniques on how to use the limited high fidelity data to translate into learnable

functional corrections and feature space engineering.



1.1.2.3: ““The Big Picture”

In summary, the potential for machine learning to address the grand challenges can be

visualized in Figure 1.2.

Data-driven
Surrogate Modeling
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Response surface modeling
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Figure 1.2: Illustration showing the potential for machine learning to address the grand challenges

The main goal of machine learning in this context is to achieve a low cost aerodynamics
solution tool that has accuracy closer to experiments and can be used together with uncertainty
quantification frameworks. This can be achieved by integrating the outcomes of the two sub tasks

of data-driven surrogate modeling and physics-informed modeling.



1.2: Background - Data-driven Surrogate Modeling

Data-driven surrogate modeling is extensively used in a variety of engineering applications
from the simplistic empirical relations to the modern machine learning architectures. Expensive
simulations are replaced with surrogate models for various applications like design optimization,

sensitivity analysis, real-time control, digital twin engineering etc.

1.2.1: Uncertainty Quantification and Sensitivity Analysis

Uncertainty quantification is one of the major application areas of surrogate modeling.
With uncertainties inherently present in the operating conditions and design manufacture for
aerospace applications, various studies have extensively focused on quantifying the sensitivity
of the aerodynamic performance characteristics with uncertainties in various parameters such as
freestream quantities, shapes, component erosions etc.

Lockwood et al. [9, 10] demonstrated the usage of surrogate models for quantifying the
uncertainties of hypersonic viscous flows and compared the sensitivities with gradient based
methods. Usage of surrogate models with Monte-Carlo simulations showed similar predictions
of sensitivity as gradient based estimates, but with significantly lower computational cost. Kwon
[11] developed an uncertainty quantification framework to measure the uncertainty in energy
production of wind turbines due to variability in wind resources using Monte-Carlo simulations
with a surrogate model. Zhang [12] developed a domain segmentation framework based on
uncertainties in surrogate models to characterize the uncertainties in wind farms and improved
the confidence of the developed surrogate models. Atif [13] used a radial basis function network

based surrogate model to quantify the effects of varying freestream turbulence intensity on airfoil



performance. Kinshuk et al. [14] used multifidelity methods to quantify the uncertainty of
windfarms.

DeGennaro et al. [15] and Tabatabaei et al. [16] studied the effects of icing on the airfoil
performance characteristics and the latter quantified the losses in wind turbine performance.
Xiaojing et al. [17, 18] studied the effects of geometric uncertainty on the airfoil performance,
identifying that the uncertainty region moves downstream as the flow changes from subsonic to
transonic. Francesco et al. [19] studied the effects of damages on leading and trailing surfaces of
wind turbine blades on the performance.

The majority of the studies focused on developing a local surrogate model around the
design point of interest and quantified the uncertainties of the respective quantities of interest.
Moin et al. [20] developed a surrogate model for airfoils representing them using control points,
and trained on the data with NACA airfoils. Their model accurately predicted the lift and drag

characteristics of a wide range of airfoils.

1.2.2: Design Optimization

Surrogate models can significantly accelerate the design optimization process by reducing
the computational costs associated with the design analysis phase. Various studies have developed
surrogate models to perform aerodynamic design optimizations.

Mack [21] developed a framework for surrogate based design optimization as one of the
primary proof of concepts in aerospace design engineering and validated the framework for
single objective and multi-objective optimizations. Aircraft design engineeering was pioneered

by Alonso in several of his works [22-25], with the latest works focusing on a reliable design
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process using surrogate models. Hu et al. [26] performed reliability based optimization of wind
turbine blades under uncertain dynamic wind loads and designed a SMW wind turbine blade
with target probability of failure of 2.275%. Lin et al. [27] developed a multi-fidelity surrogate
modeling based optimization framework and showed the approach to be more efficient and robust
than one shot sampling methods for design optimization problems.

In summary, various studies used a wide variety of surrogate modeling techniques from
simple response surface models to modern machine learning architectures for design applications,

from airfoil shape optimization to multi-objective multi-component designs.

1.2.3: Real-time Control

Another major application that requires a push-button model computation is real-time
control and simulation. These applications require very simplistic surrogate models to assist
the need for extremely low computational cost. Real-time control is applied in multiple scenarios
that require quick decisions such as gust response control, aircraft traffic control etc.

Matsuno [28] developed a near-optimal control strategy to mitigate aircraft traffic conflict
using polynomial chaos kriging based surrogate modeling. This is a relatively new surrogate
modeling technique that uses non-intrusive polynomial chaos expansion methods together with
surrogate modeling. Bird et al. [29] used dimensionality reduction based surrogate models for
compressor flows. The dimensionality reduction techniques aided in achieving very simple
architectures for the surrogate model.

Techniques applied in surrogates for real-time control achieve the least model complexity

and can be used to significantly lower the computational cost of the design process.
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1.2.4: Digital Twin Engineering

Digital twin engineering is a technique to create a digital replica of a physical system or
process. It can be considered a bi-directional learning where the digital model actively learns
about the state of the physical system and adjusts the model, as well as the physical system is
optimized using the predictions of the digital twin. This has major applications in life-cycle
engineering.

Kraft [30] developed a digital twin for life cycle integration where the techniques to combine
experimental data with computational tools are investigated. Renganathan [31] developed a
data fusion strategy to extract more information from different aerodynamic datasets generated
using different types of computational or experimental methods. Bayesian frameworks are used
to maximize the likelihood of the true data from the fusion of the data components. Berri
[32] used surrogate models combined with real-time health monitoring of aerospace systems
to dynamically adapt the fault propagation models.

Techniques applied in digital twin engineering can be used in conjunction with the surrogate

model for active design optimization or life cycle assessment.

1.2.5: Takeaways

Several literature sources employing surrogate models for a variety of applications are
studied. While each of the studies achieved computational benefits from using the surrogate
models, efforts to develop global surrogate models that can act as a general aerodynamics solution
suffered from low accuracies compared to their true model counterparts.

Efficient design space exploration strategies together with modern machine learning methods
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has the potential to overcome this drawback, and can aid in the development of a general aerodynamics
solution for wind turbine design components. As a proof of concept, the objective of this study
is to develop a fast surrogate model to predict the aerodynamic performance quantities of general

wind turbine airfoils.

1.3: Background - Physics-informed Modeling

Physics-informed modeling techniques are a class of methods that use physics based models
and high-fidelity data to enhance the model by recalibration. These techniques are extremely
useful in case of certain physical models with inherent empiricism. For example, Reynolds
Averaged Navier-Stokes (RANS) equations require turbulence closure models, which must contain
data-driven models to account for unresolved length and time scales. All the turbulence closure
models fall into the category of physics informed modeling, since the data is governed by an
underlying physical model and calibrated with experimental data.

Spalart and Allmaras [33, 34] developed a one equation model for aerodynamic flows at
high Reynolds numbers, and calibrated with flows over airfoils. Lohse and Axel [35] developed
anisotropy corrections for the turbulence models. These methods are data-driven, but do not

employ modern machine learning techniques for calibration of the models.

1.3.1: Machine Learning based improvements in Turbulence Models

With the developments of applied machine learning in engineering disciplines, a lot of
studies focused on predictive modeling for turbulent flows. Cheung [36] developed a Bayesian

uncertainty analysis framework and applied it to turbulence modeling. This was the first study on
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exploring model inadequacy in turbulence with machine learning techniques. A new methodology
of field inversion machine learning (FIML) was developed and pioneered by Duraisamy et al.
[37-39]. Different forms of model correction are applied to SA model, SST model and achieved
improved predictions for flows over airfoils and in channels. Holland et al. [40,41] improved the
FIML approach to embed neural networks directly into the inversion approach. The methodology

1s tested on S809 airfoil and validated with S809 and S814 airfoils.

1.3.2: Takeaways

All the data-driven machine leraning based turbulence model improvements show a consistent
improvement in the predictions for flows similar to the training data. However, they worsen the
accuracies for different types of flows [42].

State-of-the-art turbulence models perform poorly for flows over airfoils at high angles of
attack. Exclusive improvements to the turbulence model can be trained to enhance these flow
predictions using the FIML methodology. The objective of this study is to develop a FIML based

correction trained on the flows over airfoils with adverse pressure gradient and flow separation.

1.4: Objectives

The main objective of this study is to develop a computationally inexpensive aerodynamic
solution tool to predict the performance characteristics of wind turbine airfoils, with improved

predictions near stall. This objective can be broken down into three tasks as listed below.

(I) Develop a robust and cost-efficient surrogate modeling framework for wind turbine airfoils.

(IT) Use physics-informed modeling techniques to achieve consistent improvements in CFD
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predictions for airfoils at high angles of attack.

(IIT) Integrate the surrogate modeling framework with improved physics model to arrive at a
“Meta-learnt” data-driven physics-informed surrogate model applicable for wind turbine

airfoil design problems.

For task (I), efficient low-cost design space exploration strategies must be explored to
generate a representative database of wind turbine airfoil geometries. The surrogate model must
be able to accurately replicate the CFD results for a wide domain of wind turbine airfoils.

For task (II), the field-inversion machine learning methodology should be implemented for
a model consistent correction of baseline turbulence model. The one equation Spalart-Allmaras
(SA) model is used as the baseline turbulence model for this study. Robust learning methods
must be used to achieve a minimal bias of the correction towards training data, so that the model
can be generalizable to the best possible range of flow scenarios.

For task (III), the developments in both tasks (I) and (II) must be integrated to develop a
“Meta-learnt” surrogate model that is both cost efficient and with predictions reliably closer to
the experimental data. The developed surrogate must be tested for compatibility with a design

optimization framework.

1.5: Organization of the Dissertation

(1) Chapter 1 discusses the motivation for this study, a literature review, and the research

objective of the present work.

(2) Chapter 2 presents a detailed account of the development of a surrogate model to predict
the airfoil aerodynamic performance quantities for wind turbine airfoils. The sequential
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3)

“4)

®)

(6)

(7)

process of design space exploration, data generation, machine learning model, training and

validation are systematically explained.

Chapter 3 explores data puncturing strategy, and investigates the effect of reducing the
amount of training data on the accuracy and performance of the surrogate model. Different
styles of data puncturing are discussed and modifications to the training process to accommodate

the punctured datasets are developed and presented in this chapter.

Chapter 4 discusses the quantification of uncertainty using the develped surrogate model.
The propagation of uncertainty into the performance quantities is investigated for uncertainties

in airfoil geometries.

Chapter 5 discusses the field inversion machine learning approach applied to wind turbine
airfoils at high angles of attack. A consistent improvement in the prediction of the stall
angle of attack and stall lift coefficient is achieved and compared to the baseline SA

turbulence model.

Chapter 6 contains the details on the development of a combined surrogate model that uses
the surrogate modeling techniques from Chapters 2 and 3 and combines with the improved
physics model in Chapter 5. The developed model is integrated with a design optimization

framework and tested on sevaral design problems.

The final chapter presents the overall summary of the present work and the key conclusions

obtained, with some recommendations for future extensions.
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Chapter 2: Surrogate Model for Airfoil Aerodynamics

The state-of-the-practice wind turbine blade design process involves designing the blade
using pre-selected airfoil shapes, with Blade Element Momentum theory, to predict the generated
power and blade loads under steady-state conditions [43]. Results from the studies of Barrett and
Ning [44] show as much as 6.7% increase in energy production of the wind turbines if the design
process involved optimization of airfoil shapes together with blade profile. While aerodynamic
design optimization can be performed using adjoint methods with RANS based CFD solvers [45],
the explosion of the computational cost of these high-fidelity methods creates a bottle-neck to the
design process. Data-driven surrogate modeling offers a cost-efficient alternative to address this
problem, without largely compromising on the accuracy of the estimates of the performance
quantities of interest. This chapter discusses the various steps involved in the development of
a surrogate model to predict the aerodynamic performance measures of airfoils. This surrogate
model can be used together with blade analysis tools for the optimization of the wind turbine

blade.

2.1: Description of the Problem

All wind turbine blades are made up of airfoils sections, which are lofted along its elastic

axis. Thus, the main aerodynamic performance measures that drive the design process include the
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performance indicators of these two dimensional airfoil aerodynamics and the three dimensional
effects of axial induction, swirl and other nonlinear effects. The surrogate model for airfoil
aerodynamics should predict these airfoil performance indicators for a given input of airfoil
geometry. The relevant performance indicators are the static aerodynamic loads. The conventional
non-dimensional indicators of these loads are the lift coefficient (¢;), the drag coefficient (¢,;) and
the pitching moment coefficient (c,,). Aerodynamic efficiency or the lift-to-drag ratio (L/D) is
defined as the ratio of the lift and drag coefficients, and is an important parameter in wind turbine
design and operation to achieve maximum power with minimum blade loads from thrust [46].
Moreover, from the perspectives of uncertainty, off-design and multi-point optimization, these
performance quantities become important for a range of incident angles of attack and Reynolds
numbers. Thus, the surrogate model should predict the performance quantities (lift coefficient,
lift-to-drag ratio and pitching moment coefficient) for a given geometry of the airfoil for a range

of angles of attack and Reynolds numbers.

2.1.1: Mathematical Representation

The surrogate model falls under the class of predictive modeling in supervised machine
learning theory. A modern definition of machine learning is given by Tom Mitchell [47] which
states “A computer program is said to learn from experience £ with respect to some class of tasks
T and performance measure P, if its performance at tasks in 7', as measured by P, improves with
experience £.” In the current context of the surrogate model for airfoil aerodynamics, the task 7'
is to learn a functional mapping from the airfoil geometries to the aerodynamic performance

quantities. The experience £ corresponds to the available and known data of aerodynamic
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performance quantities for a representative population of airfoil geometries. The performance
measure P should quantify the extent of the accuracy of the surrogate model compared to the
known true data.

