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SUMMARY

The aeronautical industry is continuously looking for more ef cient aircraft and provide
a reduction on fuel or power consumption while guaranteeing safety, optimality, and stabil-
ity. The advances of composite materials enable building morphing structures that adapt to
a variety of ight and environmental conditions. Airplanes that use morphing technologies
can achieve optimal performance and minimize the drag over the entire ight envelope and
operate even in dangerous weather conditions.

In this dissertation, we propose a data-driven framework to control morphing airfoils
in the subsonic ight regime, considering high Reynolds numbers to reach, in ef cient
and safe way, a shape with improved values of the aerodynamic coef cients. The on-
line solution is based on a data-driven controller combined with a surrogate model and a
multi-gradient descent algorithm considering objective functions that are relevant in aero-
dynamics: increase lift-drag ratio, reduce drag and increase lift. Without full knowledge
of the aerodynamic parameters (lift, drag, and pitching moment coef cients), the learning
framework searches for an airfoil shape that minimizes a metric of performance associated
to drag, lift, and pitching moment coef cients. The solution uses online data to improve
the accuracy of the predictions of the aerodynamic coef cients provided by the surrogate
model along the trajectory. The optimization framework focuses on subtle airfoil defor-
mations to assure a smooth trajectory between the initial and the nal shape. Finally, the
ef cacy and the robustness of our proposed solution is shown in numerical examples, re-

sulting in a signi cant reduction in the prediction error.

XiX



CHAPTER 1
INTRODUCTION

1.1 Motivation

In the aerospace industry [1, 2], engineers are continuously exploring the design space
to produce a more ef cient and safe aircraft. One relevant performance metric can be fuel
consumption, which is directly affected by the drag, so that a constrained drag minimiza-
tion is a constant target in aeronautical design. Drag reduction is a desired target due to
fuel burn cutback, which has a positive impact on greenhouse gas emissions. To achieve
reduced drag, aerodynamic shape optimization is currently used. Numerical optimization
can enhance the consistent exploration of the design space and lead to trade-offs which
would be dif cult to achieve without resorting to numerical tools. One strategy to achieve
reduced drag is the use of morphing con gurations [3, 4, 5, 6].

Since a variety of ight conditions are usually encountered in daily operations, a single
optimal shape is, in general, incapable of minimizing drag over the entire ight envelope.
To this end, aircraft leveraging morphing technologies are better suited to attain optimal
aerodynamic performance under various ight conditions. The advent of composite materi-
als and advanced control techniques enable the design of morphing structures that can adapt
to varying ight conditions with optimal performance. Moreover, morphing con gurations
eliminate the presence of gaps and steps which are typical in high-lift devices. Airplanes
that employ morphing technologies can achieve optimal performance by minimizing drag
over the entire ight envelope and leverage the use of laminar ow technologies [7] by
performing shape optimization.

To perform aerodynamic analysis and shape optimization [8], one needs a ow solver

that can account for the physical and environmental phenomena of interest. The increasing



computational power allows aerodynamicists to use increasingly complex computational
aerodynamics tools. The use of Computational Fluid Dynamics (CFD) became the norm
in airplane design [9, 10] [10] but despite the availability of High-Performance Computing
(HPC) facilities, traditional CFD computations are still time consuming and computation-
ally inef cient. In the early design phases, the engineers investigate many con gurations
and, therefore, the time required to perform each aerodynamic analysis is relevant. To
alleviate computational requirements, traditional CFD solvers can be adopted to generate
high- delity aerodynamic data that will, in turn, be employed to calibrate potential surro-

gate models.

1.2 Research Contributions

This dissertation aims to develop a framework to control ying machines that employ
morphing technologies in high Reynolds number ows in different ight conditions. To
achieve this goal, we will explore the use of a morphing airfoil controlle@®ree-Form
Deformation (FFD) control points by focusing on four aspects: high- delity Computational
Fluid Dynamics simulations, surrogate models based on Deep Neural Networks (DNNSs),
shape optimization based on multi-gradient descent approach and learning algorithm using
online measurement data. In this work, we will not evaluate constraints related to struc-
ture and weight. These constraints can be added to the proposed solution as geometric
constraints to be discussed in future work.

The CFD simulations will be performed using open-source computational uid dy-
namics solver (AD ow), an open source CFD solver with options to solve Euler, laminar
Navier-Stokes, and Reynolds-Averaged Navier—Stokes (RANS) equations in steady, un-
steady, and time-spectral modes [11]. The numerical methods and models in AD ow have
been validated in [7, 12] against experimental airfoil data. To address the surrogate models,
we will train three fully-connected DNNs in different ight conditions using shapes gen-

erated from morphing airfoil with the respective aerodynamic associated provided by the



CFD simulations.

Next, we will perform a multi-objective shape optimization based on a proposed multi-
gradient descent approach that evaluates variation of the pitching moment coef cient. We
will consider objective functions that are relevant in aerodynamics: increase lift-drag ratio,
reduce drag, and increase lift.

Finally, we will propose an online learning algorithm that improves the performance
level and the ef ciency of the shape morphing process during the ight by using online
measurements to improve the predictiorgoty andcy,.

The overall contributions of this dissertation are as follows,

* A data-based framework for the operation of ying machines that employ morphing

technologies.

* An online learning algorithm to reduce the prediction errors of the surrogate models

and improve the performance level and ef ciency of the morphing process in ight.

» A search algorithm based on multi-gradient descent approach that takes into account

three objective functions: increase lift-drag ratio, reduce drag and increase lift.

» Analysis of sensitive and robustness of the proposed learning algorithm.

1.3 Organization

The remainder of the dissertation is structured as follows. Chapter 2 describes works re-
lated to cyber-physical systems with focus on three aspects: Data-driven decision making;
morphing con gurations and safety assessment. Chapter 3 discusses shape optimization
and presents the problem formulation. Chapter 4 focuses on the morphing airfoil and on
the development of the surrogate models based on simulations using computational uid
dynamics. Chapter 5 discusses the multi-gradient search algorithm considering the three

cost functions relevant ins aerodynamic. Chapter 6 describes the algorithm proposed in



this work to predict the values df; ¢y; andc, of a sequence of shapes. Chapter 6 de-
scribes the data driven decision making algorithm to be used to prevent the system from
reaching undesired conditions. Finally, in Chapter 7 we provide concluding remarks and

recommendations for future work directions.



