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ABSTRACT

OPTIMAL INPUT DESIGN AND SYSTEM IDENTIFICATION FOR AN
AGILE AIRCRAFT

Millidere, Murat
Doctor of Philosophy, Engineering Sciences
Supervisor: Assoc. Prof. Dr. Ferhat Akgiil
Co-Supervisor: Prof. Dr. Kemal Leblebicioglu

September 2021, 216 pages

This doctorate study aims to provide a methodology for developing aerodynamic and
engine thrust models using simulated flight test data for the F16 fighter aircraft. An
accurate and comprehensive representation of an aircraft's aerodynamic
characteristics is required to design a flight control system or develop a high-fidelity
flight simulator. Modern computational methods and wind tunnel testing can provide
the aerodynamic database, but flight test data is required to obtain a more accurate
and realistic aerodynamic database. As a result, system identification methods can
characterize applied forces and moments acting on the aircraft. The F-16 nonlinear
model also includes sensor models to simulate the actual flight data. The flight tests
are carried out in the F16 simulation model using different excitations on the control
surfaces. Simulation data is collected in predefined trim points. The equation error
and output error methods are employed to analyze simulated data to estimate
aerodynamic parameters in the time domain. The equation-error method is used
firstly to identify aerodynamic parameters, and the results are then utilized as a
starting point in the output-error process for fine-tuning. In general, thrust forces and
moments are obtained from ground tests. The contribution of this doctoral study is

to implement an iterative aerodynamic and thrust estimation approach in the absence



of engine manufacturer data. The validation of resulting models is accomplished by
comparing the measured flight data to the model’s predictions for identical control

inputs, as specified by the Federal Aviation Administration (FAA).

Keywords: Parameter Estimation, Sensitivity Analysis, Equation Error Method,
Output Error Method, Aerodynamic Database
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0z

CEVIK UCAKLARIN OPTIMAL GiRDI TASARIMI VE SISTEM
TANIMLAMASI

Millidere, Murat
Doktora, Miihendislik Bilimleri
Tez Yoneticisi: Dog. Dr. Ferhat Akgiil
Ortak Tez Yoneticisi: Prof. Dr. Kemal Leblebicioglu

Eyliil 2021, 216 sayfa

Bu doktora caligmasinin amaci, F16 savas ucaginin simule test verileri kullanilarak
aerodinamik ve itki modellerinin belirlenmesinde kullanilacak yontemi
gelistirmektir. Ugus control sistemi tasarlarken veya yiiksek sadakat seviyeli ugus
simulatorleri gelistirirken, hava aracinin tutarli ve kapsamli aerodinamik modeli
gerekmektedir. Aerodinamik veritabani, hesaplamali yontemler ve riizgar tiineli ile
cikarilmasina ragmen daha dogru ve gergekei aerodinamik veritabani igin ugus
testlerine ihtiya¢ duyulmaktadir. Bu sebeple, sistem belirleme yontemleri ile ucaga
etki eden kuvvet ve momentler karakterize edilmektedir. Daha gercekei ugus test
verisi benzetmek i¢in, 6DOF model icerisinde sensor modelleri mevcuttur.
Simulasyon modeli igerisinde, kontrol yiizeyleri farkh tiirde girdilerle aktif duruma
getirilerek ugus testleri gergeklestirilmistir. Simulasyon datasi 6nceden belirlenen
denge noktalarinda toplanmistir. Aerodinamik modellerin tahmininde zaman
bolgesinde denklem hatasi ve sonug hatasi yontemleri kullanilmaktadir. 1k olarak
denklem hatas1 yontemi kullanilmakta olup, ¢ikan sonuglar sonug hatasi yontemine
ilk deger olarak verilip, modelin ince ayar1 yapilmaktadir. Genelde itki kuvvet ve

momenti lretici firmadan hazir alinir. Bu doktora ¢alismasinin literatiire katkisi,

vii



iiretici firmadan itki verisi alinamamasi durumunda, tekrarlayan aerodinamik ve itki
tahmin yontemi gelistirmektir. Elde edilen modelere sisteme verilen girdilerin aynisi
verilerek, Federal Havacilik Dairesi kilavuzu standartlarina gore sonuglari

karsilastirilip, modeller dogrulanir.

Anahtar Kelimeler: Parametre Kestirimi, Duyarlilik Analizi, Denklem Hatasi

Yontemi, Sonug¢ Hatas1 Yontemi, Aerodinamik Veritabani
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CHAPTER 1

INTRODUCTION

1.1  System ldentification

Developing mathematical models for physical systems based on imperfect
observations or measurements is one of the oldest and most fundamental scientific

endeavors. This procedure is referred to as system identification [1].

The system identification is linked to other problems in dynamics. The inputs u, the
outputs z or y, and the system model functions f and g are three quantities

representing a dynamic system described in state space, see Figure 1.1 [1].

Representation of dynamic system

a) Process under investigation

Inputs

—_—

u

Outputs

z

b) Model representation in time domain

Figure 1.1 Representation of Dynamic System in Time Domain

The identification problem attempts to determine the system model f and g based

on the given inputs u and outputs z.



Although the state variables x are not directly specified in the preceding description,

they are implicitly mentioned since the outputs are functions of internal system state

variables. Similarly, the system functions f and g contain unknown parameters 0.

The process of establishing an appropriate mathematical model, usually containing
differential equations, with unknown parameters that must be derived indirectly from
observed data is known as system identification. System identification is one of the
three general problems in aircraft dynamics and control, which can be understood in
Figure 1.2 (duplicated from Ref. [2]).

input, «

system, §

Figure 1.2 Aircraft Dynamics and Control

Several critical elements of system identification include the following:

e Accessibility to input and output data,
e Asserting plausible models (i.e., class of systems),

e Selecting the most appropriate model from the given class (i.e., equivalency).

Con =Cn(M,a,B,0,9,7,8¢,084, 6y ...) (1.2)

which can be expanded as:

S, + (1.2)

The stability and control derivatives are the partial derivatives with regard to the

motion variables and control inputs in the Taylor series expansion.



1.2 Modern Methods of Aircraft Parameter Estimation

Figure 1.3 depicts the four essential components of flight vehicle system

identification: maneuver, measurements, methods, and models [1].

1) The design of the control input form to stimulate various flying modes of the
flight vehicle motion.

2) The selection of instruments and filters.

3) The selection of the most appropriate identification approach.

4) Defining the structure of a possible mathematical model.

Maneuver Actual Measurements

Response
Input

Parameter Estimation

Corrected
Output’
Methods

) 4
g -‘_- &
>
Error
A

Parameter
Adjusments

Model

Output
Models Sred

\A 4

10

Identification phase

Validation phase

Complementary
Flight Data

Figure 1.3 Quad-M Basics of Flight Vehicle System Identification

1.3 The Motivation for System Identification

Aircraft flight simulation is used extensively in modern aircraft design, certification,
and pilot training. The fidelity of the aerodynamic dataset has an impact on how
closely the aircraft in flight simulation matches the actual aircraft. The aerodynamic
model is the core of a flight simulator. Inaccuracies in the aerodynamic model may
result in a simulation failing in the qualification process [3]. Therefore, high-fidelity
aerodynamic datasets are required to provide an accurate actual aircraft behavior to



the pilots. The aerodynamic dataset is obtained in a variety of ways. In increasing
order of fidelity, these include semi-empirical datasheet methods, linear flow solvers,
nonlinear flow solvers, small-scale wind tunnel tests, full-scale wind tunnel tests,

and flight tests. The processing time and cost increase as fidelity increases.

Several computational and experimental approaches can be utilized to generate the
aerodynamic database, depending on the cost and accuracy requirements of the
design phase. References [4] [5].summarize these approaches and provide sample
tools and classifications. As expected, the higher the cost of the aerodynamic
database, the more accurate it is. The resource and time costs associated with each
approach are often tens to hundreds of times more than those associated with the less
accurate approach [6], as shown in Figure 1.4.

Accuracy

* Low Speed, High Speed
* Forced Oscillation

* Low Speed, High Speed
* Forced Oscillation
« Rotary Balance (Spin)

e Finite Element Method
e Finite Volume Metheod

s Panel Method
s Vortex Lattice Method

s Datcom
» ESDU

Figure 1.4 Aerodynamic Database Generation Methods with Examples

The semi-empirical approach is based on generalized and formalized experimental
results. Datcom and ESDU are two well-known examples of this approach. As
compared to other approaches, the computational effort is considerably decreased. A
comprehensive aerodynamic dataset can be obtained in a matter of minutes. They do

not require the generation of a computational grid.