The framework describing the learning process for the surrogate model development is
shown in Figure 2.1. The task 7" component of the framework is fixed and the hypothesis,
experience and learning algorithm components can be suitably designed to cater the needs of the
modeler. The efficiency and accuracy of the developed surrogate model depends on the design

and choice of each of these components.

Description

X' : Set of airfoil geometries

Y : Set of aerodynamic performance quantities

Task T f : Functional map from X to
Learn f: X — ) x : Sample airfoil geometry
y : Corresponding performance quantities
f : Surrogate functional map
L 4 w : Tunable parameters

W : Set of tunable parameters

Experience E/

Nepe—

(z,y) EX x Y l
Learning Algorithm Final Hypothesis
Optimize P by tuning w fr~f

Hypothesis H ] T
J

y=flz,whweW

Figure 2.1: The framework of the learning process for the development of the surrogate model

The experience block £ deals with obtaining the appropriate instances of airfoil geometries
(z) and their corresponding performance quantities (y) that collectively represent the space

of wind turbine airfoils (X) and the aerodynamic performance quantities ()/). This involves
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efficient design of experiments (DoE) techniques and true aerodynamic data generation using
high-fidelity methods like CFD.

The hypothesis block H involves design of suitable learning models or architectures ( f )
that contain an approximation of the true functional map between X and ). This is usually tuned
by a set of hyperparameters that define the learning model or architecture.

The learning algorithm uses the data from £ and obtains an optimal function that satisfies
H, where the optimality is defined by a performance measure P defined on E that quantifies the
accuracy of the surrogate model.

Mathematically, the entire learning framework can be represented using Equation 2.1,
where f is the true functional relation between the airfoil geometries and their corresponding

aerodynamic performance quantities and f* is the learnt surrogate model that approximates f

with optimal performance measure.

fr= argmin {PE (y — f(m))} 2.1

feH
2.2: Generation of a Wind-Turbine Airfoil Database

This section gives a detailed account of the steps involved in generating a representative
database of wind turbine airfoil geometries and their corresponding aerodynamic performance
quantities. Firstly, each airfoil geometry is defined using a set of geometry parameters and then
a design of experiments is performed on this parametric space of airfoils. CFD is performed on

these airfoil geometries to arrive at the corresponding aerodynamic performance quantities.
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2.2.1: Airfoil Geometry Parametrization

Airfoil parametrization is required to reduce the number of degrees of freedom to represent
the geometries while simultaneously representing the range of airfoil geometries that define the
cross sections of wind turbine blades. This becomes important to reduce the impact of “curse of
dimensionality” for increasing number of degrees of freedom.

Early methods of airfoil geometry parametrization involved representing the geometries by
leading edge radius, maximum camber and maximum thickness and their corresponding chord-
wise locations. While these parameters represent a wide range of subsonic airfoil geometries,
they restrict the camber and thickness profiles to very few degrees of freedom. Additional
notations mentioning different characteristics such as reflex camber are introduced.

Other class of parametrization methods use control points to represent airfoil surface using
blending functions such as B-spline, Bezier curves. These methods pose difficulty in obtaining
and modifying the control points as they can be out of the airfoil surface. Hicks and Henne
[48] used local analytic functionals to represent deformations and shape variations from baseline
airfoils. While these functionals are extremely powerful in representing the airfoils accurately,
they are localized to a baseline geometry and cannot be used for a global parametrization of the
geometric space. PARSEC method by Sobieczky [49] uses 11 variables such as leading edge
radius, upper and lower crest curvatures and their locations, trailing edge thickness, direction
angle and offset. This method provides a refinement of the early variables of importance, but
however doesn’t accurately represent complex distributions of thickness and camber.

Class function - Shape function Transformation (CST) by Kulfan [50] is a parametrization

method to represent a wide variety of aerospace geometries ranging from airfoils to fuselages.
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Class function determines the class of geometries for which the parametrization is used. When
applied to wind turbine airfoils, both the top and bottom surface of the airfoil are expressed as
a combination of class function and shape function. The mathematical representation of the top
and bottom surface of the airfoil shape is given in terms of the normalized surface coordinate ()

and chord-wise coordinate (¢/) in Equations 2.2 - 2.5.

C(Y) = C]J\\,[; (¥)S (W) + ¥ir (Class — Shape function) (2.2)

CH W) = M (1 — )™ (Class function) (2.3)

S(W) =Y ASk (Shape function) (2.4)
k=0

Sp(¥) = "Crp® (1 — )" * (Bernstein polynomials of order n) (2.5)

The class function is frozen for all airfoils and represents the characteristic of rounded
leading edge and sharp trailing edge by using N; = 0.5 and N, = 1. An additional term to
account for finite trailing edge thickness is introduced using (7. The shape function is allowed
to be from the space of 8" degree polynomials, to allow for larger gradients of the thick wind
turbine airfoils.

In the original CST method, the shape function is further represented as a combination
of Bernstein polynomials in Equation 2.5, where the coefficients of these shapes are the design
variables. This parametrization becomes ill-conditioned with higher order of polynomials, i.e.,
two largely different airfoils in the parametric space approximately give the same airfoil in
physical space. To address this problem, throughout this study, the basis polynomials are replaced

with Chebyshev polynomials (Equation 2.6), with an affine-transformation of the domain to [0, 1],
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to allow for well-behaved parametrization of the geometries (Refer Appendix A).

Sk(1) = cos(k arccos(2¢) — 1)) (Chebyshev polynomial of order k) (2.6)

The total number of design variables in this parametrization is 20, viz., 9 coefficients of
Chebyshev polynomials each for the upper and lower surfaces, and 1 variable each to define the
trailing edge parameter for upper and lower surfaces. Figure 2.2 shows the first 5 class-shape
functions for the airfoils and the accuracy of the parametrization compared to the true airfoil

surface for DU93-W-210 airfoil using 8" order polynomial shape functions.

CST class shapes

Chebyshev polynomials DU93-W-210 Airfoil
[4"‘ order) 8 order CST fit

0.5 0.2
0.1
0

L + Airfoil surface

——CST fit

-0.5 -0.2

0 0.5 1 0 0.5 1

Figure 2.2: Airfoil representation using CST with Chebyshev polynomials. Left: First 5 class-
shape functions, Right: Parametrization of DU93-W-210 airfoil using 8" order polynomial shape
function

2.2.2: Design Space Exploration

To generate a representative database of wind turbine airfoils, various existing wind turbine

designs are surveyed and airfoil geometries defining the NREL-5SMW [51], DTU-10MW [52],
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and IEA-15MW [53] wind turbines are chosen. Figure 2.3 shows the variation of local relative
thickness (thickness-to-chord ratio) of the airfoil cross-sections along the blade span for the three

reference turbines.
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Figure 2.3: Variation of airfoil cross-section thickness-to-chord ratio for the reference turbines

2.2.2.1: DU and NACA Airfoils

The NREL-5MW reference turbine blade is defined using airfoils from DU series and
NACA series. 5 different airfoils defining the turbine blade, ranging from 17% thickness to
35% thickness are chosen as a representative baseline set of wind turbine airfoils. Figure 2.4
shows the 5 baseline airfoils profiles from the NREL-5MW blade, and their thicknesses are given

in Table 2.1.
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Table 2.1: List of airfoils from NREL-5MW blade

Airfoil t/c Notes

DU99-W-350  35%  DU35.A17
DU97-W-300  30%  DU30.A17
DU91-W2-250 25%  DU25_A17
DU93-W-210 21%  DU21_A17
NACA64-618  18% NACA64_Al17

2.2.2.2: FFA Airfoils

The DTU-10MW and IEA-15MW reference turbine blades are defined using airfoils from
FFA series. 4 different airfoils defining the turbine blade, ranging from 21% thickness to 36%
thickness are chosen as a representative baseline set of wind turbine airfoils. Along with these,
2 cross-sections in the intermediate thickness regions are extracted and shown in Table 2.2 as
blended airfoils. Additionally, the inboard airfoil profile with Gurney flap is also added to the
list. Figure 2.5 shows the 7 baseline airfoils profiles chosen from the family of FFA airfoils, and

their thicknesses are given in Table 2.2.

Table 2.2: List of airfoils from DTU-10MW and IEA-15MW blade

Airfoil t/c Notes

FFA-W3-360 36%

FFA-W3-301 30%

FFA-W3-241 24%

FFA-W3-211 21%

FFA-W3-360-GF 36% FFA-W3-360 airfoil with Gurney flap
FFA-W3-330 33% Blended airfoil
FFA-W3-270 27% Blended airfoil
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Figure 2.4: 5 baseline airfoil profiles from Figure 2.5: 7 baseline airfoil profiles from
NREL-5MW turbine DTU-10MW and IEA-15MW turbines

2.2.2.3: Design of Experiments

To explore the design space of airfoils, new airfoil geometries are generated by perturbing
the design parameters of each baseline airfoil upto 20% of their magnitudes. Latin hypercube
sampling is used to appropriately choose a subset of 80 airfoil geometries around each baseline
airfoil, by also maximising the distance among the perturbations around all 12 airfoils. This was
done to ensure exploring a larger space of wind turbine airfoils, generating 972 unique airfoil
shapes in the database. Figure 2.6 shows the magnitudes of the pairwise sample correlation
coefficient matrix for the design variables for the baseline set of airfoils and the entire database
of 972 airfoils. While the correlations of the variables corresponding to the upper surface are
high for the entire database, this is a result of the correlated variables defining the geometries of
the baseline airfoils, hence making a representative database of wind turbine airfoils.

Figure 2.7 shows the perturbation geometries around FFA-W3-241 airfoil and Figure 2.8
shows the range of the airfoil geometries used in this study. This database covers a large range of

airfoils spanning from 15% thick airfoils to 40% thick airfoils.
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Pair-wise Correlation between the Design Variables

' ST RO T NS I e T R B S

3

T

@[@[e[e[e]:[=]o]] @ @[@[e]e[e]:[c]o]s] @

@0e@ (oo o|-[o|Be @ele [+« ]e|:-[o|@®

Be|s]e|s[s]e|a]-[a]@s #e|n] [ele]a]-[ol@s

OOR0ROO0O000 @ -|e|-[se|oe|o@

|9 0leeele]-e[s]ele[e] o8- o -[o]+][o]e]o]:[a]@+

Vi |S0eee|-|e[e/e]o|-[o]@ e|c|e| [e|e|o|e|o|®

L’:%..'I-.!. olgi oe|e[:|els]e .Igi

Vi [@@ee]e][e[e o]+ ]alBe @e|n-|e|e|o|e|a|B@e

Vo [@@[e]e] |- |e|-|*|®® olele| [<[-[o[ [+]0]®

Via !.I.' ole|e|s|o|a@ Via !.. +|els]e]s]|o]0)@

Vi “.l." 2RR00 "II“..*""I..

Via qé;...llgg Via !'9;. olelojal®

Vis o898 0= 13 slofe|e|e]s]a

V. | @0|8ieee]- Vi (@] |8|e|e]e]-

B 10000 5 00000

Vig 8| e Vig il.‘ 98|

L|| .I'. - 1"-|; E&I;. -

Vis |@®]*] Vis |@]®] %]

Baseline Airfoils le_ i All Perturbations ""mr i
g a0

Figure 2.6: Correlation coefficient between design variables in the airfoil database - size of the
marker represents the magnitude
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Figure 2.7: 80 perturbation geometries around Figure 2.8: Range of perturbation geometries
FFA-W3-241 airfoil around all baseline airfoils
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2.2.3: Generation of Performance Data

The quality of a surrogate model as an analysis tool is directly dependent on the quality of
its training data. Thus, the true performance quantities of each of the airfoils in the database are

estimated using high-fidelity methods like CFD.

2.2.3.1: Test Matrix of Freestream Parameters

Figure 2.9 shows the variation of the local chord based Reynolds number and angle of
attack along the blade span for the reference wind turbines. The effective angle of attack profiles
are obtained using blade element momentum theory computations for wind turbine blades, with

axial and tangential flow induction, and Glauret correction [54].
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Figure 2.9: Distribution of local chord based Reynolds number (left) and local angle of attack
(right) along the blade span for the reference wind turbines

Based on the reference values and the general operational range of wind turbines, the
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relevant range of Reynolds numbers (Re) and angles of attack («) for generating the training

data are chosen to be Re € {3M, 6M, 9M, 12M} and —4° < o < 20°.

2.2.3.2: Description of the CFD Solver

To obtain the performance profiles of the database of airfoils, an in-house solver HAM2D is
used to perform CFD simulations. This solver is built on a Hamiltonian path based flow solution

methodology [55] for fully quadrilateral unstructured grids.

Governing Equations

Navier-Stokes Equations

The governing conservation laws of mass, momentum and energy for a continuum fluid are
collectively known as the Navier-Stokes equations. These equations describe the general physical
behavior of fluids. In their conservation form, these equations are shown in Equations 2.7-2.9,
where the variables p, pii, pE correspond to the mass, momentum and total energy of the fluid in
a unit volume respectively, p, T' correspond to the static pressure and static temperature, 7 is the

viscous stress vector.

%(p) +V - (pu) =0 (Mass Conservation) (2.7)
%(pﬁ) +V - (pu @ 1) =—Vp+V.-71 (Momentum Conservation) (2.8)
%(pE) +V - ((pE +p)it) =kV?T+V-(7-1) (Energy Conservation) (2.9)
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The viscous stress is formulated based on Stokes’ hypothesis and shown in Einstein’s

indicial notation in Equation 2.10, with the molecular viscosity of the fluid as .