CHAPTER 2
SHAPE OPTIMIZATION

2.1 Introduction and Related Work

In the aerospace industry [1, 2], engineers are continuously exploring the design space
to produce a more ef cient and safe aircraft. One relevant performance metric can be fuel
consumption, which is directly affected by the drag, so that a constrained drag minimiza-
tion is a constant target in aeronautical design. Since a variety of ight conditions are
usually encountered in daily operations, a single optimal shape is, in general, incapable of
minimizing drag over the entire ight envelope. To this end, aircraft leveraging morph-
ing technologies are better suited to attain optimal aerodynamic performance under various
ight conditions. In this study, we evaluate the use of an airfoil able to optimally morph
vertically in ight to achieve a shape with reduced drag for a given ight condition. In
order to improve the level of safety and ef ciency, a framework is proposed that combines
data-driven analysis, optimization, and control-theoretic tools to optimally morph airfoil in
ight. The NACA 2412airfoil is considered as the baseline con guration to be morphed
since it is widely used in low-speed, general aviation airfoils. It is the airfoil used for single
engine Cessna aircraft, such as the Ced&2awhich attains maximum ight speeds no

greater than 0.2 Mach. Figure 2.1 illustrates the airfoil under analysis.



Figure 2.1: Airfoil NACA 2412

To perform aerodynamic analysis and shape optimization [8], one needs a ow solver
that can account for the physical and environmental phenomena of interest. The increasing
computational power allows aerodynamicists to use increasingly complex computational
aerodynamics tools. The use of CFD became the norm in airplane design [9, 10] but de-
spite the availability of HPC facilities, traditional CFD computations are still time consum-
ing and computationally inef cient. In the early design phases, the engineers investigate
many con gurations and, therefore, the time required to perform each aerodynamic anal-
ysis is relevant. To alleviate computational requirements, traditional CFD solvers can be
adopted to generate high- delity aerodynamic data that will, in turn, be employed to cali-
brate potential surrogate models.

The work of [13] proposes model-based convolutional neural networks to perform air-
foil aerodynamic analysis. The authors in [14] use a B-spline-based generative adversarial
network model for shape parameterization associated with a combination of multilayer
perceptron, recurrent neural networks, and a mixture of experts for surrogate modeling
to enable airfoil aerodynamic predictions over a range of Mach and Reynolds numbers.
The investigation in [14] includes aerodynamic shape optimization and other data-driven
aerodynamic simulations are developed in [15, 16, 17, 18, 19, 20, 21] and the references
therein.

Researchers have shown strong interest in morphing structures over the years. Deter-



mining the geometric parameters of an aerodynamically ef cient airfoil and morphing is
challenge. For instance, in [22], the authors propose a methodology to obtain the optimal
shape of a morphing block by using machine learning and adaptive dynamic inversion con-
trol capable of learning the required shape of a morphing smart block for a given trajectory.
With a numerical example, the authors show that the method can learn the commands that
produce the optimal shape while in [23], they extend the methodology to an air-vehicle
using Q-learning to obtain the optimal shape change policy. In [24] [24], the authors use
a Q-learning method combined with analytical aerodynamic calculations to determine the
optimal shape by changing the parameters of maximum camber location, airfoil angle of
attack, and thickness. The work of [25] developed an aerodynamic model and a dynamic
model of a morphing ying wing aircraft by using a constant strength source doublet panel
method. The developed model provides a versatile tool for calculating the aerodynamic
forces on the morphing aircraft.

The investigation in [26] proposes a deep neural network and reinforcement leaning
technique as a control strategy for shape-memory alloy actuators in the context of a mor-
phing wing. A deep deterministic policy gradient (DDPG) algorithm based on the Actor-
Critic framework is proposed in [27] to solve the problem of deep reinforcement learning
morphing control in continuous action space applied to a bionic bird wing-foldable Un-
manned Aerial Vehicle (UAV) model.

In [25], the authors proposed an aerodynamic dynamic model of a morphing ying
wing aircraft by using a constant strength source doublet panel method. The developed
model provides a versatile tool for calculating the aerodynamic forces of the morphing
aircraft. The authors in [28] present a novel active wing morphing aerostructure concept by
combining advanced composite lattice-based cellular materials/components with exible
wings.

Unlike the aforementioned studies, this dissertation aims to study the advantages of

deep neural networks with data-driven shape control to determine in ght an appropriate



optimal morphing shape for ef ciency and safety. Furthermore, the trajectory between the
initial and nal shape is determined to minimize the effect of morphing on the aircraft

stability characteristics.

2.2 Problem Formulation

De ne the morphing airfoil as a discrete-time dynamical system of the form

xrk 1s xrks urks
yrks fpxrksq rfqpxrksqfe mxrksqfe, xrksgs; k  0;1;:::;L; xr0s X
(2.1)

wherexrks PR is the state of the systemarks PR?° is the control input that drives the
position of the ordered pairs, agdks PR? is the output vector consisting of the lift, drag,
and pitching moment coef cients at a given shape, ye.r fop qfc,p qf.,p qs, where

f, :R®N R,f,, : RN R,andf, : R® N R denote the unknown nonlinear functions
representing the lift, drag, and pitching moment coef cients, respectively. The following

assumptions are now needed.

Assumption 1. The system (Equation 2.1) is stabilizable amilscan be measured for all

values otk P tO;1;:::;Lu. I

Assumption 2. The nonlinear functions p qf,p g andf ., p gare bounded and continu-
ous. Moreover, small variations on the shaplksfor all values ofk P t0;1;:::;Luimply

small variations on the values bfp qf.,p gandf,pq I

Assumption 3. The ight condition, de ned by the angle of attack ), Reynolds (Re), and

Mach numbers, remains unchanged during the whole morphing procedure. I

LetX , R? be the set of all the states reachable from the origkisteps of the system

(Equation 2.1), i.e., the set of all statesks obtained starting from the initial condition



xr0s The purpose of this work is to nd an improved shape denotexd aB X that has

an increased value af{cy, an increased value @f, a reduced value af;, and a desired

|cm| not greater than the initial value. The improved shape can be found by solving the
following multi-objective optimization problem:

minimize Fpxq M ;

UPR20 foprLsq fomxrLsg ; feXrLsq s

subjectto xrk 1s xrks urks @ P t0; L 1u

fopxrLsg ¥ f.r0sq 2.2)

fe,xrLsq  fc,xr0sq
| fenXrLsq| = [fc, xrOsq |

xr0s Xx:

Sincef ¢ p qf ¢,p g andf ., p gare unknown nonlinear functions, a surrogate model must

be constructed. This problem can be summarized as follows.