Linear flow solvers are based on the principle of potential flow. This approach is
exemplified by the panel and vortex lattice methods (VLM). They may contain
corrections for the compressibility, boundary layer, dynamic motions, and nonlinear
flow characteristics. They require computational grids; however, the grids are
substantially smaller than those used by nonlinear flow solvers. VVSaero, Panair,
Tranair, and AVL are typical examples of panel and vortex lattice methods. While
the linear flow regimes can be computed more precisely than the semi-empirical
approach, the accuracy diminishes dramatically as the flow becomes non-linear [4].
Semi-empirical methods and linear flow solvers are commonly utilized in the

conceptual design phase.

Nonlinear flow solvers attempt to define all conservation equations, including those
for continuity, momentum, and energy equations, and deal with a variety of
turbulence models, compressibility, and boundary layer-related issues. The nonlinear
flow solvers consider the finite volume and finite element methods. Ansys-Fluent,
Star-CCM+, Open Foam, CFL3D, and SU2 are well-known nonlinear flow solvers.
This approach has been investigated in detail within a low angle of attack sweeps
(linear region) in the subsonic-supersonic regions. Nonetheless, the results in the
transonic region, including shock-induced separations and at a high angle of attack
sweeps (nonlinear part), differ from the actual aerodynamic data due to volatile flow
characteristics. It is challenging to determine dynamic effects, including forced
oscillations and spin conditions, using these solvers. They demand more
computational power than linear flow solvers due to the additional processing and
computations [4].

In wind tunnel tests, based on scale similarity, the aerodynamic database is
developed through experiments. A wind tunnel test model should be designed and
manufactured to conduct these experiments, which is a substantially more expensive
approach when compared to the computational approaches. However, wind tunnel
tests are required to resolve highly unsteady flight conditions. In small-scale wind
tunnels, scaling issues such as Reynolds number, aeroelastic characteristics, and so

on exist so that a full-scale wind tunnel is preferred [7]. Supersonic aerodynamics,



forced oscillation, and spin characteristics can be obtained in small-scale wind
tunnels while taking off-landing features are accurately observed in large-scale wind
tunnels. Forced oscillation and high-speed tests can also be conducted in large-scale
wind tunnels. Indeed, there is some deviation from actual aerodynamic data because
of Reynolds correction, the experimental system errors, the effect of wind tunnel

airflow quality, the interference of tunnel walls/supports, and other factors [6].

Flight tests are the final option for eliminating the errors in wind tunnel tests. The
aerodynamic database can be developed from flight test data using comprehensive
system identification methods [8] [9] [10] [11] [12] [13]. Aerodynamic data should

be validated with flight tests prior to further aircraft development.

1.4 Literature Review

The field of system identification is vast and encompasses a broad range of topics.
The primary objective of system identification is to establish the mathematical model
structure that best reflects the dynamic system, which is not unique. Numerous model
postulates may need to be examined. The parameters of a given model have been
quantitatively quantified, often via statistical procedures. This process in the entire
model development phase is referred to as parameter estimation [1]. Parameter
estimation is described as a function that quantifies the difference between measured
system and predicted model responses. The time domain and frequency domain
techniques of system identification are summarized by Jategaonkar [1], Klein and
Morelli [2], and Tischler and Remple [14]. Jategaonkar [1] discusses time-domain
applications, while Tischler and Remple [14] and Morelli, Grauer, and Cooper [15]
[16] discuss frequency-domain approaches, an overview and theoretical basis for
each of the approaches mentioned above are provided in Morelli and Klein [2].
System identification in time and frequency domains are considered as competing
methods. Both have advantages and disadvantages that are mutually beneficial [17]

[18]. The time-domain is more intuitive since it refers to space where mathematical



functions are expressed in terms of time. Moreover, the parameters of a particular

model have a physical meaning in the time domain [17] [18].

Numerous methods are available for system identification in the time-domain,
including the equation-error method [1] [2] [6] [13] [19] [20] [21] [22], the output
error method [1] [2] [13], the filter error method [1] [23] and the artificial neural
network [6] [24] [25] [26] [27]. These methods are interchangeable [1] [9] [13] [28].
In this doctoral study, the equation-error and output-error methods are employed
successively, e.g., the equation error method can be employed initially to determine
the aerodynamic parameters. The acquired results are then used as the starting point
for the output error method for fine-tuning. The equation-error and output-error
estimation approaches can be distinguished from each other. Without knowledge of
their history, non-state parameters such as non-dimensional force and moment
coefficients are determined without knowing their history. This procedure is referred
to as the equation-error method [1] [2] [29] [30]. The outputs of the system, such as
the angle of attack, angular rates, etc., are integrated throughout the simulation, and
therefore estimation technique is referred to as the output-error method [1] [2] [29]
[30]. The predicted parameters of the output error technique converge mostly
towards the truth ones. Nonetheless, this technique is extremely susceptible to non-
convergent solutions in agile aircraft. A combined equation/output error is

recommended to address this issue [29].

Selecting independent variables in the equation error method is often a problematic
issue. There are many approaches for selecting regression models, and the first one
is the expert-based selection. The statistical criteria and flight mechanic intuition are
used to select model terms [12] [13] [31]. However, it requires extensive knowledge
of Flight Mechanics. Subset selection is the second approach, which divides into two
parts: best subset selection and stepwise selection [1] [2] [32]. The best subset
selection entails choosing the optimal model from among all possible models. When
there is a large number of predictors, the best subset selection suffers
computationally [32] [33]. Due to computational constraints, the best subset
selection cannot be applied with a vast predictor number. The stepwise methods,



which examine a much smaller set of models than the best subset selection, are
appealing alternatives. The stepwise selection may be classified into three types:
forward stepwise selection, backward stepwise selection, and hybrid selection. The
stepwise approach is a kind of local search, and its main disadvantage is that it
eventually converges to local optima [32]. In this doctorate study, the binary Particle
Swarm Optimization is considered to identify the most related independent variables

in the equation error method, which forms the contribution of the thesis.

In the first phase, the equation-error method is used firstly to identify aerodynamic
parameters in the expert-based selection. The obtained results in the first phase are
used as a starting point in the output-error process for fine-tuning, concerning FAA

specified guidelines regarding tolerances on each variable for some maneuvers.

In chapter 2, aircraft modeling and trim are discussed. In chapter 3, data gathering is
briefly covered. The methodology is presented in chapter 4. In chapter 5, the results

are presented, and in chapter 6, the contributions are mentioned.



CHAPTER 2

AIRCRAFT MODELING AND TRIM

2.1  Air Vehicle Flight Simulation Model

The general equations of motion of a system of rigid bodies are described in many
well-known textbooks, articles, and reports. Stevens, et.al. [34], Zipfel [35], Cook
[36], Allerton [37], Etkin and Reid [38], Stengel [39], Raol and Singh [40], and
Schmidt [41] are some examples. This section provides a cohesive framework for
the definition of different coordinate systems, conventions, and associated equations
derived under these definitions. The air-vehicle flight simulation model is based on
[42] [43] [44].

Air-vehicle flight in 6 Degrees of Freedom (6-DoF) comprises three translational and
three rotational motions along and about the three axes of its reference frame,
respectively. The coordinate system associated with the body-fixed reference frame
is often utilized to resolve the air vehicle’s equations of motion. All forces and
moments acting on the aircraft are transformed into the body coordinates. It is
common to utilize the body reference frame as the resolution frame. Furthermore,
the wind frame can be selected for model-based analyses. The wind frame is utilized
as the resolution frame for the equations of motion in this research. Finally, based on
the variable states, a set of equations including translational and rotational motions

and kinematic relations is produced.

The equations of motion, aerodynamics, propulsion, weight and balance, landing
gear, atmosphere, flight control system, actuator, and sensor models are all utilized
to simulate an air vehicle in flight. Figure 2.1 is an example flow diagram. The
objective of the equation of motion for flight dynamics is to provide adequate

information on the motion of the air vehicle, in particular, the states of the air vehicle.



The other subsystem models are used to generate air-vehicle data for the EOM

model.
AIRCRAFT FLIGHT DYNAMICS SIMULATION MODEL
FLIGHT DYNAMICS
— [ -
Figure 2.1 Aircraft Model
2.1.1 Definition of Reference Systems

Five frames must be introduced to model the motion of a rigid body air vehicle;

These are described as follows:

Local Geodetic North-East-Down frame, Fy{N; xyyyzy}, With origin N, and with
Nz, axis directed vertically down along the local normal at the surface. Nxyyy is
the local horizontal plane, Nxy axis points toward the north, and Nx, axis points
toward the east. This frame is used for navigation purposes and is often named the
local navigation frame, which is the reason for using N to denote this frame [34] [38]
[45].