B Ou;  Ou; 2 Ouy,

No general analytical solution is found for these equations, and numerical methods are in

practice to understand the physical behavior of fluids.

Reynolds-Averaged Navier-Stokes (RANS) Equations

Numerical simulation of the time dependent Navier-Stokes equations is called as Direct
Numerical Simulation (DNS), and requires exorbitant computational power to resolve the physics
of turbulent flow across various length and time scales. The Reynolds-Averaged Navier-Stokes
(RANS) equations offer a practical reduction of the computational effort, by resolving only
statistically steady flow features. In this approach, flow variables are decomposed into mean
and fluctuation components, and the flow equations describing the time averaged mean flow
quantities are obtained. Most of the fluctuation terms get nullified due to the time averaging.
However, the cross correlation terms of the fluctuation quantities do not average to zero. These
terms contain the information of the statistics of flow behavior in the unresolved scales, and act
in the momentum and energy equations. The additional term in the momentum equation is called
the Reynold’s stress tensor, given by Equation 2.11, with f describing the mean quantity and f

describing the fluctuation of f.

(ng>Turb = _p<u;u;> (211)
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The additional terms involved in the energy equation are ignored for this study, as all

scenarios considered will not have any heat transfer in them.

Spalart-Allmaras (SA) Turbulence Closure Model

While the RANS equations provide a computationally cheaper description of the fluid
behavior, additional assumptions are required to compute the extra terms (Reynolds stress). This
is called the turbulence closure problem. Boussinesq hypothesized that the momentum transfer
caused by the turbulent eddies can be modeled with eddy viscosity (1), which forms the basis
for various turbulence closure models, and is given in Equation 2.12, with k corresponding to the

turbulent kinetic energy.

- 10q 2
(Tij) Turb = 24t (Si‘ — gﬁ_m’z(sij) - §ﬁk5ij (2.12)

The closure model for eddy viscosity is given in the form of a one equation turbulence
model by Spalart and Allmaras [33]. The model describes the transport of eddy viscosity through
a working variable 7 as in Equation 2.13. The model has several empirical constants, and is
calibrated with wall-bounded flows and maintaining consistency with the generalized law of the
wall. The terms P, D, I/ correspond to the production, destruction and dissipation of the eddy
viscosity variable.

Dv

o = P0.U) = D(5,U) + E(#,U) (2.13)
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Numerical Algorithm

The HAM2D flow solver uses a fifth-order WENO scheme for spatial reconstruction, with
Roe’s Riemann solver for inviscid flux, second-order central differencing for viscous flux, and
GMRES with preconditioning for implicit time integration. HAM2D is extensively tested and
validated with various wind turbine airfoil data available in the literature [56].

The computational grid generation for each airfoil is automated [57] to generate a pure
quadrilateral mesh system, with 400 points on the airfoil surface in the wrap-around direction
and an initial wall-normal spacing of y*© = 1. The outer boundary is 300 chord lengths away
from the airfoil with a far-field boundary condition. Figure 2.10 shows the grid around a DU21

airfoil generated using the automatic meshing framework.
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Figure 2.10: Spatial discretization for the field around DU21 airfoil: zoomed view near the
surface (left) and zoomed view at the trailing edge (right)
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2.2.3.3: Database of Performance Quantities

The solver is used to simulate the flow around the airfoil geometries for four different
Reynolds numbers viz., {3,6,9,12} x 10° and 25 different angles of attack, equally spaced
between —4° and 20°. A total of 3888 airfoil performance profiles formed the database of training
and validation data for the surrogate model.

Figure 2.11 shows the range of the lift, pitching moment coefficients and lift-to-drag ratio of
all the airfoils in the database. Both the geometries and the performance parameters span a large

range, indicating the representativeness of the database for the purpose of surrogate modeling.
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Figure 2.11: Range of the data from the CFD solutions - left: lift coefficient, center: lift-to-drag

ratio, right: pitching moment coefficient

2.3: Training the Surrogate Model

This section describes different aspects of training the surrogate model using the geometry
and aerodynamic quantities in the database. Firstly, the machine learning model is described,

followed by the training method and hyperparameter tuning.
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2.3.1: Machine Learning Model and Architecture

The main idea of a surrogate model is to predict the airfoil performance characteristics
for a given geometry, without having to perform a computationally expensive CFD calculation.
Artificial neural networks (ANNSs) are a class of machine learning architectures that have robust
non-linear function approximation capabilities. While other architectures such as SVM, Gaussian
processes etc. also have strong modeling capabilities, the scope of this dissertation does not
investigate the effect of these models on the wind turbine data.

Figure 2.12 shows the schematic of the surrogate model with the artificial neural network.
Here, the surrogate model must predict entire performance quantity distribution (at multiple
angles of attack). The choice of the architecture is made to ensure that the inputs and outputs
correspond to the parametrization and aerodynamic polars respectively.

The sequence of computations can be broken down into three broad steps as shown in
Figure 2.12 and represented mathematically in Equations 2.14 - 2.16 respectively. Marepally et
al. [58] demonstrate an improved accuracy of the surrogate models with very simple architectures
by using orthogonal input features using Proper Orthogonal Decomposition (POD). The first step
in the surrogate model is the input processing step to ensure the representation in an orthogonal
basis. Similar accuracy is achived using Chebyshev polynomials, indicating and reaffirming the
need for well-conditioned parametrization of the geometries.

The second step contains the neural network computations, where the outputs are calculated
through a sequence of computations propagating across hidden layers of neurons. Nonlinearity
is introduced in the model through the use of activation functions at each layer. For the surrogate

model studied in this work, the architecture consists of two hidden layers with hyperbolic tangent
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(Scaling and Orthogonal Transform)

(Artificial Neural Network)

(Scaling and Natural Transform)

Figure 2.12: Schematic of surrogate model describing the sequence of computations and data
flow
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activation function in each layer. The outputs from this step are scaled and transformed values of
the performance parameters. The surrogate model is adjusted by changing the free parameters w
and b which represent the neural network weights and bias values.

The final step transforms the outputs of the neural network into aerodynamics performance
polars. This computation is similar to the inverse of the first step, but performed on the output
quantities, i.e., the output performance polars can be represented as a combination of certain
general mode functions and the output of the neural network in the second step is the coefficient
vector of the airfoil performance represented in this transformed space of mode functions. The
added advantage of using such a transformation is that the modes can be chosen as continuous
functions and the performance polar information is now available at any angle of attack in the
range. In this study, the transformation function and mode shapes for the output performance

polars are obtained using POD of the output polars of the baseline airfoil set.

X = T));( (X) (Scaling and Orthogonal transform) (2.14)
Y = g(X,w,b) (Neural network computations) (2.15)
Y = T}},/ (V) (Scaling and Natural transform) (2.16)

2.3.2: Training Algorithm

2.3.2.1: Performance Measure (Training Objective)

The surrogate model is developed to predict the aerodynamic performance quantities of

any new wind turbine airfoil geometry. Hence, the measure of performance should quantify the
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accuracy in predictive modeling. Standard machine learning practice is to hold-out some data for
validation and the performance is measured on the hold-out data.

The accuracy can be measured using normalized square of the L, norm of the error (mean
square error - MSE) between true data and the predicted aerodynamic quantities for the validation
set of geometries. However, this gives large contribution to outliers and the model tries to
compensate by lowering the errors due to outliers with better performing points. Another measure
is the normalized L; norm of the error (mean absolute error - MAE). While this relatively
eases on the outliers, the measure is non-differentiable and could cause delayed convergence.
A combination of these two measures is the Huber loss defined by Equation 2.17, where the error
behaves as MSE at low values and as MAE at high values. A comparison of the Huber loss

function with MSE and MAE can be seen in Figure 2.13.

Ls(e) = 1 2.17)
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Figure 2.13: Comparision of Huber loss function with MSE and MAE
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2.3.2.2: Training

Gradient based optimization techniques are used to optimize the free parameters (weights
and bias values) of the neural network. The gradient of the performance measure is computed
using backpropagation algorithm, gradient descent (Equation 2.18 is used to update the weights

and bias of the neural network.

WD — wj(j+l) B )\Vj<P(X7 Y)) (2.18)

J

Here, P(X,Y) is a representative performance measure of the surrogate model. P can
be computed on the entire dataset or representative subsets of the dataset to reduce the cost of
computation. In stochastic gradient descent, for each iteration, the gradient is computed on the
performance measure on a randomly chosen data point from (X, Y") and is used as an estimate
of the true gradient in Equation 2.18. A good compromise between the cost and accuracy of the
gradient is to perform mini-batch stochastic gradient descent, where the gradient is computed on

a randomly chosen subset of (X,Y).

2.3.2.3: Cross-Validation

In order to test the predictive modeling of the surrogate model, i.e., testing the model
performance on unseen data, a standard practice is to hold out parts of the dataset from training
and test on the held out data. This process is called cross-validation.

Different variants of cross-validation are used for standard machine learning problems. A

basic variant of cross-validation is to split the data into training (X, Y;) and validation (X.., Yi)
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subsets, and validate the model performance on X,,. For this variant, the performance measure
becomes a representative estimate only if the size of the datasets is very large.

Another variant of cross validation is called k-fold cross-validation. Here, data is divided
into k partitions (folds) after randomly shuffling the dataset. Performance is measured by making
each group as validation subset and the rest of the groups as training subset. The validation error
estimate is given as the mean of the individual estimates. Algorithm 1 shows the sequence of
steps involved in k-fold cross validation. The inner loop corresponds to the test-train split cross

validation. A standard practice in the machine learning community is to use £ = 5 or 10.

Algorithm 1 k-fold Cross-Validation Algorithm

1: procedure k-FOLD-CV(X,Y) > Model training and cross validation with datasets X, Y’
k
2: Partition (randomly) the datasets (X, Y) into k-folds, (X,Y) = U<X1 :Y:)

=1

3: for:=1,2,..., kdo

4: (Xiw, Yau) = (X3, Y)) > Validation subset
5: (X, Y)=(X-X,)Y -Y)) > Training subset
6: Train the model on (X, Y,)

7: Compute the performance P; on (X.., Yi«) > P; is an error norm
8: end for

k
1
9: Perf f th del P = — P,
erformance of the mode ? ;
10: end procedure

An extension of k-fold cross validation is a repeated k-fold variant, where the k-fold cross
validation is repeated on the dataset by reshuffling it. The performance measure in this variant is
the average of the k-fold performances on the repititions. An illustration showing the comparison
of the validation data in these three approaches can be seen in Figure 2.14.

A major benefit of performing cross-validation is that it ensures good predictive modeling

and no overfitting of the data.

39



| <
H
-

| [ v T s
N | ................ - ...... V |
| 1 v . B — |
S2
[ . N v |
Test-Train Split k-fold Repeated k-fold

Figure 2.14: Illustration of different types of cross validation - Left: Test-train split, Center: k-
fold cross validation (with £ = 6), Right: Repeated k-fold cross validation with £ = 3 and 2
repititions

2.3.2.4: Regularization

Another technique to ensure no overfitting of the data is to introduce a penalty parameter
into the training loss function to restrict the usage of large number of free parameters. This
penalty is introduced by adding the norm of the free parameters into the loss function as shown

in Equation 2.19.

Liyain = P(X,Y) + Al|Jw]l. (2.19)

If the choice of the penalty norm is L, then the regularization is called Ridge regression.
This term tries to move the free parameters close to zero. Another choice is to use L; norm,
called Lasso regression. Here the inactive free parameters are dropped off due to the nature of L

norm.
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2.3.2.5: Hyperparameter Tuning

While the training and cross-validation achieve optimal performance measure by tuning the
free parameters of a model, the base architecture of the model often saturates the extent to which
the performance can be optimized. The model architecture is defined by a set of hyperparameters.
For instance, a neural network architecture is governed by the number of layers and number of
neurons in each layer. These hyperparameters are not altered during the training process, and
hence additional considerations need to be made to fix on the hyperparameters. Hyperparameter
tuning is associated with the modification of these parameters to change the architecture of the
surrogate model so that an optimal performance can be achieved.

Algorithm 2 shows the methodology of tuning the model architecture nested with cross-

validation.

Algorithm 2 Hyperparameter Tuning Algorithm

1: procedure HYPERPARAMETER-TUNING > Tuning the architecture
2: Choose the possible domain of the hyperparameters (\) that define the model architecture
3 for each A do

4 Perform k-fold-CV (X, Y) to compute Py

5: end for

6 Best architecture corresponds to A for which P, is the best.
7: end procedure

Model tuning can be performed by computing the performance exhaustively on the entire
possible set of hyperparameters, or using random search and bayesian methods. In the context
of the current work, exhaustive grid search is performed as the number of hyperparameters is

limited to 2 viz., number of neurons in each hidden layer.
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2.4: Performance of the Surrogate Model

2.4.1: Hyperparameter Tuning Results

The surrogate model is trained using mini-batch stochastic gradient descent with Huber
loss function as a performance measure on the scaled output quantities. Lasso regression is
used, and repeated k-fold cross validation is applied for this study with £ = 5 and 3 repititions.
Hyperparameters for the surrogate model are the number of neurons in the two hidden layers of
the neural network.