Problem 1. Find a shape with higherg—;I , higherg, lowercy, and feasible,, that can be

tractably estimated given that the functidn® qf,p q andf ., p gare unknown. I

Since morphing the wing airfoil can affect the stability of the aircraft, we will morph
the shape while we guarantee ef ciency and safety. Ef ciency means that morphing occurs
only when a new shaper s with improved values of ., p q f,p q andf, p gexists and
can be reached; while safety means that the trajectory from the baseline to the new shape
will not reach an intermediate shape with undesired values. Thus, the constraints can be

mathematically described as follows:
foXrksq ¥ 0:98f ; pxrOsq
fe xrksq @ 1:02f ., xrOsq
(2.3)
| fe, Xrksq| = 1:09 f, pxr0sq |
@Pt1;2 :::;L-1u
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Itis known that a surrogate model has inherent errors on the prediction and thus in order
to improve the prediction df, p q f¢,p q andf, p q we shall use data gathered along the

system's generated trajectories. This problem can be summarized as follows.

Problem 2. Estimatef . p q f¢,p q andf, p gin an online manner, using data gathered
along the trajectory of (Equation 2.1) while preventing the system from reaching any un-

desired values during the morphing procedure. I

2.3 Conclusion

In this chapter, we formulate the problem addressed by this dissertation, a multi-objective
optimization problem that involves objective functions relevant in Aerodynamic Shape Op-
timization (ASO) that are: increase the rap'@dq, reducecy and increase;. Unlike the
classical ASO where we are interested in nding a single shape that optimize an objective
function under given constraints, in this work we are interested not only in nding a nal

shape but also a trajectory to reach this nal shape in a safe and ef cient way.
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CHAPTER 3
SURROGATE MODEL

In this section we will deal with Problem 1. The approach used for modeling is based
on a Deep Neural Network (DNN) where the training dataset is generated from CFD tech-
niques. Once the surrogate model is obtained, our proposed search algorithm is used to
solve (Equation 2.2) and obtain an appropriate morphing shape.

To perform aerodynamic analysis and shape optimization, one needs a ow solver that
can account for the physical phenomena of interest. Although the CFD simulations can
provide accurate predictions of lift, drag and pitching moment coef cienigy andc,,,
respectively, they still require extensive computational power. This may potentially be an
issue during the early design phases, during which many con gurations must be explored.
Thus, we propose the development of a surrogate model based on a DNN to accurately
predict the aerodynamic parameters. This development consists of a gener&jo@0of
morphing shapes from a baseline shape and the training of two fully connected neural
networks.

We will focus on the aerodynamic shape optimization and we will constrain the max-
imum airfoil thickness so that it will not be smaller than the lower bound discussed in
subsection 3.2.2. Additional considerations from other disciplines and from regulatory re-

guirements should be included in the decision process considering best design practices.

3.1 Parametric Method

The FFD technique has been used in shape optimization [7, 29] and is based on the
tensor product trivariate Bernstein polynomial [30, 31, 32] that inserts the shape represen-
tation into a rectangular box composed by the control points. A subsequent transformation

recomputes the position of the solid points with respect to the modi ed points of the lattice.
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The vector% , hf’ , andhLdJ de ne the size and the orientation of the control lattice. The

lattice is uniformly layered by planes in their directions with several deformable cuboids

to embed the object as shown in Figure 3.1. Given several established basis functions

(trivariate Bernstein polynomials), the changing positions of the vertexes of the cuboids

(FFD control points) cause the inner model to deform [29].
Every object poinX px;y;zqinterior to the control lattice hgs; t; ugcoordinates in the

coordinate system xed to the FFD box as follows,

~ ~

¥ &0 s% tlif' uﬁL{l: (3.1)

LetPyc;i 0, ;j 0, :myk 0O ;nbe the control points on the lattice. The
deformation is represented by a movement of the control p&ptsfrom their positions.
The new position of an arbitrary poiXt pxpsgypgzpuggnside the lattice is computed as,
X psgypgzpuaq oo (AL osd s My Toplotdt g o hpl ud KukPy
(3.2)

Note that, FFD can then be used to deform an obje2Diror 3D spaces, regardless of

the representation of this object. Instead of manipulating the surface of the object directly,

we will move the FFD control points to obtain a new shape. The displacement of a point

inside the lattice is described by a third ordegzBer tensor product. The control lattice of

the parallel-piped FFD design used to morph the airfoil shape is shown in Figure 3.1, which

is implemented into a standalone Python package named Python Geometrical Morphing

(PyGeM).
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(a) Free-form deformatior8D). (b) Free-form deformatior2D).
Figure 3.1: The parallel-piped lattice [33].

Using the NACA2412airfoil as a baseline con guration, a new airfoil shape is ob-
tained by vertically moving the FFD control points as shown in Figure 3.1b. gthig.q

coordinates of the new shape are computed using (Equation 3.2).

3.2 Mesh Generation

The computational meshes for the airfoils considered in this work consists 02
points along the surface ai@0points in the off-wall direction. The meshes are generated
using a cluster, a cutting edge high performance computing (HPC) resource at Georgia
Tech equipped with Dual Intel Xeon GokP26 CPUs @:7 GHz (24 cores/node) [34].
The mesh generation approach is implemented in the open-source module pyHyp [35], a
hyperbolic mesh generator used to generate high-quality structured mesh. Figure 3.2 shows

the computational mesh for the NACA12airfoil.
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(a) Far eld. (b) Airfoil wall.
Figure 3.2: Computational mesh wit42029cells.