Vehicle body-fixed frame, Fgz{B; x5 ygzg} with origin B, instantaneous CM of the

air vehicle. Bxg axis is called the roll axis and points towards the nose of the air

10



vehicle, Byy is called the pitch axis and directed to the right when viewed from the

rear, and Bzg is called the yaw axis and points towards the fuselage belly.

Wind frame, Fy, {W; xy, yw zw } With origin W, instantaneous CM of the air vehicle.
Wx,, axis points towards the local air velocity vector, Bz, points towards the

symmetry plane of the air vehicle, and Wy, forms a right-handed coordinate system.

Velocity frame, F,{V; x,yyzy}, with origin V, is an additional frame (also known
as flight path frame). Two angles y and y denote the instantaneous angular

orientation of velocity coordinates with respect to local NED coordinates.

Propulsion frame, Fp{P; xpypzp}, with the thrust application point P.
2.1.2 Nonlinear Equations of Motion

2.1.2.1  Force Equations

The generalized equations of motion (EOM) of an air vehicle can be expressed using
the principles of Newton’s Second Law for translational motion and Euler’s Law for
rotational movement. For conventional air vehicles, the body can be assumed to be
rigid, symmetric about the XY-plane, and with all forces and moments acting about
the center of mass. The translational motion for stationary, flat Earth is defined in
tensor form as

f (2.1)

1
>N _ N.=2N _ BN —B/N >N _

Resolution of vector components in body coordinates are given as

B u B fx B u
{DBﬁg/N ® = []: {IF}( ) = fy ) {ﬁB/N}( ) = lvl,
w fz w 2.2)

o

11



Ordinary differential equations of translational motion, obtained in coordinate-
dependent component form in body coordinates and the body-axes accelerations,

expanded out for each component, are given by

ul g || oo
v|=—|fH|-|a|x|v
w mfz T w

u=f,/m—qw+rv (2.3)

v=f,/m—ru+pw

w=f,/m—pv+qu

When no specific landing gear contact forces are present, the accepted formulation

for the resulting force is as follows:
f=futf,+£f (2.4)

where fa fp and fg are the resultant forces due to aerodynamics, propulsion, and

thrust, respectively.

The velocity of vehicle CM w.r.t. Earth ##f , is expressed in terms of 7f ,,, (velocity

of the CM w.r.t. the air mass) and 13,’/,",/,\, (velocity of the wind w.r.t. Earth) as
73g/1v = 73g/w + ﬁII/IV//N (2.5)
so that 13{;’/,\, and 13},?’/14, represent the same vector when omitting wind (i.e., when

Figure 2.2 illustrates the orientation of the wind coordinates in relation to the body
coordinates. Note that wind has been omitted (Jy, v = 0 with 17,’;’/,\, = ag/w), purely

for ease of illustration of the aerodynamic wind angles a and 3.

Using the definitions for the body-axes components of 75, and ¥}y ,, together with

the wind-axis component of ¥y, (the true airspeed, denoted by Vr,;), described by

12



u Uw Vias

> (B) > (B) > w)

R A e S I
w WW 0

the expression for true airspeed (TAS) relative to undisturbed air, V;4g, Which is

defined as the magnitude of the velocity vector ﬁE/W of the CM w.r.t. the air mass,
is obtained from

>N - - >N >N >N
Vras = |UB/W| = /vf!/w . Vg/w, Vp/w = V/N — Vw/N (2.7)

so that the substitution gives

Vras =+ @ —up)2 + (v — vyy)? + (W — wyy)? (2.8)

Figure 2.2 Axis Orientations

The transformation matrix from body fixed to wind axis, in terms of the combination

of the transformation matrices from body-fixed to stability and stability to wind axes,
IS given as

13



FWB) — FW.S)(S,B)

[cosa 0 sina][cosf sinf O
=] 0 1 0 [|=sinf cosf O
sina 0 cosa 0 0 1

[ cosacosf sinff sinacosf ]

(2.9)

=|—cosasinf cosf —sinasinf
—sina 0 cosa

Using s,y and c(.y as shorthand notations for sin(-) and cos(-) respectively, we get

CaCB SB Sacﬁ ]
(2.10)

TW.B) — T(W,B) — [—casﬁ Cg  —SaSp
—Sq 0 Cq
The definitions for Cartesian incidence (wind) angles in the presence of wind are
derived from the relation

[rwe) (583" = BY ) - By " (211)

expanding [Eqg. (2.11)] in component form

T

Cacﬂ Sﬁ Sacﬁ VTAS u Uy
[—casﬁ Cg  —SaSp 0 |= [ — [UW] (2.12)
—Sq 0 Ca 0 w Wy,

obtaining the following trigonometric relationships for the angle of attack « and true

sideslip angle S, respectively:

@ = arctan,[ W — Wy, U—Uy |, —n<a<m (2.13)
(V= vV— vy (2.14)
p = arcsm( ) = arctan ,
Vras @ —uy)? + (W — wy)?
T < B < I
2 A 2

2.1.2.2 Moment Equations

The equations for rotational motion are represented in tensor form as

14



. N3B/N -B/N -B/N sB/N  _B_,
ng —D lB —DBIB +(1)B/N lB ’ lB —Ig BIN
> i =0 (Tpa™") + (@™ x Tpa™") (2.15)
<1 (D% + (@ x )

Where the components in body coordinates are

p [
{DBaB/N}(B) _ [q] {771»3}(3) — [m]
&

n
2.16
_ ) 22 8) Iyx —Ixy —Ixz ( )
{wB/N} =[ql»{lg} =|-Ixy Iy —Iyz
r —Ixz —Iyz Iz
The coordinate-dependent component form in body coordinates as,
{DBaB/N}(B)
. (2.17)
v B (= _ (B) v B)(— (B)
=@} {@3® - (@) x (B @) @)
Expanding Eq.(2.17) in component form
14 xx  —lxy  —Ixz]
gl =|"Ixy IYY _IYZ
rl Wl =l (2.18)

IXX _IXY _IXZ
- l IXY IYY _IYZ [

IXZ _IYZ
Assuming further that the airplane has symmetry about the xz plane, then we have

Iyy = Iy, = 0. Equation (2.18) now simplifies to

I —L, 17T I 0 —I
[ ] [ XX Iyy OXZ] {H_[Z x[ )(()X Lyy OXZ] lZl} (2.19)
IXZ ZZ n r r

The inverse of inertia tensor is found as

Ix 0 —Ixz]" q[zz 0 Ixz
0 Ly O =<| 0 T/hy 0 (2.20)

_IXZ 0 IZZ

IXZ 0 IXX

15



Where F == IXXIZZ - I)%Z
Expanding out each component in Eq.(2.19), the body-axes angular accelerations are

given by

_ Lez(Uxx — Iyy + Iz2)pq — (%7 — Iyylzz + 18,)qr + Izz1 + Ixzn

IXXIZZ - I)%Z

_ (Izz = Ixx)pr — Ixz(p*> —=1%) + m (2.21)
Iyy

_ (gx — Ixxlyy + 182)pq — IxzUxx — Iyy + Izz2)qr + Ixzl + Ixxn

IXXIZZ - I)%Z

2.1.2.3  Kinematic Equations

The angular velocities in the navigation frame in body-axes are defined as

D é 1 0 0 0
[q]: ol+|0 cos¢ sing [9]
r 0 0 —sing cos¢

1 cos 6 0 —51n9 0
+10 cos¢ smd)” HOI (2.22)

0 —sing cos¢llsing O cos@ Y

6

D 1 0 —sin 6
[q] = [0 cos¢ sing cos 9]
)

r 0 -—sin¢g cos¢cosb

Taking the inverse, Euler-angle rates are governed by the following expressions

) 1 singtanf cosptan® |p
o|= [0 cos ¢ —sin¢ ] I l (2.23)
P 0 sing /cos8 cos¢/cosb