The cross-validation error for different set of hyperparameters can be seen in Figure 2.15,
with A1 and H?2 being the number of neurons in the first and second hidden layer respectively.
Observe that the cross-validation error is significantly high for less neurons in the first layer, and
is nearly constant with the second layer after a minimum. As the number of neurons increases,

the error drops down, showing best performance around H1 = 32 and H2 = 16.
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Figure 2.15: Cross-validation error for different hyperparameters (logarithmic scale)
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Observe that the cross-validation error is average performance of the multiple repetitions
of the validation dataset. In order to truly understand the variability of the model with respect to
the change in training data, the variation of the error is also computed for the multiple folds and
shown in Figure 2.16. While the cross-validation error corresponds to the Bias estimate of the
model, this term estimates the variance. The variance estimate is observed to become higher with

the number of free parameters, i.e., in both the directions of increasing H1 and H2.

-2.5

-3.5

5 10 15 20 25 30
H1

Figure 2.16: Variablilty of the error for different hyperparameters (logarithmic scale)

A composite performance metric is calculated as the sum of these two quantities, shown in
Figure 2.17. An optimal choice of the network based on this composite score is 1 = 25 and
H?2 = 20.

While the number of layers of the neural network can also be varied, no improvement was
observed in the cross-validation error with higher number of layers. Furthermore, as the network
becomes deeper (more layers), the complexity increases and the variance estimates also increase.

Hence, for this dataset, 2 hidden layers is the optimal choice of architecture.
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Figure 2.17: Composite performance statistic for different hyperparameters (logarithmic scale)

2.4.2: Cross-Validation Results

The comparison of the predicted quantities to the actual CFD predictions for the 5 folds
of the data are shown in Figure 2.18. These results correspond to the optimal neural network
architecture of 2 hidden layers A1 = 25 and H2 = 20. It can be seen that all the 5 folds show

similar range of error compared to CFD.

2.4.3: Validity of the Surrogate model

Once the model is tuned using the composite performance statistic to yield the required
level of optimality in hyperparameter space, the surrogate model is retrained on the entire dataset
without any hold out data. This is the final surrogate model that is used to test the performance
in predicting the airfoil aerodynamic characteristics.

Figure 2.19 shows the lift, lift-to-drag ratio and pitching moment coefficients for NACA64-

618 (18% thickness), DU91-W2-250 (25% thickness), FFA-W3-301 (30% thickness) and FFA-
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W3-360 (36% thickness) airfoils. It can be seen that the predictions are uniformly accurate over

the large range of thickness of wind turbine airfoils.
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Figure 2.19: Performance of the surrogate model on representative airfoils in various thickness
categories - columns (left to right): lift coefficient, lift-to-drag ratio, pitching moment coefficient
respectively

Quantitative measures of the error associated with the surrogate model is calculated for all
the airfoils in the database and shown in Table 2.3. The L, error norm describes the overall fit of
the profile and L., norm indicates the maximum error. The 99" percentile value of L., norm is
also indicated. This is a better measure of the performance, as it excludes the effect of outliers.

The observed L and L, (99" percentile) errors of the surrogate model shown in Table 2.3
correspond to less than 2% of the magnitudes of the corresponding lift coefficient, lift-to-drag

ratio and pitching moment coefficient of a nominal airfoil in the database at the operational angle
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of attack.

Table 2.3: Quantitative error estimates of the surrogate predictions for all airfoil geometries

Error norm a L/D Crm
Lo 34x1072 39x107' 2.8x1073
L. 1.8x 1071 1.2x 10" 1.6 x 1072

Lo (99" percentile) 3.2 x 1072 2.0 x 10° 2.1 x 1073

2.5: Summary

A surrogate model exclusively trained using wind turbine airfoil geometries is developed.

Some key takeaways are

(1) Efficient design space exploration strategies are explored and a representative database of

wind turbine airfoil geometries is generated.

(2) The generated database of airfoil geometries and performance curves is the first of its kind

with around 100, 000 CFD simulations, and is a benchmark dataset of wind turbine airfoils.

(3) Very simple architectures of shallow neural networks could achieve high accuracy, with

efficient processing of the data into orthogonal features.

(4) The surrogate model predictions are uniformly accurate for airfoils spanning over a large
thickness range, with very low 99 percentile maximum error norms of 0.03, 2 and 0.002
in the lift coefficient, lift-to-drag ratio and pitching moment coefficient respectively when
measured on the entire database. These values correspond to less than 2% of the respective

magnitudes at the operational angle of attack of the airfoils.
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Chapter 3: Data Puncturing

While the accuracy of the developed surrogate model to predict the aerodynamics of airfoil
geometries is high, generation of the training data is the costliest step in its surrogate model
development. This becomes a bottle-neck in most of the physical systems modeling due to the
high costs of each simulation.

In addition to the geometric design variables for airfoils, the freestream conditions such as
angle of attack and Reynolds number each in turn magnify the number of simulations required
to generate the training data exponentially. Other freestream parameters such as the effect of
turbulence intensity, Mach number etc become important to the designers based on the area of
application. Owing to the curse-of-dimensionality, it is impractical to use either experiments
or computational methods to generate the required amount of data at each of these freestream

conditions for a large set of geometries.

3.1: Cost of Surrogate Model Development

The cost associated with the development of the surrogate model is given by Equation 3.1.

This includes the cost of data generation and the cost of training the model.

T = Ntrain X Tdata + Tlcraining (31)
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For engineering applications depending on numerical simulations, the cost of training is
negligible in comparison to the cost of data generation. For the RANS based CFD of airfoils, the
estimated time per CFD case at one angle of attack is 3 hours, while the time for training is 15
minutes. Since the generation of data is physical model based, the only free parameter to reduce
the cost of surrogate model is Niain, 1.€., required amount of training data. Thus, it becomes
important to understand the effect of the amount of training data on the accuracy of the surrogate

model.

3.2: Data Synergy and Redundancy

In a dataset, every data point carries certain inherent information. However, when multiple
data points are studied together, various scenarios arise regarding the collective information
obtainable with these data points. Data is said to be “synergistic” if the collective information
of the data points is more than the sum of information carried by each data point separately, and
“redundant” if the collective information is less than the sum of individual information.

The idea of synergy and redundancy can be explained with a simple example. Consider
3 data points to be the lift predictions of a particular airfoil at three different angles of attack.
Independently, each data point has the information of lift coefficient at that particular angle of
attack and nothing else. However, when two data points are studied together, apart from the lift
coefficient at those two angles of attack, they also give information about the trend of the lift
coefficient. If these are within attached flow angles, this extra information can be an estimate of
the lift curve slope. Here the data is synergistic. Now, if the third data point also falls within

the linear trend, no additional information is added. Moreover, this prediction can be achieved
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even without the third data point. This is the case of data redundancy, that is, at least one of
the three points is not necessary. On the other hand, if the third point gives information about
onset of stall or beyond stall characteristics, all the data is synergistic. However, it must be noted
that even when the third data point is redundant, it adds confidence to the estimate of lift curve
slope. Hence, synergy of a dataset is a measure of the information that the dataset explains while

redundancy is a measure of the confidence of the inferences made on the dataset.
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Figure 3.1: Illustration of synergy and redundancy - NACAQ0012 lift data

Figure 3.1 shows the regions of synergy and redundancy on sample NACAO0012 airfoil
data. It can be noted that the same best-fit line will be predicted even with more measurements
at low angle of attack. Also, it must be noted that the redundancy and synergy using linear lift
region explained here is just an illustration, and is based on the fact that airfoils exhibit linear lift
region at low angles of attack. Hence, any known behavior of data adds more information at our
disposal, resulting in redundancy of data points.

There is a huge potential for improvements in the efficiency of training data generation
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for the development of surrogate models, by carefully adjusting data synergy and redundancy to

ensure a suitable balance between model cost and confidence.

3.3: Data Puncturing

“Data puncturing” is a new term introduced in this study, and is defined in the context of
data points that require multiple measurements or evaluations. For example, if each data point
is considered as an airfoil lift curve, to formally define the curve, lift measurement is required
at multiple angles of attack within the range of interest. For such data points, punctured data is
formally defined as a data point that is not complete, i.e., lift curve with measurements only at
few angles of attack.

As explained in the previous section, knowledge of the aerodynamic behavior of airfoils
can reduce the amount of data required to characterize and predict the airfoil aerodynamics. This
becomes crucial in terms of reducing the cost of model generation, by reducing the associated
data generation costs.

In the developed surrogate model, the aerodynamic performance polars of the airfoils are
expressed in terms of their POD modes. Thus, an information of the general behavior of the
airfoils is embedded into these mode functions, and thereby evaluation of these polars at all
combinations of freestream parameters for all the geometries becomes redundant.

We test different styles of data reduction to see the impact on the accuracy of the surrogate

model.
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3.3.1: Naive Data Puncturing

Naive data puncturing strategy is the most basic reduction in the data. Here, data is
removed at equal intervals for all the geometries. In the context of aerodynamic polars, the data
computation can be visualized as not available at specific angles of attack for all the geometries.

Figure 3.2 shows the data availability plots of the punctured dataset for different levels of
naive puncturing. Each row corresponds to a diferent geometry, and each column corresponds to

a different angle of attack.

Full Data 25% Punctured Data 50% Punctured Data

Figure 3.2: Examples of naive data puncturing

It can be observed that while the total amount of data is reduced, the distributions of synergy

and redundancy remain nearly the same, making it a less robust data puncturing approach.
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3.3.2: Uniform Data Puncturing

In this approach, the data is generated at a uniformly distributed random sampling of angles
of attack. This approach differs from the naive puncturing in the fact that each geometry doesn’t
evaluate the performance at the same subset of airfoils.

Figure 3.3 shows the data availability plots of the punctured datasets for different levels of
uniform puncturing. Each row corresponds to a diferent geometry, and each column corresponds

to a different angle of attack.

Full Data 25% Punctured Data 50% Punctured Data

1 Pk, il

Figure 3.3: Examples of uniformly punctured datasets

Observe that, while the variation with angle of attack is not completely inferable in each

geometry, there are different geometries that contain this information. That is, some data points
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carry information of the variation of performance with angle of attack, while a few points together
carry the information about the variations with geometry at a given angle of attack. In a way,
the collective information of all the geometries is nearly similar to that of unpunctured data,
indicating that the synergy of the data is sustained and redundancy is reduced in this approach.
In comparison, naive approach doesn’t have more information on variation with angle of

attack for a fixed geometry, and has redundant information on variations with geometry.

3.3.3: Selective Data Puncturing

Full Data 25% Punctured Data 50% Punctured Data

Figure 3.4: Examples of selectively punctured datasets

A third approach of data puncturing is to selectively bias the puncturing strategy for certain

regions of the data. For example, the lift curve is linear for almost all airfoils in the database at low
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positive angles of attack. Here, redundancy minimization can be done by selectively increasing
the puncturing proportion for that range of angles of attack.

Figure 3.4 shows the data availability plots of the punctured datasets, where the puncturing
is selectively performed at a certain range of angles of attack. Each row in the figure corresponds
to a different geometry, and each column corresponds to a different angle of attack.

In this approach, since the puncturing is biased towards the regions of high redundancy, the
proportion of synergy to redundancy in fact increases. However, this requires knowledge of the

regions of high redundancy in the data.

3.4: Modifications to the Training Approach

While the data puncturing aims to generate a dataset with high synergy, the training of
surrogates with punctured data becomes a little tricky. This is mainly because the surrogate model
predicts performance at all angles of attack, while the data is available only at a few angles.
The training objective should be affected only by the available data. This can be achieved by
introducing a window function that can selectively activate when data is available and deactivate
otherwise. The modified training objective function is shown in Equation 3.2, where the square
of the error function is convoluted with the window function represented by a summation of Dirac
delta distributions (9). This convolution operation transforms the error of the surrogate model in
functional space to a scalar value. The second term in the objective function is a regularization

function, that prevents overfitting of the surrogate model.

55



2
2

1 1 ’ 1 A
= 5 F(Train) 2 (Y(X>_Kr“e(x)) i (#(Train(X)) 2 5(0‘)> +§H“’

a€Train(X)
(3.2)

The cardinality operator (#) is used in the window function so that the integral of the
window function over the range of angles of attack is unity. This ensures that the relative
contribution of each airfoil to the overall objective function is same across all the geometries

in the training set.
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Figure 3.5: Schematic of the data flow for forward and reverse computations with modifications
to accommodate data puncturing methodology

Figure 3.5 shows the changed sequence of computations for forward mode (estimation of
aerodynamic polars) and reverse mode (derivative calculation), with the addition of the window
operation to the cost function. The computed derivatives of the cost function is used to perform
a gradient based optimization to achieve optimal weights and bias values for the hidden layers in

ANN.
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3.5: Performance of the Puncturing Approach

Throughout this study, the transformation operators and the mode shape functions for both
first and last step of the surrogate model (Equations 2.14, 2.16) are fixed and not changed with
any style of data puncturing. Figure 3.6 shows the different styles and levels of puncturing tested

and compared.