3.2.1 AD ow-CFD DataGeneration

To obtain the values of;, ¢y, andc,, (moment coef cient around the quarter chord)
for different airfoil shapes, we will use high- delity CFD simulations performed with AD-
ow. AD ow is an open source CFD solver [11] and has options to solve Euler, laminar
Navier-Stokes, and RANS equations in steady, unsteady, and time-spectral modes, with
multi-block structured and overset meshes. The governing equations are discretized us-
ing the nite volume method with rst and second order stencils. A Pseudo-Transient
Continuation (PTC) strategy is used to convert the ow equations. The in-viscid uxes
are discretized by using different numerical schemes: (i) the scalar arti cial dissipation
scheme [36], (ii) a matrix dissipation scheme [37], and (iii) a Monotone Upstream-Centered
Scheme for Conservation Laws (MUSCL) based on the works of [38] and [39]. The viscous
ux gradients are calculated by using the Green-Gauss approach while the residual equa-
tions can be converged with four distinct algorithms. An Approximate Newton-Krylov
(ANK) solver is implemented and can be used as a globalization scheme for the full NK
algorithm [40]. We use the Spalart-Allmaras (SA) turbulence model [41] as closure for all
CFD simulations that are part of this work. The numerical methods and models in AD ow

have been validated in [7, 12] against experimental airfoil data.
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For all CFD simulations used in the data generation, we chodgheorder decay in
total residuals magnitude as a relative convergence criterion. The relative convergence is

de ned as,
png ”Rg]q”&

rel '
IRE™|2

(3.3)

where the superscript fs refers to the free-stream properties. We observe that this stopping
criterion is reached, in general, aft2000nonlinear iterations for the test cases. For the

SA turbulence model, used in this study, the convergence is proved in [40].

3.2.2 ShapeGeneration

For the CFD analysis, we discretize the airfoil using 102 points distributed over
the surface. This quantity of points is nhecessary to obtain accurate values of lift, drag, and
pitching moment (at the quarter chord point) coef cierts,cy, andc,,, respectively, for
the high Reynolds number ow considered in this work.

To generate the new shapes from the baseline NBRZE2 we consideR0FFD control
points able to independently move in the vertical direction,1.Begree of Freedom (DOF)
for each control point. The control points are identi ed@s;x,;  ;Xxpogand are evenly
distributed as shown in Figure 3.1b. The control points may expand into small variations,
resulting in small deformations around the original airfoil. The upper surface is de ned by
the control pointgxq;Xx;; ;X100and the lower surface is de ned Ip¢11;X12; X200 by
assuming values in the interval:5; 2:5sas described in Table 3.1. Figure 3.3 presents the
upper and lower bounds and the morphed shapes in a linear trajectory obtained using the
FFD control points with the geometric constraint. While Figure 3.4 presents the result of
the CFD simulation of two different morphed shapes.

Table 3.1: Boundary of the FFD control points

max value| min value | upper bound shape lower bound shape
X1;X2; X10 2.5 -2.5 2.5 -2.5
X11:X12; X20 2.5 -2.5 -2.5 2.5
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Figure 3.3: Shapes in a linear trajectory.

Figure 3.4: CFD Simulation of two morphed shapes.

The main goal of morphing the initial shape is to generate shapes with better values of
aerodynamic parameters for a given ight condition. Every FFD control point can move
independently in y-direction. Figure 3.5 illustrates four morphed shapes generated by mov-

ing the FFD control points.

16



(a) Morphed shape 1. (b) Morphed shape 2.

(c) Morphed shape 3. (d) Morphed shape 4.

Figure 3.5: Examples of morphed shapes under geometric constraints.

3.3 Data Set

To train the DNNs used, we consider a ight condition de ned as B&; Mach=0:2,
and 1.0 and9;600shapes such tha680shapes are used as training data, £8@0
as validation data. Finally, we gener&d 00 more shapes to use as testing data and to
evaluate the accuracy of the predictions. Table 3.2 summarizes the data set used to train the
DNNSs.

Table 3.2: Data set
Training data set Validation data set Testing data set
Data points size 7,680 1,920 5,100

The numerical experiments to obtain ¢y, andc, (moment coef cient around the
guarter chord ) were performed on a computing node of the Partnership for an Advanced
Computing Environment (PACE) cluster at the Georgia Institute of Technology [34]. AD-

ow required, on average? hours to simulat®&0 morphed shapes usi@§B memory, and
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19 cores. This run-time corresponds td2th order decay in total residuals, which repre-
sents a standard engineering-level convergence for CFD analysis. Figure 3.6 describes how

the 14;100datapoints are distributed in terms of the aerodynamic parameters.

(@caxa. (b) Ca X Cm .

(c) o XCn.
Figure 3.6: Distribution of th&4;100datapoints used to train and evaluate the DNNSs.

3.4 Surrogate Model

Since the function$, p q f,p q andf ., p gare not known, one can approximate these
functions by generating data points by using CFD. To estirpatey, andc,, (moment
coef cient around the quarter chord) in a more ef cient way, we propose to use three fully
connected DNNSs to approximatep q f.,p q andf., p g The input data of the DNN is
the vectorX P RZ where the rst3 elements de ne the ight condition, i.e., the triple (Re,
Mach, ) and the remainin@0elements de ne a unique airfoil shape.

To estimatec; andcy in a more ef cient way, we propose to use two fully connected
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DNN to approximatd ¢, p gandf ¢, p gand predict each aerodynamic coef cient. The input

data of the DNN is the vectot P R?3 where the rst20elements de ne an unique airfoil

shape and the remaining elements de ne the ight condition, i.e., values of Re, Mach and
. The approximation of these functions via neural network \Wtlidden layers can be

mathematically expressed as follows,

23
> p0g . o
zPa WX %m0 My
i1
ap whiziRa g% Kk 1, K i L N1

m 1
28N pElgi L, N Lm L M
My
Fpq = whNeENe pigicu
m 1
wherex; is thej ™ element of the input data vectlr, is an activation functionM; and
K; are the number of neurons and number of output respectively faf'ttedden layer,
M; 1 K; holds since the two neural networks are fuIIy-connecﬁd,is the output
value of neurom of it" hidden layer whilewm andtijq are weight and biases respectively.
The goal of hyperparameter tuning and learning is to minimize the absolute value of the
difference between the approximation from the neural network and the given data. There
are various types of activation functions such as tangent hyperbatib); sigmoids, and
Recti ed Linear Unit (ReLu).
The DNNs will be trained by using the training data-sets described in Table 3.2. The
training is performed using Exponential Linear Unit (ELU) as activation function with input
data being normalized as discussed in our previous work [33], the loss function considered

is the Mean Absolute Percentage Error (MAPE).
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Table 3.3: DNN architecture

Layer DNN (g) DNN (cy) DNN (cm)

Input 1x23 1x23 1x23
Hidden | 5x25, 5x50, 5x25, 5x10 5x25, 5x50, 5x25, 5x10 5x25, 5x50, 5x25, 5x10
Output 1x1 1x1 1x1

MAPE 0.39% 0.04% 0.47%

The error histogram for each parameter usrigdOshapes from the testing data set is

shown in Figure 3.7.