Using s¢y ,c¢y, and tg) as shorthand notations for sin(:), cos(:), and tan(:)

respectively, we obtain

16



d) 1 S¢t9 C¢t9 ] [

ol=10 —S¢ (2.24)
P 0 s¢/c9 Cp/Co
The rotation matrix from body fixed to navigation axis is
. Cl/) Sl/) 0 —Sg
TWE) =1—s, ¢, 0 (2.25)
0 0 1 —qu Co
Multiplying each matrix, we get
Cng —C¢S¢ + S¢SQC¢ S¢S¢ + C¢SQC¢
TWB) = |cgsy  CpCy +54SeSy  —S¢Cy T CpSaSy (2.26)

—Sp S¢C9 C¢C9

Therefore, the desired kinematic expressions relating to the translational rates are
given by

@y = Ty, (227)

Expanding Eq.(2.27) in component form

pN CgClp —C¢S¢ + S¢59C¢ S¢S¢ + C¢SQC1/) u
; ] = [CoSy CopCy + SpSeSy —S¢Cy + CpSoSy lvl (228)
—Sg S¢C9 C¢C9 w
Expanding out pp, the component in Eq.(2.28), we get
DPp = —SeU + S¢CeV + CyCoW (2.29)
Altitude rate is calculated as
h=—pp=+sgu — SpCoV — ChCoW (2.30)
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2.1.3 Auxiliary Equations

Flight path angle (y) and heading angle () are expressed in terms of the components

of {¥y /N ™ and h = —pp, respectively.

h s m
y = arcsin( ) = arctan (—), —=<y<-= (2.31)
o5 Vg/n VDR + bF 2 2

x =arctan,[ P, DPwn |, —T<y<m (2.32)

Accelerometers measure the specific linear accelerations. The body-axes

TP T - . —sN
components of specific linear accelerations at the vehicle center of mass, Asp/y» CaN

be obtained excluding the gravity force, E as

Ty = (f ) (2.33)

When the air vehicle is flying, the force and moment caused by ground handling
(landing gear) is equal to zero; thus, the total force excluding the gravity force is

equal to aerodynamic (E) and propulsive (E) forces

Top/n = (fa + /o) (2.34)

with the resolution of vector components into body coordinates as

Co [ ] )" =

Expanding Eq.(2.34) in component form and writing the specific accelerations for

Xq
Yo
Za

A

(2.35)

Y,
Zp
each axis component yields the following:

as, | = Y, +Y, (2.36)

[asx] 1 Xa +Xp
as, Zo+Zy
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214 Off-Nominal Calculations

2.1.4.1  Determination of Velocity at Off-Nominal Point

Using the following definitions for the body-axes components of 7 and ¥}y, and
the body-axis component of 75 /5 (displacement vector of an arbitrary point P w.r.t

vehicle CM)

Up1 u p
(B (B) _ (B)
{UP/N [UP ) {UB/N I l , {Q)B/N} = Iql ,
Wp | w r
Xp/5 (2.37)
S (B)
{rp/B} = yP/B
|Zp/B
the velocity at any arbitrary point P on the vehicle is obtained as
> (B) S (B) — (B) N (B)
{vP/N} = {vB/N} + {wB/N} X {TP/B } (2.38)

Where {FP/B}(B) = _{FB/P}(B)

Expanding Eq.(2.38) in component form and writing the velocity transfer for each

axis component yields

Up u p Xp/B
[vP] =|v|+|q]| X yP/B]
Wp w T Zp/B
Up = U+ qZp/p — TYp/B (2.39)

Vp =V +TXp/gp — PZp/B

Wp =W + PYp/p — qXp/B
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2.1.4.2  Determination of the Specific Acceleration at Off-Nominal Point

The body-axes components of specific linear accelerations at an arbitrary point P

(B)
(accelerometer sensor position), {E;g /N} , instead of the CM are obtained as

v \®
{asP/N}
= (@ )7+ P x (i) (2.40)

Asp/n

+ {aB/N}(B) % ({BB/N}(B) % {FP/B}(B))

with the resolution into vector components in body coordinates

as a X
(B) xP (B) Sx P/B
—N —N - (B)
(@) = IZS;V'P] S o R [ZSy] o e} = IJZ’P/B (2.41)
Sz,p Sz P/B

Expanding EQ.(2.41) in component form and writing the results for each axis

component yields

Gxp|  [Fsx] [P] [¥P/E] [Py /[P1 [FP/E
Asyp| = |%sy|+ g x |Yr/B |+ ql X lql X |Yp/B
Asz,p As, r Zp/B r r Zp/p
Asyp = Asx — (@® +12)xp/p + (pq — )yp/p + (T + PZpy5 (2.42)

Asy, p = Qs +(pq + 7;)XP/B - (> + TZ)YP/B + (qr — p)ZP/B

Asyp = As, T (pr — @)xpyp + (qr + P)Yp/s — (p* + qz)ZP/B

2.1.4.3  Transfering Moments to Off-Nominal Point

Using the following definitions for the body-axes components of mip, g, and f
together with the body-axis component of 7 5 (displacement vector of an arbitrary

point P w.r.t vehicle CM)
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lp l ®) fx
{mp}(B) = [mP] {771)3}(3) = [m], {f} = (/|

" J2 (2.43)

Xp/B
{rP/B} [yP/B]
Zp/B

the moments referred to any arbitrary point P on the vehicle is computed as

(mp}® = {miz}® + {rB /P}(B) {?(B) (2.44)

Where {FP/B}(B) = _{FB/P}(B)

Expanding in component form and writing the results for each axis component yields
the following:
Xp/p|  |fe
- [yP/B] x |fy

L1 Tl
mp = 1m
Nnp n Zp/B fx
lp =1—f2yp/8 + fyZp/B (2.45)

mp =m+ f,xp/p — fxZpB

np =n—fyxpp + fi¥p/B

2.2 Forces and Moments

The sum of all applied forces and moments in the preceding equations arises from
aerodynamics, gravity, and propulsion. Since gravity acts through the center of mass
(CM) and the gravity field is uniform, there is no gravity moment acting on the air

vehicle. The resultant force and moment are thus expressed as
f=fa+ fp + fg ’ mB = mB,a + mB,p (2.46)

where f;l fp and fg are the resultant forces due to aerodynamics, propulsion, and

thrust, respectively.
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Note that gravity force produces no external moment about the CM, so the total

external moment is due to the total aerodynamic and propulsive moment alone.

2.2.1 Aerodynamic Forces and Moments

Aerodynamic forces and moments result from the relative motion of the air and the
aircraft. Aerodynamic forces and moments can be represented using non-

dimensional coefficients as follows:

> (B) a
{fa} = = qS __pVTAS CY (2.47)
@) Ly b(C;
{771)3,(1} = ma] =qs C_Cm] (2.48)
Ng bC,

where g is the dynamic pressure, V;,¢ is the magnitude of the air-relative velocity
(also called the airspeed), p is the air density, S is the wing reference area, b is the

wingspan, and ¢ is the mean aerodynamic chord.

Dynamic pressure is calculated as follows:

1

q = EpVTASZ (249)

The dimensionless force components resolved into the wind axes can be obtained

using the transformation matrix in Eq. (2.10) as follows:

—Cp € Sp SaCp [Cx
—CC]:[—Casﬁ Cp —Sasﬁ”CY] (2.50)

_CL _Sa O CC{ CZ

In overall, the non-dimensional force and moment coefficients are nonlinear in their
dependence on the aircraft translational and angular velocity vector components, as
well as the control surface deflections, and also their time derivatives and other non-

dimensional quantities, such as Mach number and Reynolds number.
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The aerodynamic force and moment coefficients are calculated using the following
relationships and represented as a function of a combination of independent variables
[2] [46] [47] [48] [49].

Ca = Ca(Mi a, ﬁ' b.qr, 6e!6a! 67‘! 6lef! 6sb) (251)
where a stands for X,Y,Z,l,m,n .

For longitudinal coefficients, the dependency is expressed as

Ca = Ca(@) + AC,(B, @) + ACo(8p, @) + ACo(8pr, @, B)

+ ;—VCT {[Cag(@) + Ao (@ 8150} (252
where a stands for X,Z, m .
For lateral coefficients, the dependency is expressed as
Ca = Co(B) + 4C, (B, a) + AC,(61r @, B)
+[4Ca(80 @, B) + ACa(8q, @, B, 816r)] + [ACa(6,, @ B)) (259

+ %{[Cap(a) +4C,, (a, 5LEF)] p+ [Car (@) + 4G, (a, SLEF)]T}

where a stands for Y, [, m .