Figure 3.6: Test matrix of puncturing styles - (left to right): No puncturing (Full data), 50% Naive
puncturing, 10% Uniform puncturing, 20% Uniform puncturing, 50% Uniform puncturing, 20%
Selective puncturing

All styles and levels of data puncturing are performed on the airfoil dataset after removing
the baseline airfoil set. The baseline airfoil set is chosen as a standard benchmark to compare the
performance of each surrogate model trained using these punctured sets. k-fold cross-validation
is applied with £ = 5. Each of these surrogate models have two hidden layers with 25 neurons
each, and are initialized with Xavier weights initialization, and trained using batch-stochastic
gradient descent algorithm. The architecture of the surrogate model is held constant across all
the tested styles of puncturing.
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Table 3.1: Quantitative error estimates of different styles and levels of data puncturing

Dataset Error norm C L/D Crm

0% Data puncturing (Lo) 1.39 x 1072 849 x 1072 1.04 x 1073
Lo 341 %1072 212x 107" 220x107?
{

50% Naive puncturing (Ly) 248 x 1071 1.52 x 10M®  1.86 x 1072
(L) 834x 107" 5.23x 10" 5.47 x 102

10% Uniform puncturing (Ly) 1.45 x 1072 879 x 1072 1.08 x 1073
(L) 3.62x1072 2.26x 100 237 x 1073

20% Uniform puncturing (Ly) 1.42 x 1072 870 x 1072 1.08 x 1073
Lo 3.31 x 1072 2.08 x 107! 2.18 x 1073
(

50% Uniform puncturing (Ly) 1.42 x 1072 8.68 x 1072 1.07 x 1073
(L) 337x1072 212x 107" 2.22 x 1073

20% Selective puncturing (Lo) 1.39 x 1072 8.46 x 1072 1.04 x 1073
(Loo) 3.31x 1072 2.06 x 107* 213 x 1073

Each surrogate model is tested on the set of 12 baseline airfoils and Table 3.1 and Figure
3.7 show the averages of L, and L., errors obtained by comparing with true data. Figure
3.8 shows the scatter plots of expected output vs true output of each surrogate model for the
lift coefficient for all the baseline airfoils. Similar trends are observed for lift-to-drag ratio
and moment coefficient. Surrogate models trained on both uniform puncturing and selective
puncturing datasets show similar level of accuracy as model with no puncturing. However, the
model with naive puncturing shows significantly higher errors compared to other models. This is
also confirmed in the regression plots of the expected output vs true output. Figure 3.9 shows the
obtained performance outputs for a subset of the baseline set showing the accuracy over a range

of geometries. While no noticeable difference can be seen for most of the surrogate models, the

naive approach results are significantly different from the others.
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Figure 3.7: Error estimates of each surrogate model for the baseline airfoils - Blue: (Lg) Error,
Red: (L..) Error - Columns (left to right): No puncturing (Full data), 50% Naive puncturing,
10% Uniform puncturing, 20% Uniform puncturing, 50% Uniform puncturing, 20% Selective
puncturing - Rows (top to bottom): lift coefficient, lift-to-drag ratio, pitching moment coefficient
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3.5.1: Naive Puncturing

The surrogate model trained on the naive punctured dataset was the least accurate model
compared to other styles of puncturing. The dataset is punctured at the same angle of attack for all
the airfoils. In the backpropagation and gradient descent for this surrogate model, certain weights
of the ANN do not get updated because of tight coupling with the missed angles of attack. This
results in significantly poor prediction at the missing angles of attack. This is confirmed from
the results in Figure 3.9. Naive puncturing is thus a poor strategy to reduce the training data

generation costs, as it significantly lowers data synergy.

3.5.2: Uniform Puncturing

Uniform puncturing model results are similar to the full data models, with insignificant
variation in accuracy over different levels of puncturing. Experiments with further levels of
puncturing show increase in error norms. In terms of synergy and redundancy, as the level of
puncturing slowly increases from 0, redundancy of the data continuously decreases with very
minimal loss in synergy. Further increase in the level of puncturing decreases the synergy and we
see rise in error norms. This is confirmed by the error trends, where the error first grows around
and beyond stall angles of attack for lift coefficient, and around the maximum point for the lift-
to-drag ratio and slowly globalize on the entire range of angles of attack. Figure 3.10 shows the
observed increase in error norms for lift coefficient at higher levels of puncturing. Similar growth
is observed in the other performance parameters. Since the puncturing is performed at random,
some airfoils may have data at very few angles of attack. This could cause some variability in the

results, but the trend line of error growth is expected to be similar.
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Figure 3.10: Growth of lift coefficient error norms for different levels of uniform puncturing

3.5.3: Selective Puncturing

The selective puncturing can be performed using any suitable non-uniform distribution
that increases puncturing level at redundant domains and lowers it at synergistic domains. The
20% selective puncturing dataset used in this study is generated by performing a 10% uniform
puncturing between —4° < o < 2° and 9° < o < 20°, and 50% uniform puncturing between
3° < a < 8°. This dataset performed well, with slightly better accuracy than its constituent 10%
and 50% uniformly punctured sets as well as a similar level 20% uniformly punctured set. While
the observed difference in accuracy is very small, this dataset has a slightly better distribution of
redundancy in the domain, which ensures uniform confidence in the model across all range of

angles of attack when compared with 20% uniformly punctured dataset.
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3.6: Summary

Methods to reduce the data generation costs for developing fast surrogate models are
investigated. Data puncturing methods allow to reduce the training data and with a modified
training strategy, these datasets can be used to develop surrogate models. Three different styles
of data puncturing viz., naive, uniform and selective, are developed and compared with fully
populated datasets in terms of their synergy and redundancy, as exhibited by the accuracy of the

surrogate models generated on these sets. Some key conclusions are

(1) Naive puncturing is a poor strategy to reduce data size and maintain synergy.

(2) Training with uniform puncturing consistently achieves accuracies similar to that of full

dataset, over a wide range of puncturing levels.

(3) As the proportion of puncturing increases, first redundancy decreases and slowly synergy

decreases with a lag, causing a plateau of stationary errors followed by a drop in accuracy.

(4) Selective puncturing can be leveraged to achieve a nearly uniform distribution of synergy
to redundancy proportion, but requires the knowledge of distribution of redundancy in the

dataset
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Chapter 4: Uncertainty and Sensitivity Analysis

With the usage of modeling and simulation tools like CFD, and the development of high
performance computing frameworks and architectures, CFD simulations have become an integral
part in understanding the operational behavior of wind turbines as well as to make design and
control decisions for optimal performance. While the estimation of fluid behavior using CFD
can be performed for a given set of operating conditions, there exists an inherent uncertainty
in all these conditions, which propagate into an uncertainty in performance. Uncertainties in
wind turbine performance can occur due to operating conditions (freestream flow properties
and relative orientations) as well as blade geometry uncertainties. Using the simulation tools
repetitively for all possible operating conditions is impossible, and there is a need to quantify the
uncertainty associated with the estimates with a reasonable cost.

Several uncertainty quantification (UQ) methods are developed and used in CFD based
applications, including Monte Carlo simulations (MCS) [59], moment methods like polynomial
chaos expansion (PCE) [60]. MCS involve generating the output performance for a distribution
of inputs, and thereby approximate the probability distribution of the output for uncertain inputs.
PCE on the other hand expresses the uncertainty in outputs as an expansion of polynomial
terms, and the magnitudes of these terms can be obtained using relatively small number of

simulations. While PCE is computationally less expensive than MCS, the accuracy of PCE based
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UQ estimates are limited by the assumption of how accurately the polynomial expansion captures
the uncertainty.

A major reduction in cost of MCS can be achieved by using surrogate models to replace the
expensive full-order simulation. This chapter uses the surrogate model developed in the previous

chapters to build an uncertainty quantification framework for the airfoil performance quantities.

4.1: Inherent Model Uncertainty

Relation between a surrogate and its training data is given in Equation 4.1, where € is a

component of the variation of true data that is not learnt by the surrogate.

§=flz) = flx)+e (4.1)

That is, if the true relation of the output y variation with the input x is f, the surrogate
model f has an inherent uncertainty with a distribution given by €. Assuming that e follows
a normal distribution, an estimate of the model error variance is given as an expectation value
operation on the error function across the entire domain of inputs z, as shown in Equation 4.2.
Since the database of airfoils is a representative of the domain of wind turbine airfoil geometries,

the expectation value can be approximated using the computation on this subset of airfoils.

0%, = B() = E [(f(x) - f(x))Q} ~ MSE 4.2)

Since the training dataset is a representative subset of the population, the estimate of the

inherent model uncertainty is given by the mean squared error of the surrogate on the training
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data. The L, error in Table 2.3 is an estimator of the standard deviation, and the corresponding

3o confidence bounds give a 99.7% confidence interval of the surrogate model estimate.

4.2: Propagation of Geometric Uncertainty

Geometric uncertainty in the airfoil is modeled by varying each of the design variables
using an independently distributed normal random variable. A nominal value of 5% variation in
the magnitude of the CST coefficients is chosen as the standard deviation of the corresponding
normal distribution of each parameter. A Monte-Carlo simulation is performed using the surrogate
model for 10, 000 sample designs generated using the random distribution. The associated uncertainty
in the outputs due to the geometric uncertainty is computed using the standard deviation o
(Equation 4.3) of the predicted 10, 000 sample outputs, as an expectation value of the deviations

from the base geometry (7).

7= £ () - f(@)’] @3)

Observe that this standard deviation is the actual uncertainty due to geometric variations,
if the surrogate model is the true model. However, the surrogate model itself has an inherent
uncertainty. Hence, the overall uncertainty estimates due to geometric uncertainty are given
by Equation 4.4. The contributions of the inherent uncertainty and the geometric uncertainty
estimates can be decoupled in the computation as they are independent. In Equation 4.4, o
corresponds to the Monte-Carlo estimate of the uncertainty due to geometric variations, and o3,

is the additional uncertainty added due to the model error propagated from the surrogate model.
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o2 =E|[(f(z) - f(2)?] = o*+ 0% (4.4)

Figure 4.1 shows the uncertainty estimates of the performance curves associated with a
5% uncertainty in geometry, for NACA64-618 (18% thickness), DU91-W2-250 (25% thickness),
FFA-W3-301 (30% thickness) and FFA-W3-360 (36% thickness) airfoils. The confidence bounds

are computed using the model adjusted estimate in Equation 4.4.
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Figure 4.1: Uncertainty quantification of the surrogate model on representative airfoils in various
thickness categories - columns (left to right): lift coefficient, lift-to-drag ratio, pitching moment
coefficient respectively

The uncertainties associated with lift coefficient and lift-to-drag ratio are higher near the
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stall angle of attack. This is expected because the stall and boundary layer characteristics are
highly sensitive to geometry of the airfoil. Near the design operating point (at max. lift-to-drag
ratio), the corresponding standard deviations in lift coefficient, lift-to-drag ratio and pitching
moment are in the ranges of 0.01-0.02, 1.1-3 and 0.003-0.005 respectively. Near the stall region,
the corresponding ranges are 0.04-0.1, 4-7 and 0.003-0.005 respectively. For lift coefficient and
lift-to-drag ratio, these values correspond to approximately 2-3% near the operating point and

5-10% near the stall region, with higher numbers being observed for thicker airfoils.

4.3: Global Sensitivity Analysis

Sobol’s analysis [61], also known as Global Sensitivity Analysis (GSA), is a powerful tool
to quantify the relative importance and contribution of each input in the distribution of the output
of a multiple input system. The main idea of this analysis is to quantify the contribution of each
input variable and their interactions in the variance of the output.

In the context of the airfoil performance as a function of geometric design variables, the
influence of each design variable is quantified by means of two indices, viz., main-effect index
and total-effect index. If X; are the input variables and Y is the output, the indices are given by
Equation (4.5), (4.6), with X ; representing all input variables except X;. Var is the variance

operator and E is the expectation value operator.

_ VarXi (EXNi (Y|XZ))

S; VarY) (4.5)
o EXM‘ (vaer‘ (Y|Xl))
511 = Var(Y) (4.6)
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The main-effect index S; measures the effect of varying X; alone on the output, and the
variation is estimated on an averaged quantity. The total-effect index Sp; includes the effect of
varying X, also accounting for the interaction effects with other variables X ;. These indices
are estimated using a quasi-Monte Carlo method.

Both the main effect and total effect indices are used to rank the importance of input
variables and their interactions, to identify the design variables that can influence the performance
quantities the most.

Observe that while the CST parametrization with Chebyshev polynomials has mathematical
advantage in developing the surrogate model, the Chebyshev coefficients do not give a intuitive
information to the designer compared to Bernstein coefficients. Figure 4.2 shows the CST class
shapes corresponding to 4" order Bernstein polynomials and Chebyshev polynomials. The
Bernstein coefficient number approximately governs the local region of influence of the shape
function, i.e., for 4" order polynomials, 0" shape function majorly affects the leading edge
region, 1% one near quarter-chord point etc. Thus, sensitivity analysis with respect to Bernstein
polynomials gives more insight to the designer than Chebyshev polynomials.

The conversion between the coefficients in both the representations is a linear algebraic
transformation, and there is no loss in representation accuracy if the order of the polynomials is
maintained the same.

A quasi-Monte Carlo method is employed to estimate the influence indices for the coefficients
of Bernstein polynomials.

Figure 4.3 shows the main-effect indices of each of the geometric parameters corresponding
the uncertainty in lift, pitching moment and lift-to-drag ratio. All these quantities are calculated

for the same set of airfoils at an angle of attack of 5°. This angle of attack falls within the range
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Figure 4.2: Comparison of class shapes using Bernstein and Chebyshev polynomials

of attached flow conditions for all these airfoils. It can be seen that the indices are more uniform
across all design variables in case of lift and pitching moment coefficients. However, the bottom
surface is more influencing the lift-to-drag ratio compared to top surface.

It was also observed that the total-effect index estimates are both qualitatively and quantitatively
similar to the main-effect indices. This is an indication that the cross influence indices are
insignificant and the variance or uncertainty of the airfoil performance can be majorly explained
by exclusive variations in each parameter.

A similar analysis is performed at a post-stall angle of attack of 15°. Figure 4.4 shows the
main-effect indices of each of the design parameters. Clearly, the top surface is found to be the
most dominant variable, with the Sobol’s index close to unity. Also, the trends of the indices is
similar for both lift and lift-to-drag ratio. The cross influence indices are negligible even in this
case, indicating very weak coupling between design variables.