@a (b) cq (€) Cm
Figure 3.7: Error histograms @f, ¢4, andcy, with 5,100 shapes

3.5 Conclusion

In this chapter, we described the morphing airfoil controlled2By=FD points able
to move independently in y-axis to obtain a new shape that can improve the values of the
aerodynamic parameters. We also described the DNNSs to obtain the valges;péind
cm (moment coef cient around the quarter chord) of a given shape and then perform shape
optimization to obtain, in seconds or in a few minutes, a safe trajectory to a given nal
shape. A reasonable time of response is necessary to morph ef ciently the shape during
the ight. Using directly the AD ow solver to nd the nal shape, and generate a safe
trajectory to this shape, will take many minutes or even hours since it takes 20 minutes on
average to obtain the aerodynamic parameters of a single shape [33].

For instance, the authors in Ref. [42] used AD ow as CFD solver to oliiairCp ; Cy ,
andCp of wing shapes and trained deep neural networks uk8%l08and47,967 CFD
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samples for training and validation, respectively. They performed CFD-based optimization
using the ef cient adjoint solver in AD ow, which costs 18.4 CPU hours using a 2.6 GHz
processor.

The authors in Ref. [43] performed gradient-based ASO of airfoils in subsonic and
transonic ow conditions to investigate the bene ts of including transition to turbulence
effects into the optimization process. They performed ASO framework, which uses AD ow
as the ow solver, and the optimization runs took up to 72 hours running on 36 processors

Intel-Xeon-Gold-6154, 3.0GHz.
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CHAPTER 4
MULTI-GRADIENT SEARCH ALGORITHM

With the developed surrogate models based on DNNSs, in this chapter we deal with the
second part of Problem 1 that is to nd the shapethe solve the optimization problem
described in (Equation 2.2). To address this problem, we use the Multi-Gradient Search
Algorithm (MGDA) optimizer to reach a new shape with reduced drag and increased lift.
To nd the new shape, we solve an optimization problem with three objective functions

that can be mathematically described as follows:

o foXrLsq _
mlunlerTZ]Olze Fxq r mq, fomXrLsq; fe,mrLsq s

subjectto xrk 1s xrks urks@P1t0; ;L 1u
fopXrLsq i fe pxrosq
fe,xrLsq  f,pxro0sq
If e, pxrLsall = o, perOsall @)
Xr0s x
M e xMP 1200
fopxrksq ¥ 0:98fxr0sq @ Pt1;2; :::;L-1u
fe,pxrksq @ 1.0 ., pxrOsq @ P t1;2; :::;L-1u

| fe,pxrksq| = 1:09 f., mrOsq] @ P t1;2; :::;L-1u

The multi-objective optimization problem for the morphing airfoil involves three objec-
tive functions as described in (Equation 4.1) and it is solved by using the gradient vectors

of fo,pqfepqandfg,pqgrepresented by f, r fo, andr f, respectively; all gradient
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vectors are elements 8°°.
Let be ahyperplane de ned as PR" |r f] :v  Ou. The orthogonal projections of

rfe and 1 fo, on the hyperplane can be expressed as

_ rfd rfg
rf, Projpfeq rfg mpfcmq
Cm
. rfd rfs
-rf,, Projprfeq -rfg krchkzdg fe. G

The gradient vectors are orthogonally projected on the hyperplaaed therefore
rflr fe Oandr fl :pr f,,d 0. Using the hyperplane, we search for shapes
that improve the value af andcy with small variations ot,,. Fig. Figure 4.1 illustrates
the hyperplane and the gradient vectors as vectors3fwithout loss of generality since

only the norms of the vectors and the angle between them do matter.

Figure 4.1: Hyperplane and gradient vectors.

Figure 4.2 shows a trajectory that, regardless the valdig;pmoves toward the maxi-

mum value off , while keeping a minimun, variation.
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(a) Evolution of stateX and nal airfoil shape. (b) Evolution ofc, ¢4, andcy, .

Figure 4.2: Example of a trajectory built by using gradient vectors.

4.1 Morphing Direction

The morphing directiom Fpxqused is,

r Fxq ir foXq o f,/Xq ar fe, Xq

subject to:
1 o2 1

2 ¥ 0:1
2P 0.0L0;0:01s

kr foko krfo ko krfe ko 1

(4.2)

where ; PR and , PR are the weights of the gradient vectors used to balance the

importance of ¢, p gandf ¢, p gin (Equation 4.1) for every iteration when running the search

algorithm. For the search algorithm, we do not directly use the gradient of the I,Ié'%%
Cd

as we evaluate each term separately. The correction tgrnfi, pxqis added to ensure

that the constrainfif ., pxrLsq|| = |[f ¢, p<rOsq||is ful lled. The partial derivatives used

to obtain the gradient vectorspf ¢ r f¢,q andr ff ¢, qcan be calculated using central

24



difference approximations or automatic differentiation. In this work, we use the central

difference approximations to obtain the gradient vectors.

4.2 Search Algorithm
For every iteration of the search algorithm the new shape is given by,
xrk 1s xrks r Fpxrksq@ P t0; ;L 1u (4.3)
where is de ned such that the maximum variation froirksto xrk  1sis no greater than
0:1,i.e.,kxrk 1s xrkskg @ 0:1. Thevaluesof ;; , P ®:1,0:9q 3P r 0:010;0:01s

and values of are chosen such thatk 1sminimizes the objective function de ned in

(Equation 4.1). The MGDA can be described by the following pseudo-code.

Algorithm 1: Multi-Gradient Search Algorithm
Input: DNNs: f¢p qfcap qfc, P q ight condition: (Re, Mach, ) and initial shape

Xo.
Output: x , shape with improved % , G, andcy values.