When the whole range of aircraft flight envelope is examined, these aerodynamic
coefficients exhibit nonlinear correlations with their dependent variables.
Polynomial functions or spline functions can be used to represent the nonlinearity in
a postulated model. When the (equally spaced) nodes of an interval are used in the
interpolation, exceptionally high degree polynomials exhibit oscillation. Conversely,
spline functions can avoid the drawbacks of the polynomial representation. They are
defined only on the subintervals and are very capable of approximating
nonlinearities. In aerodynamic coefficients, parameters dependency on the angle of

attack are represented via spline functions [2] in the form
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a = q;

a—a)™m
i

(2.54)

rather than the usual B-splines.

As an example, the aerodynamic structure for Cj, is shown below. The structure of

other longitudinal aerodynamic coefficients is similar.
CD = CDO + [CDa'a‘l'CDaz 'az] + [CDSQ '63 +CD530£ '63 'a]
qc qc
+ [CDq 'W'FCan'ﬁ'(l]
+ [CDSIef Oter + CD5zefa “Oler @t CD5zefa%o " Olef (2.55)

- (a - “10°)+Cpglefa}5 “ Opef - (a— “15°)+]

+ [CD[; B+ Cppa- (B = Boo)+ + Cppe '32]

2.2.2 Propulsion Forces and Moments

Assuming that the thrust from the propulsion systems acts along the x body axis with

an inclination angle of the engines, the applied force from propulsion is

. T cosar
fo = [ 0 ] (2.56)
—Tsinar
. 0
7’77')B,p = fi} X FEN/B = |Tcosar ZEN/B + Tsinar xEN/B] (2.57)
0

where 7gy 5 (Xgn/B, YEN B, ZEN,8) 1S the position of the engine with respect to CM

along the body-fixed coordinate axes.
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2.2.2.1  Turbofan Engine Model Inputs and Outputs

The inputs and outputs of a generic turbofan engine in the context of a flight vehicle

system identification are depicted in Figure 2.3 [50].

Altitude (ft) '
> Thrust (1bf)

Mach

»  Engine Model

>

Fuel Flow (Ib/hr) >

TLA (%)

Figure 2.3 Generic Turbofan Engine Model Inputs and Outputs

2.2.2.2  Turbofan Engine Components

The turbofan engine operates according to a thermodynamic cycle. In this cycle, the
air is ingested, compressed, combusted, expanded, and expelled from the engine
throughout this cycle. As a result, thrust is generated to propel the flight vehicle. Five

main engine components perform for this operation:

e the fan,

e |low- and high-pressure compressors,
e combustion

e |low- and high- pressure turbines

e nozzle.

Figure 2.4 illustrates these components.
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High-pressure Higt;\-pressure
Fan compressor turbine

High-pressure
shaft

Low-pressure
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Low-pressure Combustion Low-pressure Nozzle
compressor chamber turbine

Figure 2.4 Turbofan Engine Components

The fan generates most of the thrust produced by a turbofan engine.

Compression works by adding energy to the pressure and heat already present to
prepare the air for combustion. Compressors are classified into two types: low-

pressure compressors and high-pressure compressors.

The combustor’s function is to supplement the energy in the airflow by heat addition.
Fuel is injected into the combustion chamber and mixed with the air. Following that,
the mixture of fuel and air is subsequently ignited, drastically increasing the
temperature and energizing the flow, propelling it back towards the high-pressure

turbine.

The turbines extract energy from the flow and utilize it to drive the compressors and
the fan. The rotating fan draws more air through the engine's core, thus completing
the cycle, and it draws additional bypass air around the engine, thereby producing

continual thrust.

The exhaust nozzle’s purpose is to push the core flow out of the engine, thus
generating extra thrust.

This is a continuous process, with each component performing a particular function

to keep the engine functioning. In principle, the idea of a turbofan engine is
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straightforward: add energy to the air passing through the engine and then extract

this energy to power the fan and generate thrust.

2.2.2.3  Simplified Turbofan Thrust Model

This section introduces a mathematical engine model capable of estimating the thrust

force for any flight condition.

Numerous researchers have concentrated their efforts on developing generic engine
models with the least amount of data. Yadav, Kapadi, and Pashilkar [51] proposed
an aero thermodynamic model for turbofan engine digital simulation. Similarly,
Roberts and Eastbourn in Reference [52] proposed novel methods for developing a
dynamic turbofan engine model using thermodynamic equations. Additionally,
NASA Glenn Research Center developed a general high-bypass ratio, twin-spool
commercial turbofan engine model [53]. However, the goal of this study is to provide
a turbofan engine model to calculate the turbofan engine thrust force for any flight
condition, and the models provided by [51] [52] [53] were found to be too complex
for this purpose. As a result, several techniques to estimate the thrust force of a

turbofan engine from simple equations were investigated.

Two sub-models comprise the engine model. The first sub-model is concerned with
the static engine state, while the second sub-model is concerned with the engine
dynamics (i.e., transient state). Figure 2.5 illustrates these sub-models. Each sub-

model is discussed separately in the two following sections.

Altitude Mach

2 2

Altitude (ft)
LS
Mach Static engine Engine static . .| Engine thrust
—n p———————3 | Engine dynamic
thrust force thrust force force (Ibf)
Throttle
position (deg)

Figure 2.5 Turbofan Engine Simplified Thrust Model Block Diagram
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2.2.2.3.1 Static Engine Model

Numerous simple static models exist in the literature [46] [47] [54] [55] [56], and

[57], and it is shown that the model in Ref. [54] is superior to others.

There are three significant external variables and one internal variable which affects
the thrust variation. The external variables include air density, Mach number, and
altitude; internal variables include throttle position. The static model is described as

follows:

T(h,M,5 3
% =&(h M) x T(h, M, 57.4) (2.58)
0

where T(h, M, 67.4) is the engine static thrust force at the altitude h, the Mach
number Mand the throttle position &4, Ty IS the maximum thrust value,

T(h, M, 87,4) is the nondimensional thrust coefficient and & is the relative air density

ratio defined as:

1
h -1 y-1
5(h M) = p(h) ll 4 )le (2.59)
Po 2
and T(h, M, 67,4) is a polynomial defined as:
n m
T(hM,8710) = ) ) Tyy(Mi67,) (2.60)

where T;;(h) denotes the polynomial coefficients depending on the altitude h, and
{n, m} represent the order of T for Mach number and throttle position. The order of
the polynomial for throttle position and the order of the polynomial to the Mach
number are assigned as m and n, respectively. These numbers, m, and n, are
optimized later to give better results, i.e., minor errors. In Figure 2.6, T, for different

altitudes can be seen.
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Mach Thrust values at an altitude, ft
0 10000 20000 30000 40000 50000
Tui!g
0.2 635 425 690 1010 1330 1700
0.4 60 25 345 755 1130 1525
0.6 -1020 710 -300 350 910 1360
0.8 2700 -1900 -1300 247 600 1100
1.0 -3600 -1400 -595 342 -200 700
Tt
0.2 12680 9150 6313 4040 2470 1400
0.4 12610 9312 6610 4290 2600 1560
0.6 12640 9839 7090 4660 2840 1660
0.8 12390 10176 7750 5320 3250 1930
1o 11680 9848 8050 6100 3800 2310
Tnax
0.2 21420 15700 11225 7323 4435 2600
0.4 22700 16860 12250 8154 5000 2835
0.6 24240 18910 13760 9285 5700 3215
0.8 26070 21075 15975 11115 6860 3950
1o 28886 23319 18300 13484 8612 5057

Figure 2.6 Maximum Thrust Values at Different Mach Numbers and Altitudes

2.2.2.3.2 Transient (Dynamic) Engine Model

The transient engine dynamic response for a turbofan was modeled with a state equation as
a first-order lag in the actual thrust to the commanded thrust as shown below [46] [47] [48]
[50] [54]:

1
T, =

(T —T,) (2.61)

Teng

where ., is the engine time constant, T, is the actual thrust, and T is the steady-state thrust
at defined altitude, Mach number, and throttle position. 7,,, is dependent on the flight
condition. In this study, for aerodynamic identification purposes, 7., can be kept fixed, or

the transient engine dynamics can be neglected not to increase the number of unknown

parameters.

2.2.3 Gravity Force

Gravitational forces resolved into body coordinates are given as

@ Xg 5 0 —mgsg
fo} =Y |=TWP| 0 | =|mgsece (2.62)
Zg mg mgce¢Co
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2.3 Sensor Models

This subsection discusses the sensor models that were used in the simulation model.
The sensor models composed of an accelerometer and a rate gyroscope model.
Stochastic and deterministic errors are the two main types of sensor errors that may

appear. The most common types of sensor errors are depicted in Figure 2.7 [58].