Also, the most influential polynomial number is moving leftwards from NACA64_A17
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Figure 4.3: Main effect indices for Bernstein coefficients at a pre-stall angle of attack for
representative airfoils in various thickness categories - columns (left to right): lift coefficient,
lift-to-drag ratio, pitching moment coefficient respectively - hollow bars correspond to the bottom
surface and filled bars are for top surface
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Figure 4.4: Main effect indices for Bernstein coefficients at a post-stall angle of attack for
representative airfoils in various thickness categories - columns (left to right): lift coefficient,
lift-to-drag ratio, pitching moment coefficient respectively - hollow bars correspond to the bottom
surface and filled bars are for top surface
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airfoil to FFA-W3-360 airfoil. By observing the geometries of these 4 airfoils, it can be clearly
seen that these dominant polynomials correspond to the location of maximum thickness on the
top surface. Thus, clearly, the location of maximum thickness will be a key influencing geometric
variable for lift and lift-to-drag ratio of an airfoil operating at high angles of attack in separated

flows.

4.4: Summary

The developed surrogate model is embedded into a Monte-Carlo based uncertainty quantification

and sensitivity analysis framework. Some key takeaways are

(1) The uncertainty propagated through the uncertainties in geometric parameters are quantified
using a Monte-Carlo simulation. A 5% uncertainty in the magnitudes of geometric parameters
corresponds to 2-3% uncertainty in performance parameters at the operating point of the
airfoils. This uncertainty increase as high as 10% for the lift and lift-to-drag ratio when the

airfoil operates closer to stall region.

(2) Thicker airfoils show higher levels of uncertainty due to geometry at stall angle of attack

compared to thin airfoils.

(3) Sobol’s analysis predicted the bottom surface to be influential at the operating point and

top surface is influential when operating in stall.

(4) The coupling between design variables for the airfoils is weak, i.e., no significant cross-

correlations between the geometric parameters in terms of uncertainty propagation.
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Chapter 5: Improvements to the Turbulence Model

5.1: Need for better Turbulence Models

In the previous chapters, machine learning techniques were employed to develop surrogate
models for predicting the static aerodynamic polars of airfoils. It is observed that the accuracy of
the surrogate model compared to the CFD data is very high when compared to the accuracy of the
CFD models with experiments. Figure 5.1 compares the lift coefficients from experiments [62,
63] on different wind turbine airfoils with the corresponding CFD predictions using the Spalart-
Allmaras (SA) turbulence model.

For all the airfoils shown, the accuracy of CFD when compared with experiments is high in
the linear lift region. However, the onset of stall is predicted with high delays in CFD and occurs
at significantly lower angles of attack in reality.

Figure 5.2 shows the comparison of experimental lift coefficient polars [64] at various
Reynolds numbers with the corresponding CFD estimates. The comparison shows similar trends
of low accuracy in predicting the onset of stall.

Stall phenomena on an airfoil occurs due to separation of flow from the surface of the
airfoil. As the angle of attack increases, an adverse pressure gradient continuously builds on the
suction side of the airfoil. Beyond certain angles of attack, the boundary layer can not support the

resulting strong adverse pressure gradient and detaches from the surface. This causes a sudden
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Figure 5.1: Comparison of experiments with CFD for different wind turbine airfoils
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Figure 5.2: Comparison of experiments with CFD for DU00-W-212 airfoil at different Reynolds
numbers
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drop in lift and increase in drag forces on the airfoil. This phenomena is not accurately resolved
by the current state-of-the-art RANS turbulence models.

The stall angle of attack is an important parameter for the operation of wind turbines. The
operating conditions are ensured to produce maximum power output, at the angles of maximum
lift-to-drag ratio [46] and when the airfoil operates in the stall region, the forces on the wind
turbine blade suddenly change causing significant drop in power output. Furthermore, in stall,
the blades experience high loading which can result in structural damages.

Additionally, a “pitch-to-stall” shutdown strategy is employed in certain wind turbines [65]
to maintain the wind turbine within operating limits, in the events of increased wind speeds. In
this strategy, as the wind speed increases beyond a certain threshold, the forces on the blades
increase and leads to the turbine reaching its maximum rated power output. The pitch of the
blade is increased to reduce the angle of attack and maintain the power generation of the turbine.
If the wind speed continues to increase beyond, the blades are further pitched to operate in stall.
This reduces the power output of the turbine to near zero and ensures safe operation of the turbine
from reaching ultimate loads.

Thus, it becomes important to improve the CFD models to predict the onset of stall more
accurately. This chapter discusses the SA turbulence model and employs the Field Inversion
Machine Learning (FIML) methodology to arrive at a model correction that can improve the

predictions of airfoil performance.
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5.2: SA Turbulence Model

The SA turbulence model is based on the Boussinesq assumption, and is a one equation
turbulence model describing the transport of eddy viscosity. The governing equation for the SA
working variable (7) is given by Equation 5.1. The development of turbulent eddies in the flow
is governed by the production, destruction and dissipation terms in the equation, represented by
P, D and E respectively. The model is developed in consistency with the law of the wall, and

calibrated with attached flows over airfoils.

% = P(p,U)— D(p,U)+ E(p,U) (5.1)

The working variable (7) is defined to maintain consistency with the law of the wall, so that
the eddy viscosity equals to the working variable away from the wall and follows ideal log-layer
behavior very close to the wall.

The production term P represents the rate at which the eddy viscosity is generated in the
flow. This term is proportional to the magnitude of the vorticity adjusted to maintain the log-
layer behavior near the wall and free shear behavior away from the wall. Equation 5.2 shows the
production term, where S is the adjusted magnitude of vorticity and ¢, is an empirical constant.

P = Cblsﬁ (52)

The destruction term (D) captures the effect of destruction of Reynolds stress terms due to
the effect of the wall. The destruction term is inversely proportional to the square of the distance

to the closest wall. Additionally a damping functional dependent on mixing length is introduced.
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Equation 5.3 shows the destruction term, where d is the distance from the wall function, f,, is the

damping function and c,,; 1s an empirical constant.

~\ 2
D = curfu (g) (5.3)

The dissipation term (£) is a non-conservative diffusion term consistent with the dissipation
of the turbulent kinetic energy. Equation 5.4 shows the dissipation term with model constants ¢y,

and o.

FE =

SY

[V (v + D)VD) + c1o(Vi)?] (5.4)

The model consists of several empirical constants defining each of these terms and the
damping functions.

With the inherent empiricism in the model, the SA model is calibrated with wide range of
turbulent flows, with extensive emphasis on the flows over airfoils. However, a primary limitation
of the model is it’s lack of accuracy in predicting flows operating in strong adverse pressure

gradients and flow separation.

5.3: Field Inversion Machine Learning

The Field Inversion and Machine Learning (FIML) approach [66] is a predictive modeling
framework used to obtain a data-driven correction to an underlying physical model. FIML
methodology can be employed to obtain a correction to the SA turbulence model that can better

predict the onset of stall in flows over wind turbine airfoils. The FIML methodology can be
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described as two sub tasks as shown in the flow chart in Figure 5.3. The first step is the field
inversion, which involves obtaining an optimal case-specific correction to the turbulence model.

The next step uses machine learning techniques to learn a functional correction to the turbulence

model, consistent with the original model.

Field Inversion Step

HAMZD

+
Madel Correction Machine Learning Step

A
U dU B*(z) Feature Selection i
di B(x) — Aln)
h
Model Augmentation
Adjoint HAM2D

Figure 5.3: Flow chart describing the model correction strategy in FIML methodology

5.3.1: Model Correction

A correction field can be introduced into the SA model by means of a source term in the

transport equation defined in Equation 5.1. The modified turbulence model is given by Equation

5.5.

%i — P5,U) - D5, U) + B, U) + A(Z) (5.5)
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A suitable non-dimensionalization can be made to this correction by normalizing with
either of the terms in the SA model. The modified turbulence model with the non-dimensional

correction field is given by Equation 5.6.

Do oo . .
o = B@P@,U) = D(0,U) + E(,U) (5.6)

The non-dimensional parameter (3 is a field variable and it represents the baseline SA model

when 3 = 1 everywhere in the flow field.

5.3.2: Field Inversion

The Field Inversion step (FI) aims at obtaining a suitable correction field 5 for a specific
flow scenario that matches the CFD predictions with experimental data. This can be represented
as an optimization problem, with an objective function that quantifies the error between the
numerical predictions and experimental data.

Let kexp be the experimental data and k.40 be the corresponding quantities predicted by
CFD, then an L, norm of the error between these two quantities is the objective function. It must
be noted that the experimental data need not be a flow field measurement, and can be just the
integrated loads on the airfoil.

Since the free variable in optimization is a field variable, there may exist multiple field
corrections that can minimize the objective function. However, all these fields may not be
physical or consistent with the model. To introduce a well-posed optimization problem and to
maintain model consistency, a regularization term is introduced into the objective function, that

penalizes large deviations from the baseline model. The regularized objective function is given
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by Equation 5.7.

J(B) = | kexp — kmoact (B)||2 + AlI8 — 1|3 (5.7)

This data can represent a combination of multiple experimental quantities such as surface
pressure coefficients, skin friction coefficients, integrated lift, drag etc. The majority of the
experimental data for airfoils is available as the integrated quantities (lift, drag and moment
coefficients). FIML implementations by Singh [38] showed similar improvements by using only
the lift coefficient compared to using the surface pressure measurements. Hence, throughout
this work, only the lift coefficient of the airfoil is used to drive the inverse problem for optimal
correction. The field inversion problem for this work is thus mathematically represented by

Equation 5.8.

B = arg;nin ((crexp — ciorn(B)) + A8 = 1]%) (5-8)

The optimization is performed using a gradient descent algorithm, and the gradients of the
objective function with respect to the correction parameter $ are estimated using the discrete
adjoint approach [67].

The field inversion step is performed independently for various airfoils as shown in Table
5.1, and the corresponding sources of experimental measurements are referenced in the table.
These airfoils range from 12% thickness to 30% thickness.

Field inversion for all these airfoils is performed at a representative range of angles of attack
set of &« = {6°,10°,12°,13°,14°}. These angles of attack include flow scenarios with attached

flow, onset of a strong adverse pressure gradient and separated flows.
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Table 5.1: List of airfoil geometries used for Field inversion based on experimental data
availability

Airfoil Reynolds numbers Data source
NACAO0012 6M [68]
S809 2M [62]
DU93-W-210 M [63]
DU91-W2-250 3M [63]
DU97-W-300 3M [63]
DU00-W-212  3M, 6M, 9M, 12M [64]

Figure 5.4 shows the sample optimal correction field results for S809 airfoil and DU97-
W-300 airfoil at 6° angle of attack. These scenarios correspond to attached flow regions, where
the SA baseline model predicts the lift coefficient quite accurately. Hence the magnitude of the
correction field is small, as confirmed by the contours showing /3 close to 1.

Figure 5.5 shows the sample optimal correction field results for NACAO0O012 airfoil and
DU93-W-210 airfoil at 10° angle of attack. These scenarios correspond to onset of stall, where the
SA baseline model starts to deviate from the experimental lift coefficient. Hence the magnitude
of the correction field is seen to increase as confirmed by the contours.

It must be noted that, in each of these cases, the correction field is § = 1 as we move away
from the airfoil. This was ensured by the regularization term in the objective function.

Figure 5.6 compares the lift coefficients predicted using the optimal /3 field obtained from
the field inversion for various airfoils at the testing set of angles of attack. Clear improvement of
the lift coefficient is seen, with the FI predicted values close to the experimental data. The small

differences arise due to the regularization term in the optimization.
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Figure 5.4: Optimal (3 field using field inversion for S809 airfoil and DU97-W-300 airfoil at
a = 6°
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Figure 5.5: Optimal [ field using field inversion for NACAQ0O012 airfoil and DU93-W-210 airfoil
at o = 10°
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Figure 5.6: Lift coefficient improvements using Field Inversion, comparison with experiments
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5.3.3: Machine Learning

While the field inversion obtains an appropriate optimal correction field to improve the
turbulence model predictions, they are specific to the particular flow scenario. However, the
obtained field contains physics-rich information and can be appropriately transformed into useful
modeling information by learning a functional relationship projected in a suitable feature space
(n). This obtained functional can be augmented with the baseline turbulence model and can be
used for enhanced predictions of turbulent flows. Supervised learning techniques such as neural
networks are powerful tools to extract complex functional relationships and are employed in this
study to obtain a functional for the correction field term. The augmented turbulence model is
given by Equation 5.9

Dv

By = B(n)P(#,U) — D(#,U) + E(#,U) (5.9)

5.3.3.1: Selection of Flow Features

The selection of suitable features is important to appropriately model the functional for
the correction term. A locally non-dimensional quantity that directly comes from the turbulence
working variable is x, defined as the ratio of the eddy viscosity working variable to the laminar
viscosity. Similarly, the ratio of local strain rate magnitude to vorticity magnitude is another
feature considered for this study. A third feature § is defined as the ratio of local turbulent strain
to the wall shear stress, appropriately scaled as in Equation 5.10. This parameter was studied by

Shivaji [69] to indicate the effect of adverse pressure gradient in separating flows over airfoils.
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(5.10)

Equation 5.11 shows the three variables chosen as the set of flow features influencing the

[ correction term.

S| }
=y, =5 5.11
n {x Q] (5.11)
5] ¢
1 X
0.5
0
0.5 1 1.5 0 10 20 30
d 1S1/1€2]

0 10 20 0 10 20

NACA0012 DU93-W-210
DU00O-W-212 DU97-W-300

Figure 5.7: Frequency polygons of each flow feature and the correction term for all airfoils

&9



The distributions of these flow features are compared for each airfoil. Figure 5.7 shows the
normalized frequency histograms of the combined data of each flow feature and the correction
parameter for each airfoil, at all tested angles of attack. The data from the far-field (far away from
the airfoil) is removed before the normalization of frequencies, since each of these quantities do
not exhibit any variation far from the airfoil. It can be seen that all the flow features approximately
collapse into a similar distribution, indicating representative nature of the data obtained from each
of these airfoils.