1: procedure

2: SetK, A;,t 0:1;0:15 :0:850:9u, B;,t 0:01,0:02 : 0:08,0:09u

3: SetA; t 0:01 0:0;-0:01u
4 Set targefcl, targetcd, targetratio.cl.cd, MaxQty
5: k 0, xb Xxo

6: stopsearch=0, stopocal search=0

7 while gk @ K g and pstopsearch  Ogdo

8: counter O; Xt r Os
9: Obtainr fomxqgr f mxgr fe,xgr f,xgr fe, mxq
10: for each ; PB do
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11:
12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24

25:

26:

27:

28:

29:

for each 1 PA; do

for each 3 PAszdo
2 1w K Facke
r Fxq 1r foXq of fo,q sl fe,Xq

xrk 1s xrks r Fpxrksq

if fo pxrk 1sq fo pxrksq
fegmxrk 1sq feqgmxrksq

and pfpxrk 1sqj 0:98f . xrOsqq

and
e, xrk  1sq 1.0 pxrOsqq and }f., pxrk 1sq} =
1:05} ., pxrOsq}then
Xissrcountes  xXrk  1s
counter counter 1
end if
if counter  MaxQtythen
break
end if
if %¥ targetratio.cl.cd and pfmrk 1sq ¥targetclg
and

of ¢, xrk  1sq atargetcdq then
stopsearch =1
break

end if

end for
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30:; end for

31 end for

32: Evaluate and select cost function: Ma% , Max(g) or Min(cy).
33: Obtain the best shapg,,,

34: Xrk 1S Xmp; KD k 1

35: end while

36: Evaluate the trajectory and obtain.

37: end procedure

The subseté; andB; can be chosen randomly, as shown in line 2, such that for every
run of the search algorithm, the algorithm provides a different skapleat improves the
aerodynamic parameters. Moreover, to avoid local minima, we perform an assessment of
the cost functions in every iteration as shown in line 32 of the pseudo-code. It is impor-
tant to mention that we aim to nd shapes, with improved parameters, that are reachable
using a trajectory that does not affect the safety conditions as described in (Equation 2.3).

Figure 4.3 shows the ow chart of the multi-gradient search algorithm.

27



Figure 4.3: Flow chart: multi-gradient search algorithm.

To evaluate the ef ciency of the search algorithm using the surrogate model, we gener-
ate three trajectories, each trajectory with a focus on an objective function, line 32 of the
pseudo-code. For the three trajectories, we reach a nal shape with signi cantimprovement

on & | ¢, andcy as described in Table 4.1.

Cd

Table 4.1: Analysis of the Three Trajectories

Main function Max C% Max ¢ Min cg Description
. Trajectory with focus to
Trajectory 1 g‘—[ 2358%at k=70| 2319%at k=70| 0:34%at k=75
maximize &
d
. Trajectory with focus to
Trajectory 2 q 2327%at k=77 | 2288%at k=77| 0:33%at k=79
maximizec
. Trajectory with focus to
Trajectory 3| ¢y, C% 11:29%at k=79 | 10:83%at k=79 | 0:67%at k=22
minimizecy and then maximizec%

Figure 4.4 to Figure 4.6 present the trajectories described in Table 4.1 over three plots:

plot (a) represents the evolution of the staktgs@nd the nal shape afteB0 steps; ploib)
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depicts the evolution of ;; 3, and i; plot (c) shows the evolution af;; ¢y, andc,.

(a) Evolution ofX and nal shape. (b) ; (c) a; cd; Cm
Figure 4.4: Search Algorithm - Trajectory 1 - Maximigr'fa

(a) Evolution ofX and the nal shape. (b) ; (c)q;cy;Cm
Figure 4.5: Search Algorithm - Trajectory 2 - Maximige

(a) Evolution ofX and the nal shape. (b) ; (c)q;cy;Cm
Figure 4.6: Search Algorithm - Trajectory 3 - Még and then Max%.

4.3 Conclusion

In this chapter, we discussed the use of multi-directional search algorithm to nd a
shape with improved aerodynamic parameters and obtain a safe trajectory to reach this
shape. The proposed search algorithm runs the the surrogate models to calculate the gradi-

ents of the functiong, ; f ¢,; andf ¢, and solve the optimization problem that involves three
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objective functions: Maximizeffi , Minimize f ,, and Maximizef . Based o pf ¢, g
Cd
we de ned the hyperplane, aregion in alocal neighborhood where there is small variation

oncy,. The search algorithm can be summarized as follows,

» Consider objective functions that are relevant in aerodynamics: increase lift-drag

ratio, reduce drag and increase lift.

» Obtain a shape with improved values®fcy; andc,,. Ideally, this shape is on the

Pareto optimum set [44, 45].
» Obtain a safe trajectory to the shape with improved values, of; andc,, .

The numerical examples show the ef ciency of the search algorithm using the surrogate
models. It is important to comment that we have the same nal shapes shown in Figure 4.4
and Figure 4.5. However, the trajectories to reach this nal shape are differgnaimdc,

and this fact should be considered to decide on morphing the shape.
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CHAPTER 5
DATA-ENABLED PREDICTIVE SHAPE ALGORITHM

In this section, we deal with Problem 2. Although, the optimizer used to solve Problem
1 may provide the desired nal shape, it only relies on the trained model, which does not
consider real-time feedback data that may exist during the morphing period from the initial
shape to the nal one. To this end, the data-enabled predictive shape must be applied
to solve Problem 2 and improve the system performance. The remaining of this section
provides a brief mathematical background of this approach based on behavioral system
theory [46, 47].

The algorithm has two components; the rstis the time window T, N, whereTj,
refers to the length of data collected online that will be used to predic§, andc,, over
the prediction horizoiN ; and the second is the matrix of trajectories, similar to the Hankel
and Page matrices. Note that this matrix has as columns real trajectories withlleagth
in this context, a trajectory is an input-output sequence providediagU. ;. The matrix
has full row rank, generated by a suf ciently rich input sequence to be used to recover all

the trajectories.

De nition 1. LetT;L PZy, such thafl ¥ mL, then a sequendaiy , whereu, PR™

is persistently exciting of orddr if the Hankel matrix
uq U oo UNn L
Hpug
U u. 1 . Ut

is full row rank, i.e., rangH _puqq mL. I

De nition 2. An input-output sequendau,;yk W' , is a trajectory of an LTI syster if

31



there exists an initial condition P R" with a state sequende4 , such that

«

X AX Buy;
% k 1 k k

G YV« Cx« Duy: (5.1)

o\o____

Xo X;kPtO;:::;Nu

wherex P R" are the statesy P R™ are the control inputsy P RP are the outputs, and
system matriced PR" ",B PR" M, C PRP "andD PRP ™. De ne with the tuple

PA;B;C;D gas the minimal realization d&. I

The following theorem is fundamental for developing a data-enabled predictive shape

control [48, 49].