Figure 2.7 Major Types of Sensor Errors

Bias error, scale factor error, and misalignment are all examples of determinist
errors. The bias error is a constant offset between the output and the input values.
Scale factor is a multiplier applied to a signal that is composed of the output to the
input ratio over the measurement range. Misalignment is an orthogonality error
resulting from a rigid-body rotation that offsets all axes relative to the expected input
axes [59]. Generally, highly accurate mounting of the sensor is achievable; the

misalignments are quite minor [1].

Errors that occur as a result of random bias or scale factor drift, as well as random
sensor noise, are known as stochastic errors. Random variations in bias and scale
factor are the low frequency components and their influence is minimal. The sensor
noise is responsible for a large portion of the stochastic errors [58]. Sensor noise may
be reduced via filtering. In sensor error models, random sensor noise is represented

as a zero mean white noise.
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The error model of any sensor is given by:
Y = (14 Sy + SSy)y + (Ay + 6Ay) +n,, (2.63)

where S,, is the scale factor error, 6S,, is the scale factor instability, Ay the unknown
instrument bias, §Ay is the bias instability and n,, is sensor noise in the measured

variable. The measured quantity is denoted by the left-hand subscript m. The time

constant is omitted since no time delay is introduced in the measured variables.
The characteristics for the sensor models are given in Table 2.1.

Table 2.1 Characteristics of the Sensor Models

Symbol Accelerometer Gyroscopes
Bias 0.005¢ 10 deg/hr
Scale Factor Error 1000 ppm or 0.1% 500 ppm or 0.05%
Random Sensor Noise 0.005 g/h/\/Hz 0.004 deg/h/v/Hz

24 Aircraft Trim and Linearization

24.1 Dynamic Model Representation for Aircraft Trim

Mathematical model of the dynamic system can be represented in state-space form

as

)_C) = f(J_C), l_'i)l )_C)(tO) = 550

y =g, u)

(2.64)

where X is the n,, x 1 column vector of state variables, u is the n,, x 1 control input

vector and  is the n,, X 1 output vector.

Simplified linear models are valid over minor perturbations about the equilibrium
points. The dynamic system equations can be linearized around a suitable operation

point, results in
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X =AX + Bu, x(ty) =«x
(o) = %o (2.65)
y =Cx+Du
The system matrices A, B, C, and D are respectively denoted by
i\ X+ €ee,u)— filx—e€e;,u
l]:f;( ] )Zeﬁ( ] );i:1’2,""nx;j:1,2,""nx
\X,u+e€e)— f;|x,u—ce;
l] :ﬁ( ])Zeﬁ( ]);i: 1’2,"',nx;j:1,2,"',nu
(2.66)

(x + ee;,u) — g;(x — ee;,
= gl(X €e; u)zegl(X €e; u);i =12,,ny j=12,,n,

_g&xu+eq)—g(&u—eq)i:

Dy = 2€ ’

1121"':ny; _] = 1:2:”'1nu

where € is a small positive scalar, e; is the jth unit vector, and n,,, n,, ny, and n,,

stand for the number of elements in u, x, x and y vectors, respectively.

Nonlinear equations must be solved to determine the trim condition. At least 12 states
are needed to characterize aircraft motion. These are the translational, rotational,
kinematic, and navigation equations. In A4, B, C, and D system matrices, the columns
correspond to the input/state vectors, while the rows correspond to state

derivative/output vectors.

The input vector depends on the type of air vehicle. It typically comprises the

deflections of an elevator, aileron, and rudder, as well as a throttle setting.
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The air vehicle state, output, and input vectors are defined, respectively, as

X = [VI al ﬁ; d); 9; d)l p; q; r! pN’ pE’ h’]T
[as a,,7]" (2.67)
= [6T' 59, 6al 67']T

X
y
u
For a nonlinear, time-invariant system, the trim point is equivalent to the equilibrium
point of the nonlinear system, which is represented by x.,. In state-space, this
equilibrium point, or trim condition, is described as x = 0, with the set of control

settings u,, = constant enabling steady-state possible. This solution generally can

only be found numerically.

In this study, firstly, the Newton-Raphson method is utilized to determine the trim
condition. Then the Line Search Newton-Raphson method is examined for its ability
to provide global convergence to trim problems. To utilize the Newton-Raphson
method, linearization is required; the procedure is shown in Figure 2.8 [31] [47] [48]
[60]. The perturbations are selected as a fraction of the equilibrium values and maybe

defined some prescribed values for an equilibrium value of zero.

Next
Derivation

NO

Flowchart for the Linearization

Figure 2.8 Flowchart of the Linearization Process



The following are the linearized steady-state equations of motion in matrix form,

using the Jacobian matrix:

|4 Vv
a a
Bl rav av FYa fb oV
¢ oV da " 0Oh p a6,
Ol |oa aa A ’ dd
YI=|av 3z = anl||” |+ |as,
p oo 1 ||P :
q|l loak ok oh 7‘{ oh
;{ v aa 7 and| | 13,
i E
; L

24.2 Numerical Methods for Aircraft Trim

2.4.2.1  Newton-Raphson Method

oV
95,
dd

FE

oh

95,

[\

o’)°’}§‘7°’)

(2.68)

A Newton-Raphson method is a practical approach for solving equations

numerically. It is based on the straightforward concept of linear approximation. In a

generalized vector form, the Newton-Raphson method is expressed as

F(@)=0

(2.69)

where @ € R™ is an unknown vector parameter with n > 1 components, and F:

R™ - R"™ is a vector-valued function, that is,

F(6)] [F (0,0, ..,0,)
F(8) = FZ@ _ le(el,@:z,...,@n) — o

Fn(ﬁ) F,(04,0,,...,0,)
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where each F;: R® - R, i = 1,2,--+,n, is a scalar-valued function of n variables. A
vector @* for which Eq. 15 is satisfied is called a solution or root of the nonlinear

equations.

To derive the formulas for the NR method, Taylor series for the function F at the

point @, is written as
ﬁ(é)k + akﬁk) = F(é)k) + akVﬁ(ﬁk)Tﬁk (271)

where p, is a search direction that improves the solution in some sense, the scalar
a,, is the step length that determines the next point, and VF (0,)T is the transpose of

the Jacobian matrix of F at the point ©,. Then Eq. (2.71) can be rewritten as
F(O + axBic) ~ F(Or) + aiJ (0" B (2.72)
If J(©,) is nonsingular, then solving the equation
F(8°) = F(8k) + ai J(@)Pi = 0 (2.73)
ai P can be obtained as
api = —J (@) F(6)) (2.74)
In the Newton-Raphson method,
a, =1 (2.75)
and p reduces to

B = —J(0,)'F(6y) (2.76)

Algorithm 1: Newton-Raphson Method for Nonlinear Equations

1. Choose initial condition x, and maximum iteration number k,,,,
2. fork = 0to kg

3. Calculate a solution to p;, to the Newton equations,

4. ék = —]j@k)_lF(@k)

S. Oy = O + ﬁk

6. end for
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Newton-Raphson method needs the knowledge of the Jacobian of the nonlinear
function. The derivatives in the scalar-valued function can be approximated
numerically with a finite difference approach. This strategy is based on Taylor’s
theorem. By observing the change in function values in response to small
perturbations of the unknowns near a given point x, the derivatives can be
approximated. The partial derivative of the scalar-valued function f; with respect to

the j™ independent variable can be approximated by the central-difference formula

dF,

26, (x)

i @11 8-1, € + €61, 8j41,,On) = Fi( @1, 0j1,0) — €6, €141, 0) (5 77)
€—0 2€

N F,_(G) + Eej) - Fl(G) - Eej)

” 2e

where € is a small positive scalar and e; is the jth unit vector.

Now considering the function F; : R™ — R, which is a scalar-valued function of n
independent variables, © the variable can be written componentwise as 0=
(04,0,,::+,0,). The gradient vector, the n vector of first derivatives of F; can be
built up by merely applying Eq. (2.77) for j = 1,2,---,n. This process requires the
evaluation of f at the points © + €e;, j = 1,2,---,n,and © —€e;, j = 1,2,---,n: a

total of 2n points.