Figure 5.8 shows the obtained features and the correction field for DU-93-W-210 airfoil at

a = 10°.

Figure 5.8: Contours of the flow features and f field for DU93-W-210 airfoil at v = 10°
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It can be seen that all the features are activated in the boundary layer region and in the
separated flow region. Contours of the § parameter rise near the separation point, and drops to
lower values in the recirculation bubble. Strain to vorticity ratio is extremely low in the wake

region indicating free shear and region of high vorticity.

5.3.3.2: Learning the Functional Correction

Each airfoil data is considered as a separate dataset, and a neural network is trained on
each of these datasets. An ensemble dataset is generated using the mean prediction of each of
these neural networks, and a new neural network is trained on this dataset. Figure 5.9 shows the
schematic of the training of this ensemble neural network.

Ensemble neural networks are a robust way of training regression networks by avoiding
overfitting of the data. In conventional bagging type ensemble methods [70], the final prediction
is just a weighted average of the component networks. However, since the computation of
occurs at each mesh point for each iteration, the computational cost of bagging ensemble becomes
high. Instead, the bagged ensemble is replaced by training a new neural network, with training
data generated from the bagged ensemble predictions. The neural network has 3 hidden layers
(allowing for a greater level of non-linearity) with 20 neurons in each layer, and uses a hyperbolic
tangent activation function. While the output correction field is naturally distributed around § =
1, a simple affine shifting ensures the appropriate scaling of the terms.

Figure 5.10 shows the training performance of the individual component neural networks
on the respective airfoil datasets. It can be seen that the machine learnt correction parameter

has a larger spread around the “true” (3 values obtained from field inversion. This is because the
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functional variation can not be completely explained using the chosen flow features, indicating
the importance of the choice of appropriate set flow features. However, the chosen set of features
are the major influencing flow parameters to identify and quantify the onset of flow separation
and stall phenomena, and the performance of the machine learning step ensures the learning of
the appropriate influence of these variables on the correction term.

The retrained neural network is augmented with the baseline SA model to generate a
modified turbulence model. Figure 5.11 shows the comparison of the [ field predicted for
DU93-W-210 airfoil at « = 10° using the augmented model to the FI predicted optimal [ field.
While the predicted fields do not match completely due to the loss of information in training, the
majority of the correction field is predicted near the airfoil surface, including the areas of adverse

pressure gradient and the possible location of flow separation.
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Figure 5.10: Comparison of the predicted [ using the individual neural networks vs 3 obtained
using field inversion, for each airfoil
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Figure 5.11: Comparison of FIML prediction (bottom) to FI estimates (top) for DU93-W-210
airfoil at o = 10°

5.4: Improvements in Airfoil Predictions

5.4.1: Numerical considerations for the Augmented model

The modified turbulence model (Equation 5.9) uses flow features to compute the correction
term to the turbulence model. However, in the initial flow iterations, the model may compute
unrealistic correction terms due to the unsettled flow variables. Hence, an initial offset of 500

flow iterations is applied to the model, until which the model behaves smilar to the baseline SA
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model.

Further stability towards sudden changes in /3 is introduced by using a relaxation iteration
where the computed /3 in the model is given by Equation 5.12. This is similar to a time delayed
evolution of the § parameter, and in the steady limit, doesn’t alter the flow solution. A nominal

value of A = 0.5 is used in HAM2D.

BN (F, ) = ABW(F) + (1 — A1) (5.12)

5.4.2: Improvements in the lift coefficient predictions for airfoils

The new turbulence model is tested on the airfoils listed in Table 5.1. Each of the airfoils in
the training database all show a consistent improvement in the predictions of the lift coefficient
compared to the baseline SA model. However, the maximum lift coefficient and the stall angle
of attack are still overpredicted by the augmented turbulence model. The FIML improvements
are less than what is predicted by the field inversion alone, due to the loss of information in the
machine learning step.

Table 5.2 shows the comparison of the predicted stall angles and stall lift coefficients for
the tested airfoils. Figures 5.12, 5.13 show the comparison of the predicted lift curves using each

of the turbulence models with the experiments.
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Figure 5.12: Comparison of experimental lift coefficient with improved CFD predictions for
different wind turbine airfoils
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Figure 5.13: Comparison of experimental lift coefficient with improved CFD predictions
forDU00-W-212 airfoil at different Reynolds numbers
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Table 5.2: Improvements in stall angle of attack and lift coefficient for each airfoil using the
augmented turbulence model

Stall Angle Stall Lift Coefficient
Exp. SA FIML | Exp. SA FIML

NACAO0012 6M | 17.1° 18 17° | 1.61 1.69 1.58
S809 2M | 9.5° 14°  12° | 1.07 141 1.28
DU93-W-210 | 2M | 8.2° 14° 11° | 1.30 1.67 1.52
DU91-W2-250 | 3M | 8.5° 15° 11° | 1.17 1.65 147
DU97-W-300 | 3M | 9.1° 18 11° | 1.19 1.52 1.31
DUO00-W-212 | 3M | 9.5° 14° 12° | 1.21 161 145
DU00-W-212 | 6M | 10.0° 15° 14° | 1.30 1.70 1.59
DU0OO-W-212 | OM | 11.1° 15° 14° | 145 1.76 1.62
DU0O-W-212 | 12M | 12.1° 16° 14° | 1.49 1.80 1.66

Airfoil Re
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The degree of improvement (DOI) of the stall angle and stall lift coefficient are defined as

shown in Equation 5.13, where f represents the quantity of interest.

|fFIML - fexp|
DOlI;=1— ———— (5.13)
d |fSA - fexp|

The augmented turbulence model shows improvements of more than 35% in the estimation
of stall angle and more than 40% in the stall lift coefficient. In the wind turbine family of airfoils,
these improvements are maximum for the 30% thick DU97-W-300 airfoil reaching upto 75%
improvement in the stall angle and 60% in the stall lift coefficient.

Furthermore, the accuracy of predictions in the linear lift region are unaltered, indicating

that the augmented correction functional is both model consistent and physics consistent.

5.4.3: Improvements in drag coefficient and lift-to-drag ratio

Besides the improvements in lift coefficient, predictions of the rise in drag coefficient are
also improved with improvements in resolving flow separation phenomena. The rise in drag
results in reduction in lift-to-drag ratio, which is an important factor for the design and operation
of wind turbine airfoils.

Figure 5.14 shows the lift-to-drag ratio predictions for DU00O-W-212 airfoil using each of
the turbulence models and compares with the experimental data. The results show a consistent
improvement of the angle of maximum lift-to-drag ratio as well as the magnitude of the maximum
lift-to-drag ratio. On an average, the maximum lift-to-drag ratio is improved by 40% across the

range of Reynolds numbers, with higher improvements at higher Reynolds numbers.
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Figure 5.14: Comparison of experimental lift-to-drag ratio with improved CFD predictions for
DUO00-W-212 airfoil at different Reynolds numbers
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5.4.4: Improvements in capturing the flow separation

The flow solutions corresponding to the separated flow show improved predictions of the
flow separation point. Figure 5.15 shows the comparison of the surface pressure coefficient
distribution predicted by each of the turbulence models with the experimental measurements,
for S809 airfoil at &« = 14°. It can be clearly seen that the separation point predicted by
the augmented turbulence model moves upstream (showing larger separation) compared to the
prediction by SA model. Also, the predicted surface pressure coefficient using the augmented

turbulence model are closer to the experimental measurements compared to the baseline.
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Figure 5.15: Comparison of the surface pressure coefficient predicted by the turbulence models
with the experimental measurements, for S809 airfoil at v = 14°

Figure 5.16 show the predicted streamlines and the separation bubble on the suction surface
of S809 airfoil at @« = 14°. Consistent with the surface pressure measurements, the streamlines
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show a larger separation region predicted by the augmented model compared to SA baseline.

X

Figure 5.16: Comparison of streamlines predicted using SA baseline (top) and SA-FIML
(bottom) showing flow separation region for S809 airfoil at o = 14°

It must be noted that these improvements are based on training using only the integrated
lift coefficient. The improvements in other physical quantities indicate that the learnt correction
is consistent with the actual physical behavior of fluids in such strong adverse pressure gradient

scenarios.

103



5.5: Summary

Field-Inversion Machine Learning (FIML) methodology is applied to arrive at a functional
correction to the SA turbulence model, to achieve a better prediction of flows over wind turbine
airfoils in the stall regime. A non-dimensional functional correction is applied to the production
term in the SA model, to account for the appropriate changes in the source terms governing the
eddy viscosity variable.

Field inversion is performed on a representative set of airfoils ranging from 12% thickness
to 30% thickness, for different Reynolds numbers and angles of attack to encompass a wide range
of flow scenarios. The inversion process is based on the experimentally measured lift coefficients
of the airfoils.

Three non-dimensional flow features corresponding to the SA working variable, the local
shear levels in the flow and adverse pressure gradient are chosen to be the appropriate governing
features for the functional correction. Ensemble methods are used to train a neural network to
fit a functional relation between the identified flow features and the correction parameter and the
obtained functional correction is augmented with the SA turbulence model.

The modified turbulence model (SA + NN) shows consistent improvements in predictions

of various engineering variables as well as local flow solutions. Some key conclusions are

(1) Field inversion is able to dramatically improve CFD predictions near stall, and provide

large amount of training data for machine learning.

(2) All the tested airfoils show similar distributions of the identified flow features

(3) Predictions of the augmented turbulence model show a consistent improvement by more
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than 35% in the stall angle and by more than 40% in the stall lift coefficient.

(4) Lift-to-drag ratio predictions show consistent improvements, with an average maximum

lift-to-drag ratio improvements of 40%.

(5) Flow separation point is more accurately predicted upstream of the suction surface for

airfoils, with improved surface pressure estimates.
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Chapter 6: Physics-informed Data-driven Surrogate Model

In this chapter, the developments in all the previous chapters are integrated into a combined
physics-informed data-driven surrogate model. This is a meta-learning model, i.e., a learning

algorithm is applied on the data generated using another learning algorithm.

6.1: Development of the ‘“Meta-Learning” Aerodynamic Analysis Tool

6.1.1: Data Generation

The airfoil geometry database of wind turbine airfoil perturbations is used to develop the
surrogate model in this study. CFD simulations are performed on each of the geometries, using
FIML augmented turbulence model. Figure 6.1 shows the spread of the performance quantities

for the geometries.
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Figure 6.1: Range of the performance parameters in the FIML augmented dataset
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6.1.2: Training the Model

An artificial neural network based surrogate model is developed, with the data scaling
and orthogonalization steps for both inputs and outputs is implemented. Repeated k-fold cross-
validation is performed, with Huber loss function as the training objective. The neural network
has two hidden layers and hyperparameter tuning is performed locally around H; = 25 and
H, = 20. The neural network has nearly same composite statistic score for all the possible
hyperparameters satisfying 22 < H; < 28 and 16 < Hy < 24.

The final surrogate model has two hidden layers with H; = 25 and Hy, = 20, with
hyperbolic tangent activation function in each layer. Lasso regularization is used with a penalty

parameter of A = 0.1.

6.1.3: Performance of the Model
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Figure 6.2: Validation of the surrogate model for FFA-W3-270 airfoil

Figure 6.2 shows the validation of the surrogate model for FFA-W3-270 airfoil. The
associated Lo error for the total dataset for the performance quantities are 0.035, 0.45 and 0.0029

for lift coefficient, lift-to-drag ratio and pitching moment coefficient respectively.

107



6.2: Application to Airfoil Design Problems

In this section, we demonstrate the usage of the surrogate model for airfoil design problems.

Genetic algorithms are used as the optimization tool.

6.2.1: Genetic Algorithms

The sequence of steps involved in the optimization process using Genetic Algorithms (GA)
is shown in Figure 6.3. These algorithms are inspired by the process of natural selection, where
the designs are evaluated for a fitness criteria or the objective function and only the better
performing designs survive through generations. To explore the design space, crossover and
mutation operations are used to propagate the design population towards best performing designs

in the design space.

Initialize Population o
Designs

.
>

A 4
Evaluate
Cost function

Best Design >

Convergence?

Natural Selection

Mutation
(Survival)

L Propagation

(Crossover)

Figure 6.3: Genetic algorithms methodology and sequence of steps

A least squares objective function described in Equation 6.1 is used to arrive at a best
performing geometry using GA. Three constants ()\;) are used to tune the relative importance of

each performance parameter and to remove any bias towards the quantities with large magnitudes,
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as the coefficients of the L, norm of the difference in each polar to the corresponding target
performance. For each design problem tested in this work, GA is used to arrive at an optimal
airfoil, with an initial randomly distributed design population of size 32, continuous random
variables to define crossover of design variables, and a 5% mutation rate with a normally distributed
random variable for mutations. The population is propagated through 500 generations and the

best performing design is chosen at the end of 500 generations.
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Usage of the developed surrogate model architectures enabled a new paradigm for aerodynamic
design optimization, where support is provided for a multi-point aerodynamic design. This
paradigm enables aerodynamic designs for multiple design points as well as design considerations

for the operational envelope.
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6.2.2: Design Problem 1: Reconstruction of an airfoil shape

The first design problem is to reconstruct the DU93-W-210 airfoil from its performance
curves. This testcase is a validation case similar to the method of manufactured solutions. The
CFD predicted lift coefficient, lift-to-drag ratio and pitching moment coefficient are fed into the

objective function as targets.
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Figure 6.4: Results of Design problem 1: The DU93-W-210 airfoil shape is predicted accurately
using optimization

Figure 6.4 shows the results of the optimization problem, with accurate prediction of the

airfoil shape and the performance curves. This problem reconfirms the validity of the surrogate
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model for wind turbine airfoil geometries.