Theorem 1. Suppose thatud;ydd! ;' is a trajectory of an LTI systei® whereu is per-
sistently exciting of orde  n. Then,tuy; kW , is a trajectory ofG if and only if there

existsg PRN & 1 such that

Hpudq g Uyl
Hopylq YL

Proof. The proof follows from [48] and it is a direct application to the special case of

controllable state-space systems. [ |

According to [46], Theorem 1 provides the suf cient condition to capture all system
trajectories based on a known trajectory and initial state.

De ne the page matrix of depth as,

Ur UL 1 20 Ur L
PLpurq : : : ;
U, Uy o Ut

which after being generated by a suf ciently rich input sequence, this matrix can be used

to recover the whole space of trajectories by replacing the Hankel matrix in (Theorem 1).
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The page matrix has no repeated entries, and this fact has important implications when the
entries of the matrix are corrupted. Moreover, it is observed that certain robustness and
optimality guarantees become tight for Page matrices [50, 51].

From the unknown system (Equation 5.1), we colledequences of input/output data
of lengthL Ty N, whereT;, denotes the length of the initialization sequence land

denotes the length of the prediction horizon. De ne the following matrices,

YT, T

Ur

Uy N

Using the High-Fidelity Model (HF-Model) based on CFD simulations, we genérate
trajectories of length. T, N to obtain the input data matrid.  r U{ ;UJs" and
output data matrixyy r YTTmi; Yys'. For a trajectory of length to be predicted, we use
the following notationyini r y'[A];:: ;Y [TilS, YN F Y [T 105000y [T NS,
Uni T UL U [TidS, U F U [T 225U [T NS

We are interested in nding for a given reference inputy,. Thus, for a given nal
shapeX g, we generate a reference trajectpuy;y, qfrom baseline shap¥, towardX ¢
by using the surrogate model. To clarify, denote as staRR", inputu P R™, output
y PRP, andUr,, PR™™ T Uy PRN™ T Y PR™P T andYy PRNP T,

The prediction ofg, ¢y, andc, is given by the solution of the following optimization
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problem:

minimize =~ pCurT  ksyrTi  ksq Wpg; 4aq

g;uy; y kK 1
UTini Uini 0
Un Un 0
s.t. g
YT Yini y (5.3)
YN YN 0 '
B rTini ks®© yrTini ks @ ByrTiy ks @ Ptl:::;Nu
urTiyik ks PU; @ Ptl;:::;Nu
yrTini ksPY; @Ptl;:::;Nu
w, O 0
where,Cur:syr:isq }yrs yris) } urs ursi; R wylz, Q 0 w, O ,
0 0 wg,

Wy " We i We, i 00wy "1, the weights w; wg, and w;, are de ned using the data

set described in section section 3.3Vpy; ,q Wwglgls  w, } 35 wgw, i O as

the data matrix is corrupted by the error inherent to surrogate model, the regularization
parameters yand w, are necessanBy andB, are upper and lower constraints used to
guarantee small variations on output according to Assumption 2 asdn identity matrix

of appropriate dimensions. These constraints are based on online gathergg daet

¢S’ be the maximum absolute variation on measu@ty; ¢, q for

max r C Cq
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two consecutive intermediate shapes, we have,

kw@ 0 0 o
Burks yrTins 0 kw& 0 v
0 0  kwem 6m

kwe@ 0 0 o
BLrks yrTis 0 kw% O c
0 0 kwon o

whereyrTi,sis the most recent measurementpof,cy;cngand w ;w;w P [@;1s
are correction factors whose values are equal to one as default but can be used to improve

accuracy.

Remarkl. The data-enabled predictive shape algorithm uses a matrix of trajectories, ran-
domly generated, for prediction which might be computed for every new ight condition.

The size of this matrix depends on the horizon of prediction. I

Remark2. We assume that the statesis known for all values ok P t0;1;:::;Lu (As-

sumption 1) during the entire morphing process. I

Remark3. The value of u[k] is bounded such &srk 1s xrkskg = 0:1 so that only
small shape variations arise and, therefore, small variatidn, pfq f.,p gare produced
(Assumption 2). This boundary was de ned empirically by evaluating the data points used

to build the DNN. I

Remark4. The constraintgB, r s, Byr sqare based on online measured data and de ned
such as the variation df;,p q f¢,p gare no greater than 2% and variationfgf p qno

greater than 5%. I

To show the ef ciency of the data-enabled predictive shape algorithm, we run the al-
gorithm in a trajectory witl25 steps named as “Trajectory 4.” Here we consider 15,

Tni 5 N 10 i.e., we use time steps to predictO steps ahead. The matrix of tra-
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jectoriesrU; Y,'s" P R3% 425 and the ight condition is de ned as (R&e6, Mach=0:2,

1:0 ). The matrix of trajectories is compound B5trajectories, with each trajec-
tory de ned by a sequence db shapes, in total we nedg375shapes to build the matrix
rU; Y's". The6,375shapes used to build the matrix is a subset of the training data set
described in section section 3.3.

[Figure 5.1 to Figure 5.3] show the use of the shape algorithm on “Trajectory 4” over
3 cycles: in cycle 1, we move the rd steps of the given trajectory and predict othér
steps; in cycle 2 we move the ned% steps and predictO steps forward; and cycle 3, the

nal cycle to cover the whole trajectory with5 steps.

(a) Evolution of stateX and the nal airfoil shape. (b) Evolution ofg, ¢4, andcy, .
Figure 5.1: Trajectory 4 - Cycle 1.

(a) Evolution of stateX and the nal airfoil shape. (b) Evolution ofc, ¢4, andcy, .
Figure 5.2: Trajectory 4 - Cycle 2
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(a) Evolution of stateX and the nal airfoil shape. (b) Evolution ofg, ¢4, andcy, .
Figure 5.3: Trajectory 4 - Cycle 3.