The vector of the first derivatives of f;, the scalar-valued function is called the

gradient of the function and is denoted as

VF,(8) = [aF(e) SISO agg@) (2.78)
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To define the Jacobian, the vector-valued function, F(0), is used:

Fl (6) F1 (Oll 92! ey G)n)
7(8) = |2(0)| = [F2(0r, 02 -, On) (2.79)

Fn(@) F,(0,,0,, ...,0,)

where each of the functions, F; is a scalar-valued function. Then VF is the matrix

with entries
(vE®)) = ag i(g@ (2.80)
Jji j
Note that the ith column of VF (x) is the gradient of f;. It can be shown as
VF(0) = [VF () VF,(0) - VF(0) - VE,(0)] (2.81)
The Jacobian of F at the point © is defined as VF(©)7 and represented as
J(©) = VF(8) (2.82)
The Jacobian is the matrix with entries
U®), = ag—e()j” (2.83)

where i represents the equation index, and j represents the independent variable

index.

2.4.2.2 Line Search Newton-Raphson Method

A line search strategy can be used to make the Newton-Raphson Method more
robust. To begin, a merit function needs to be defined, a scalar-valued function of x
whose value indicates whether a new candidate iterate is better or worse than the
current iterates, in terms of progress towards a solution of f. The most often used

merit function is the Euclidean norm |||, defined as
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IF@)Il, = (2.84)

The algorithm used in Line Search Newton-Raphson uses the sufficient decrease
condition, known as the Armijo condition, which is the only difference from the
Newton-Raphson method:

IF (O + axpi)lls < IF(O) + car VE(0,) pyll (2.85)

The norm of the Armijo condition is illustrated in Figure 2.9 [61]

$la) = [|F(Ox + axp, )|,

IF(®1) + carVF(@,) P, |,

273

+—  —P

acceptable acceptable

Figure 2.9 Armijo Condition

If the initial point (0,) is away from the solution; the Armijo condition is applied to

the Newton-Raphson method to help convergence.

Algorithm 2: Line Search Newton-Raphson Method for Nonlinear Equations

1. Choose initial condition x,, maximum iteration number k.., and ¢
2. fork = 0to kg,
3. Calculate a solution to p; to the Newton equations,

4. P = —J(©x)'F(0y)

5. if a = 1 satisfies the Armijo condition

6. Seta, =1

7. else

8. Perform Armijo condition line search to find «; > 0 that satisfies Eq.
(2.85)

9. end if

10 Opyq = Ok + Py

11. end for
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Procedure 1: Armijo Condition Line Search

1. ChoosepwithO<p<landa =1;seta, < a

2. while [IF(0x + agpi)ll, < IF(O) + ca Vf(0,) pill, do
3. a < pay

4. end while

5. Terminate with a,

2.4.3 Steady-State Flight Conditions (Trim Conditions)

The steady-state flight is important since it is the starting condition for flight
simulation and a flight condition in which the aircraft is linearized. As far as flight
dynamics are concerned, the steady-state flight is defined as a condition when all
force and moment components in the body-fixed coordinate system are constant or
zero. Additionally, aerodynamic angles and the angular rate components must be
constant, with zero derivatives. As a result, the following basic restrictions are
specified as follows:
Linear accelerations: V,a,p (or i, v,w) =0

(2.86)
Angular accelerations: p,q17=0

When the steady-state conditions p, ¢, 7 = 0 are satisfied, the aerodynamic and thrust
moments must be zero or constant, indicating that the angular rates to be zero or
constant. The conditions V, &, B (or 1, ¥, w) = 0 necessitates that the airspeed, angle
of attack, and sideslip angle be constant, and thus the aerodynamic forces must be
zero or constant. As a result, additional constraints based on widely used steady-state

flight (trim) conditions are defined as:

Straight and level flight: $,0,9,y,p,qr=0 V,h= user defined
Steady climb or descent: $,0,9,p,q,r=0 V,h,y,8; = user defined
Steady turn: $,0,y=0 V,h,¢ = use defined

The reader is referred to Ref. [42] [43]for the detailed knowledge of the trim

conditions stated above.
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CHAPTER 3

FLIGHT DATA GATHERING AND ANALYSIS

3.1  Flight Data Gathering

The flight test data used in this study are collected from a high-fidelity F-16
simulator. The stability and control augmentation systems have been developed
using the aircraft model to carry out the maneuvers. The stability and control
derivatives are estimated mainly from the aircraft’s dynamic reaction to control
inputs. Typically, a variety of maneuvers are required to stimulate dynamic motion
about different axes utilizing separate inputs on each control. In general, it is
suggested to begin each maneuver with a trimmed level flight to allow for 5 to 10
seconds of steady flight before applying particular control inputs and provide
adequate time for the aircraft to oscillate depending on the mode of motion [1] [13].
Trim data for discrete flight conditions defined in Mach numbers (M = 0.2to M =
0.6), altitudes (h = 0 ft to h = 40000 ft) and different flight path angles (y = —5°
to y = 5°) are collected to generate a preliminary engine thrust model. Maneuvers
for system identification (individual models), with two different altitudes and six
different speed combinations, are performed out in twelve different trim points in
this study. Control inputs of the pilot have been designed to do short-period, phugoid,
Dutch-roll, and bank-to-bank maneuvers. The angles of attack and sideslip are
covered between —5° < a < 18°and —8° < B < 8°. The longitudinal maneuvers
covered an angle of attack range of 0°-18°. The lateral maneuvers covered an angle
of attack range of 4°-13° and an angle of sideslip range -8°-8°, respectively. Aircraft

geometry, nominal mass, and inertia properties are given in Table 3.1 and Table 3.2
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Table 3.1 F-16 Aircraft Geometry and Mass Properties

Property Symbol Value Units
Mass m 9295 kg
Wingspan b 30 m
Wing area S 300 m
Mean aerodynamic chord c 11.32 m
Reference moment center (x-direction)  xp¢ 0.35¢ m
Reference moment center (y-direction)  yyc 0 m
Reference moment center (z-direction)  zyc 0 m
Center of mass (x-direction) Xp 0.3¢-0.38¢ m
Center of mass (y-direction) VB 0 m
Center of mass ((z-direction) Zg 0 m

Table 3.2 Aircraft Inertia Tensor in kg-m?

Symbol Value Symbol Value Symbol Value
Iyx 12875 Ly 0 Iz 1331
Iyx 0 Iyy 75674 Iyz 0
Iy 1331 Ly 0 Iz 85552

3.1.1 Optimized Maneuvers

The primary objective of the system identification maneuvers detailed in this section
is to stimulate associated modes of the aircraft motion adequately. In general, while
exciting a specific mode, it should be avoided by exciting other modes. The short
period, phugoid, Dutch roll, and bank-to-bank maneuvers are described in detail

below and shown in Figure 3.1.
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Figure 3.1 Control Inputs for the Short Period, Phugoid, Dutch-Roll, and Bank-to-
Bank Maneuvers

The pilot's control inputs are applied to stimulate the different modes of air vehicle

via short-period, phugoid, Dutch-roll, and bank-to-bank maneuvers. All test

procedures began with level flight trim conditions. Trims were not performed at idle

or maximum power settings since the aerodynamic coefficients are not affected by
thrust change. The flight test scope is shown in Figure 3.2.

Altitude ( feet )
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|
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Figure 3.2 Flight Test Scope

3.1.1.1  Short Period Mode (SP)

It is a multi-step 3-2-1-1 elevator input that excites the short period motion with a

variation of approximately 4 degrees in angle of attack and 0.5g in vertical
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acceleration. It provides enormous information for estimating the vertical and

pitching motion derivatives [1].

3.1.1.2  Dutch Roll (DR)

The Dutch Roll maneuver provides knowledge for predicting the lateral motion
variables [1]. This maneuver is excited by rudder inputs. Multiple oscillations cycles
are often seen. The maximum change in the sideslip angle is typically in the range
of 4 degrees or 0.1g lateral acceleration. The Dutch roll maneuvers are performed
at different trim speeds and altitudes since the lateral-direction derivatives depend

on the angle of attack.

3.1.1.3 BanktoBank (BTB)

Bank-to-Bank maneuver provides extra knowledge on lateral-direction motion
variables relating to rolling rate and aileron deflection [1]. Aileron input is applied,
rolling the aircraft from wings-level to 30 degrees banking on one side; this is
continued by changing input and smoothly transitioning to the wings-level and the
opposite bank angle, and then back to wings-level condition. The aileron adjustment
causes a rapid change in roll rate and acceleration.