6.2.3: Design Problem 2: Increasing the lift-to-drag ratio

For the second design problem, the objective is to increase the lift-to-drag ratio of the airfoil
by 5% throughout the range of angles of attack and maintain the lift and pitching moment profiles
same. This essentially is a drag reduction problem. Figure 6.5 shows the target lift-to-drag ratio

curve and the predicted airfoil shape and its performance predictions.
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Figure 6.5: Results of Design problem 2: lift-to-drag ratio is improved by reducing the airfoil
thickness

In order to increase the lift-to-drag ratio, the airfoil thickness has reduced. While the target
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was to increase lift-to-drag ratio alone, the stall angle is delayed due to the change in the shape
of the airfoil, and thereby, the genetic algorithm arrived at an airfoil which meets the target
distribution until maximum lift-to-drag ratio and then drops slower than the target curve.

CFD is performed on the obtained shape, and the predictions of the surrogate model accurately

match with the CFD predictions.

6.2.4: Design Problem 3: Delaying the stall
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Figure 6.6: Results of Design problem 3: Stall angle is delayed by varying the airfoil suction
surface

For the final design problem, the objective is to delay the stall phenomena by 1°. The target
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curve fed into the objective function is obtained by increasing the linear lift region by 1° and then
maintaining same post stall reduction in the lift. Figure 6.6 shows the target lift curve and the
predicted airfoil shape and its performance predictions.

In order to delay stall, the airfoil suction surface is modified with relative thickness of the
airfoil maintained nearly the same. The stall angle is shifted by 1°, however, the lift curve did not
match the target curve. The predicted stall is gradual with the drop of lift occuring at the delayed
stall angle. The maximum lift-to-drag ratio remained nearly the same.

CFD is performed on the obtained shape, and the predictions of the surrogate model accurately

match with the CFD predictions.

6.3: Summary

A “meta-learning” model is developed by combining the physics-informed modeling and
data-driven surrogate modeling techniques. The developed model is used in a design optimization

framework using genetic algorithms, on a few design problems. Some key takeaways are

(1) The developed surrogate model has uniform accuracy across a variety of wind turbine

airfoils.

(2) The surrogate model is used together with genetic algorithms based optimization framework

to perform inverse design of airfoils.

(3) Inverse design to arrive at a prescribed airfoil shape using its performance curves gave

accurate results

(4) Inverse design for drag reduction and stall delay gave airfoils that partially reach the target
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performance. However, an airfoil that perfectly matches the target is not predicted. This

may be because the physics of the flow doesn’t allow to attain the prescribed targets.

(5) CFD computations are performed on both the new airfoil designs, and the surrogate model

predictions accurately match with the CFD predicted data.
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Chapter 7: Closure

Design testing and analysis forms a major bottle-neck in the design process of wind turbine
applications. Even with the advancements of high performance computing frameworks, use of
high-fidelity CFD for analysis during the design optimization phase is impractical due to the
overall computational cost of analysing a large number of designs. Additional overheads get
added to the overall cost if the design is performed in a multidisciplinary and/or non-deterministic
setting.

Surrogate modeling is an efficient data-driven tool to model the required quantities of
interest without actually having to perform the computationally expensive high fidelity CFD
simulations. In this thesis, a representative database of wind turbine airfoils is developed using
efficient design space exploration strategies. A database of CFD solutions for the nominal
operating ranges of angles of attack and Reynolds numbers is generated. A neural network based
surrogate model is developed to predict the airfoil aerodynamic performance quantities of lift
coefficient, lift-to-drag ratio and pitching moment coefficient for a given airfoil geometry.

Besides efficient design space exploration, efficient parameter space exploration strategies
using data puncturing are explored to exploit data synergy and redundancy distributions in the
data. The effects of reduction in the data on the accuracy of the surrogate model is investigated

for different styles of data puncturing.
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The effects of uncertainty in airfoil geometries on the performance quantities is investigated
using a Monte-Carlo based uncertainty qunatification framework built on the surrogate model. A
quasi Monte-Carlo based global sensitivity analysis framework is developed to rank the design
variables and identify the most influencing design variables.

Additionally, physics-informed modeling technique of field-inversion machine learning is
used to improve the turbulence closure model to predict the stall characteristics of the airfoils
more accurately. A correction field is obtained using field inversion for multiple airfoils using
the experimental lift coefficients. Appropriate flow features are identified to learn a functional
correction for the SA turbulence model to improve the stall predictions on wind turbine airfoils.

The improved turbulence model is used on the generated database of wind turbine airfoils
and a “meta-learning” surrogate model is developed. This surrogate model is a computationally
inexpensive aerodynamic performance estimator of wind turbine airfoils, with predictions of stall
closer to the experiments. This surrogate model is used along with an evolutionary optimization

framework to perform wind turbine airfoil design optimization problems.

7.1:  Key Observations and Conclusions

7.1.1: Data-driven Surrogate Modeling

(1) Using orthogonal or near-orthogonal shape functions like Chebyshev polynomials results

in a well-behaved airfoil representation.

(2) Orthogonalization transformation of inputs and outputs using POD is more efficient for

training a neural network and the accuracy of the predictive model is very high even with
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shallow neural networks. This is mainly because the complex physical behavior is captured

as features in the high eigen value POD modes.

(3) Huber loss is a more efficient training objective function which has both the features of

MSE (mean squared error) and MAE (mean absolute error).

(4) Repeated k-fold cross-validation ensures a more representative measure of the performance

of the machine learning model for smaller datasets.

(5) Trade-off between the bias and variance errors is efficiently computed using k-fold cross-

validation, and is hence recommended for hyperparameter tuning.

(6) The developed surrogate model is uniformly accurate over a large range of wind turbine
airfoil geometries, with an L, error estimate of 0.03 in lift coefficient, 0.4 in lift-to-drag

ratio and 0.003 in pitching moment coefficient.

(7) Knowledge of synergy and redundancy can help to efficiently design the parameter space

for training data generation.

(8) Naive data puncturing is an inefficient parameter space design technique since the synergy

is lost in the process of reducing redundancy.

(9) Uniform data puncturing can efficiently reduce the required training data by 50% without

loss in accuracy of the surrogate model.

(10) Uniform data puncturing causes an initial decrease in redundancy followed by a delayed
decrease in synergy. As a result, the accuracy of surrogate model is plateaued until the drop

in synergy kicks in.
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(11) Selective data puncturing is a more efficient strategy to improve the proportion of synergy

to redundancy in the dataset.

(12) 5% deviation in geometric parameters contributed to about 3% deviation of the performance

quantities near the operating angle of attack for the wind turbine airfoil.

(13) Near stall angle, the uncertainty of the performance parameters of lift coefficient and lift-
to-drag ratio increases to more than 10% for 5% uncertainty in geometric parameters. The

pitching moment uncertainty is however uniform across all angles of attack.

(14) Global sensitivity analysis shows the top surface of the airfoil surface as the most influential

design parameter for high angles of attack beyond stall.

7.1.2: Physics-informed Modeling

(1) The various airfoils all show a similar distribution of the key flow features identified as
the driving features of the turbulence correction as well as the field inversion predicted

correction parameter, when trained with a representative set of angles of attack.

(2) Anensemble averaging technique is a robust training strategy to train the predictive models.

(3) Predictions of the FIML augmented turbulence model (SA+NN) achieved a consistent
improvement in the predictions of the stall angle of attack by more than 35% and the stall

lift coefficient by more than 40%.

(4) Lift-to-drag ratio predictions show consistent improvement with an average maximum lift-

to-drag ratio improvement of 40%.
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(5) Airfoil surface pressure predictions are also significantly improved, with the separation

point shifted upstream on the suction surface of the airfoil.

7.1.3: Meta learning model

(1) The meta-learning model showed a consistent uniform accuracy over the entire range of

wind turbine airfoil database.

(2) Using this model, the inverse design problem to reconstruct an airfoil from its performance

curves was accurately predicted.

(3) For the design problems to achieve higher lift-to-drag ratio and delayed stall, the results
were partially matching with the target performance curves, and post stall comparison

shows the maximum difference.

7.2: Recommendations for Future Work

The frameworks developed in this thesis consist of efficient design exploration strategies,
design of experiments and robust training approaches. However, there is a significant scope of

improvement in a few aspects of the methodology and a few potential extensions.

(1) This work aimed at developing relatively simple machine learning models and achieved
significantly higher accuracies compared to the state-of-the art. This is mainly because
of the appropriate processing of the data before training. Therefore, a primary suggestion
to extend the work on surrogates will be to retain the simplicity of the machine learning

architectures and focus more on the data generation and processing strategies. Usage of
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2)

3)

“4)

modern design of experiments with Bayesian formalism of choosing the training data can
further reduce the amount of training data required for developing the surrogate models,

and should be a potential domain to investigate.

Data puncturing is a new concept introduced in this work. Selective puncturing has the
highest potential to reduce the training costs. However, this work tested a simple variation
of the selective puncturing strategy. A possible extension of this work is to develop metrics
that can quantitatively identify the distributions of synergy and redundancy in a dataset,
and then develop a selective puncturing strategy using the developed metrics on the lines

of adaptive strategies for design of experiments.

The physics-informed modeling strategy employed a simple correction to the production
term. A more rigid functional correction that is guaranteed to obey the generalized law
of the wall may be formulated and used with the FIML methodology. Adverse Pressure
Gradient corrections to SA model by Shivaji [69] can be a starting point of developing

such functionals and training for a more consistent correction.

Modern machine learning architectures like the Tandem Neural Networks (T-NN) [71]
can be used for efficient inverse design applications. Development of such frameworks
with efficient implementations of multidisciplinary and multi-objective constraints has a
large potential to serve for various design engineering applications. The current work on
data exploration and surrogate modeling can be extended to develop similar inverse design

architectures with more efficiency.
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Appendix A: Comparison of Chebyshev and Bernstein polynomials

The Class function - Shape function Transformation (CST) is a geometry parametrization
approach for various aerospace geometries. Equation A.1 shows the CST parametrization of the
airfoil surface coordinate (¢) using class function (C') and shape function (5) along the chord-
wise coordinate (/). The class function C' encodes the typical airfoil geometric characteristics of
rounded leading edge and sharp trailing edge. Finite trailing edge thickness is represented using
the second term involving the trailing edge thickness (. The actual shape of the airfoil surface

is governed by the shape function S.

() = C()S(¥) +¥¢r (A.1)

The original CST methodology [50] uses the set of Bernstein polynomials as the basis of
the vector space of shape functions. The CST methodology accurately represents the airfoil
geometries within the accepted level of tolerance limits [50], indicating that the polynomial
shape functions are appropriate to represent the airfoil geometries. The choice of Bernstein
polynomials was made primarily for their simple functional form and their physical insight in
terms of the local contributions of each basis polynomial to the geometries. For instance, the
lower Bernstein polynomial numbers influence the shape near the leading edge and the higher

polynomial numbers influence the shape near the trailing edge. The physical intuitiveness of
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these polynomials make the design decisions easily interpretable.

However, due to the non-orthogonal nature of the Bernstein polynomials, the representation
of airfoil shape using these basis functions becomes ill-posed. That is, two physically similar/close
geometric shapes are represented using a largely different set of Bernstein coefficients. This is
illustrated using an example airfoil surface geometry in Figure A.1. Unit airfoil in the figure
corresponds to the airfoil with a shape function of unity, i.e., all the Bernstein coefficients are 1.

This airfoil is compared with a perturbed airfoil with largely different Bernstein coefficients.
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Figure A.1: Ill-posedness of the Bernstein polynomial based CST. Left: Airfoil top surface for
unit airfoil and a perturbed airfoil, Right: Corrsponding Bernstein coefficients

Observe that while the airfoil geometries are similar with a small L, variation in shape, the
corresponding Bernstein coefficients have a significantly large difference. This ill-posedness of
the representation results in the Bernstein coefficients being bad inputs for surrogate modeling.

To overcome this issue, the basis functions chosen must represent an orthogonal set of
polynomials. The orthogonality of the basis functions will ensure the validity of the norm
across physical and CST space. With the airfoil class function, the Jacobi polynomials form an

orthogonal set of polynomials corresponding to the standard inner product definitions of square
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integrable functions. However, these polynomials alter with changing class function, violating
the universal parametrization properties of CST. We propose the use of Chebyshev polynomials,
which are near orthogonal (i.e., the inner products two different basis polynomials with respect
to the airfoil class function are close to zero). Figure A.2 shows the corresponding Chebyshev

polynomial based CST coefficients for the example airfoils considered above.
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Figure A.2: Comparison of Bernstein (left) and Chebyshev polynomial (right) representation for
the unit and perturbed airfoil

Clearly, the magnitude of the variation from unit airfoil to the perturbed airfoil is low in the
Chebyshev representation, in alignment with small differences in the geometries. The Chebyshev
representation is hence well-posed and will form a better geometric representation alternative
to be combined with CST. Furthermore, the representation accuracy with the modified CST is
maintained exactly the same, since both the sets of polynomials span the same vector space of

geometries.
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Appendix B: Neural Network Data

The surrogate models developed in this study are made available for public use and hosted
on GitHub at the URL: https://github.com/koushik-marepally/WT_Airfoil

Surrogates.
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