The gures above show that the prediction provided by the shape algorithm is more
accurate than the one provided by the surrogate model based on DNN. At cycle 3, the max-
imum error oncy prediction is about:0 drag-count. Table 5.1 summarizes the accuracy of
the proposed shape algorithm.

Table 5.1: Prediction error @f; ¢q, andcy, for Trajectory 4.

Cycle 1: yr5sto yrlds Cycle 2: yr10sto yri9s Cycle 3: yr20sto yr24s
Mean Abs Error| Max Abs Error| Mean Abs Error| Max Abs Error| Mean Abs Error| Max Abs Error
DNN 0.46% 0.47% 0.40% 0.47% 0.25% 0.42%
G Shape Algorithm 0.02% 0.03% 0.03% 0.04% 0.09% 0.12%
DNN 0.49% 0.74% 0.69% 0.85% 0.86% 1.0%
Cd Shape Algorithm 0.01% 0.04% 0.03% 0.06% 0.01% 0.05%
DNN 1.02% 2.01% 2.29% 4.58% 4.39% 6.62%
Cim Shape Algorithm 0.03% 0.05% 0.01% 0.02% 0.06% 0.11%

Itis important to point out that we morph the wing in ight only when the airplane isin a
stable and trimmed cruise condition. This procedure is adopted due to safety reasons since
morphing the wing during the ight is a disturbance to the system, affecting the stability
of the airplane. For simpli cation, the ight condition de ned by the triple (Re, Mach),

remains unchanged during the morphing process as described by Assumption 3.

5.1 Robustness Analysis

The matrix of trajectories in (Equation 5.3), used to predict any trajectory of the control-

lable and observable system de ned in (Equation 2.1), is generated by using the HF-model;
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this matrix might be generated for every new ight condition. As discussed in our previous
work [33], real values o€; ¢y, andc,,, are not always available and therefore the matrix of
trajectories is built by using the developed surrogate model.

For the robustness analysis, we run the data-driven shape algorithm over twenty tra-
jectories using the matrix of trajectories provided by the surrogate model, modeled with
inherent errors on the parameters' prediction. Figure 5.4 presents the histograms of these

errors for the given ight condition.

@a (b) ¢

(€) Cm
Figure 5.4: Error histograms @f, ¢4, andcy, - Matrix of trajectories.

Table 5.2 presents the robustness analysis of the proposed algorithm for twenty different
trajectories. For every trajectory, we consider the use of ve and ten real-time data points

for prediction.
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Table 5.2: Robustness analysis of the shape algorithm.

Shape Algorithm w/ noise DNN
Data points | Max Abs Errorin € | Max Abs Errorin cq | Max Abs Errorin cp, | Max Abs Errorin ¢, | Max Abs Errorin cq | Max Abs Errorin Cm
5 1.42% 0.10(drag count) 0.63%
a6 10 0.37% 0.10 drag count) 0.26% 12.94% 0-10crag couny 15.83%
5 0.92% 0.24 (drag count) 4.07%
e 10 0.22% 0.1 drag count) 2.30% 14.83% 0.22(arag counn 31.22%
) 5 0.32% 0.09 drag count) 1.27%
s g0 0.26% 0.03 drag coun 1.27% 0.72% 0.08arag counn 1.28%
) 5 0.06% 0.78(drag count) 0.73%
@S o 0.04% 0.3L crag count) 0.48% 0.83% 106 crag couny 1.80%
) 5 0.40% 1.17 (drag count) 0.42%
Traj 10 10 0.15% 0.54 (drag count) 0.16% 0.32% 2-13arag counn 2.32%
5 0.09% 0.31 (drag count) 1.99%
Traj 11 10 0.05% 0.17 (drag count) 1.99% 0.47% 0.74 erag count 2.0%
5 0.49% 0.32(drag count) 8.03%
Tz, 0.41% 0.23 crag count) 0.65% 0.58% 107 crag coumy 8.07%
5 0.47% 0.15drag count) 3.91%
Traj 13 10 0.19% 0.08(drag count) 2.97% 0.94% 1.27 (arag couny 60.35%
5 0.70% 0.29(drag count) 10.53%
Traj 14 10 0.22% 0.39(drag count) 6.75% 2.83% 1.56arag couny 102.57%
5 0.58% 0.05(drag count) 3.40%
Traj 15 10 0.30% 0.05drag count) 3.74% 5.49% 2.09(arag counn 107.68%
5 0.13% 0.09 (drag count) 1.82%
B BT 0.23% 0.14 crag count) 1.12% 7.04% 0.97 (arag couny 113.81%
5 0.23% 0.35(drag count) 0.22%
T 0 0.18% 0.1 (drag coun) 0.21% 0.65% 0.1 erag couny 0.24%
5 0.35% 0.21(drag count) 1.65%
T8 0.18% 0.18 crag coun) 0.88% 1.19% 0.35 crag couny 1.65%
5 0.11% 0.44 (drag count) 1.66%
T g0 0.19% 0.24 crag count) 0.47% 2.81% 0.78rag couny 3.54%
5 0.21% 0.74 (drag count) 2.22%
20 g 0.14% 0.66 (crag coun) 0.22% 4.56% 0.97 (arag couny 5.36%
5 0.24% 0.49 drag count) 0.18%
T g 0.18% 0.35crag count) 0.18% 0.28% 085 crag couny 0.15%
5 0.12% 1.36(drag count) 0.43%
T2 g 0.15% 0.66 drag count) 0.43% 0.15% 0.93rag couny 0.39%
5 0.49% 0.99 (drag count) 0.17%
T2 0.51% 0.22 drag count) 0.18% 0.49% 3. 72(drag coun 0.18%
5 0.33% 0.25drag count) 0.39%
T2 0 0.32% 0.28crag count) 0.37% 0.34% 0.2 crag couny 0.32%
5 0.14% 1.12drag count) 0.24%
T g 0.12% 0.53 drag count) 0.18% 0.19% 1.19¢erag counn 0.25%

The gures below present the evolution of ¢y, andc,, for every trajectory described

in Table 5.2.
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(a) Five real-time data points. (b) Ten real-time data points.
Figure 5.5: Robustness Analysis - Trajectory 6.

(a) Five real-time data points. (b) Ten real-time data points.
Figure 5.6: Robustness Analysis - Trajectory 7.

(a) Five real-time data points. (b) Ten real-time data points.
Figure 5.7: Robustness Analysis - Trajectory 8.
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