3.1.2 Optimal Input Design

Several different input patterns can be applied to induce oscillatory motion: pulse,
doublet, 3-2-1-1 signal, and modifications of the 3-2-1-1 signal. The procedures
described by Jategaonkar in Ref. [1] (pages 41-52) are used as guidelines. A pulse
input is the most straightforward way to trigger the oscillatory motion. After a certain
amount of time has passed, the control is released, allowing the aircraft to oscillate
freely without pilot inputs. A pulse input quickly obtains the excitation of long-
period modes (e.g., phugoid), but the fast-reacting modes (short-period, dutch-roll)
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are more critical than long-period modes. A doublet is a more often utilized input to
stimulate the dynamic motion. The doublet input generates a symmetrical signal
from a two-sided pulse. Its excitation power varies with time steps, and tuning time
steps is critical. Extending the logic of the doublet input, 3-2-1-1 multi-step input
can be utilized, which offers a much broader excitation power spectrum than the
doublet input. This is why the 3-2-1-1 signal outperforms the doublet input. The
other virtue of the 3-2-1-1 is its simplicity and ability to be executed manually. When
flown manually, inputs do not have highly sharp edges due to the pilot’s filtering
effect. It is worth noting that the exact form and time step are not critical. The 3-2-
1-1 input on the elevator is suggested to excite the short-period motion, while the
doublet input on the rudder is recommended to excite the dutch roll motion. Although
the 3-2-1-1 input can be designed for dutch roll excitation, it is weakly damped in
comparison to the short period, and therefore a doublet input is found to be sufficient
for excitation of the dutch roll. In the following subsections, how to choose the

optimal time step is mentioned.

3.1.2.1  Short Period Mode (SP)

Firstly, the longitudinal linearized matrices are obtained from the nonlinear

simulation model for the discrete flight conditions performed by maneuvers.

o ou du  Ou -9
) dJu ow dq 00 a4,
Bul Naw aw aw awl [A] |aw
aw| |2 W oW WL Ay,
Agl=|0u ow odq 06 + [96,| Ade (3.2)
q . X : i Aq A
Agl |94 94 99 99| |pg| |94
u ow aq a8 a3,
Lo 0 1 04 Lo g

where subscript O represents the equilibrium (trim) point.

Two complex conjugate pairs of eigenvalues result from the four states,
corresponding to two stable oscillatory modes. It is possible to determine the natural

frequency and period of these pairs of eigenvalues. Because the periods of these
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modes are separated by more than an order of magnitude, they are easily
distinguished as the short-period and phugoid modes. The phugoid mode has a low

damping factor, whereas the short-period mode has a moderate damping factor.

Typically, the time step for the 3-2-1-1 input is set such that the short period’s natural
frequency falls in the middle of the upper third of the input spectrum. This leads to

an estimate for At;,;, given by

A 1.6 Mol 2
3211 & ~ ~ —- period of oscillation .
nsp  2Wngp 4
or
21 1 o
At3,1; ® —— =~ = - period of oscillation (3.3)
nsp 3

where wy,, is the short period frequency.

3.1.2.2 Dutch Roll (DR)

Firstly, the lateral linearized matrices are obtained from the nonlinear simulation
model for the discrete flight conditions performed by maneuvers.

(dv 0v 0v 0dv "9y 0v
dv dp Or 0¢ 06, 06,

M e o ap op| [] o ap
Ap —_— = = — Ap A6(1
A | =0V op or 9e| |, | +|0s, 38, M] (3.4)
agl |00 0r 0bor)agl for or| T
dv dp or ¢ 38, 06,
| 0 C¢ —S¢ O'O L 0 0—0

where subscript 0 represents the equilibrium (trim) point.

There are two real eigenvalues and a pair of complex conjugate eigenvalues for
lateral/directional motion. The conjugate pairs of eigenvalues represent the dutch roll
mode, which is characterized by a rolling and yawing motion with some sideslipping.
The natural frequency and period of this pair of eigenvalues can be calculated.
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The time step for the doublet input is usually chosen as

2.3

Atpprr = ~ — - period of oscillation (3.5)

nDR

where w, , . is the dutch roll frequency.

3.13 Flight Test Instrumentation and Measurement

The quality of measured data influences the parameter estimation accuracy. To use
system identification methods effectively, accurate measurements of control inputs

and motion variables are recommended.

For the estimate of rigid-body aerodynamic models, a sampling frequency of 20-25
Hz is typically adequate [1] [2]. Since simulation results are recorded at a 20 Hz
sampling rate. To identify the aerodynamic model, a typical set of measured

quantities are as follows [1] [2]

» Control surface deflections (8, 8y, 8y, 81ef, Ssp),

e The linear accelerations (ay, a,, a,),

e Angular rates (p, q,7),

e Euler angles (6,6,),

e Airdata (M, a,p),

e Static pressure, static temperature, and altitude (P, T, h),

e Propulsion parameters (6, T)
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The resolution of flight test instrumentation is shown in Table 3.3 [60]

Table 3.3 Flight Test Instrumentation Accuracy and Resolution

SENSOR RANGE ACCURACY RESOLUTION
Pitch Attitute +90 [deg] +0.5 [deg] 0.1 [deq]
Roll Attitute +90 [deg] +0.5 [deg] 0.1 [deq]
Heading 0 to 360 [deg] +0.5 [deg] 0.2 [deg]
Pitch Rate +100 [deg/s] +0.5 [deg/s] 0.1 [deg/s]
Roll Rate +300 [deg/s] +1.0 [deg/s] 0.2 [deg/s]
Yaw Rate +100 [deg/s] +0.5 [deg/s] 0.1 [deg/s]
Axial Acceleration +5 [g] +0.02 [g] 0.01 [g]
Lateral Accelaration +5 [g] +0.02 [g] 0.01 [g]
Normal Acceleration —5to10 [g] +0.02 [g] 0.01 [g]
Angle of Attack —45t0 70 [deg] +0.3 [deg] 0.1 [deq]
Angle of Sideslip +45 [deg] +0.3 [deg] 0.1 [deq]
Pressure Altitute 0to 60000 [ft] +150 [ft] 20 [ft]
Radar Altitute 0 to 1000 [ft]

True Airspeed 0 to 1500 [kt] +2 [kt] 1 [kt]
Mach Number 0 to 2.4 [ft] +0.005 0.005
Elevator Position Limits of Travel +0.2 [deg] 0.2 [deq]
Aileron Position Limits of Travel +0.1 [deg] 0.1 [deg]
Rudder Position Limits of Travel +0.2 [deg] 0.2 [deq]
Flap Position Limits of Travel +0.2 [deg] 0.2 [deg]

3.2  Flight Data Analysis

It is a known fact that errors in measurements can severely degrade the estimation
results from flight data [1] [12] [31]. Two data preprocessing steps were taken before

the model identification to avoid parameter estimation errors.
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3.2.1 Flight Data Prefiltering

It is recommended to record raw data, and occasionally eliminating high-frequency
noise is required prior to using the signals. The numerical differentiation of measured
angular rates, followed by filtering, is preferred to generate the angular accelerations.
To accomplish this, digital filters based on a linear combination of input values are
used extensively. They do not introduce any delay in the filtered values owing to
symmetry. This study uses Spencer’s low-pass digital filter, based on 15 points, the
present value, and the preceding as well as the following seven data points as

formulated as follows:

Yn = 320 [—3up_7 — 6up_g — Sup_s + 3up_y + 21u,_3 + 46u,_,

+67uy_q +74u, + 67Uy +46Up s + 21U 3 + 3Upys — SUpys (3.6)

— 6Ups — 3Unyv]

For all data points except for the first and the last seven, the above equation can be
accurately applied. A filter that uses fewer data points is applied to the two ends of
the time series to make it smooth. The first two and the last two data points cannot
be adequately filtered due to a lack of adequate information. Ensure to use the

procedure. The following filter for two data points can be incorporated:

1
Yo = e [Tty + 2ty + 3y + 2ty + Tt (3.7)

3.2.2 Flight Path Reconstruction

Secondly, flight path reconstruction [1] [2] [62], which is also called the data
compatibility check, is utilized. The goal of flight path reconstruction is to guarantee
that kinematically consistent and error-free flight measurements are obtained. Flight
data are kinematically consistent if the integrated state variables (e.g., the air data
obtained from linear accelerations, or the attitude angles obtained from the rotational
kinematics) match up with direct measurements [28]. Flightpath reconstruction
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involves two main parts: 1) state integration 2) observer equations for comparison of
estimated (reconstructed) and measured outputs. The state integration consists of
integrating translational dynamics, integrating rotational kinematics, and integrating
navigational kinematics. Generally, accurate mounting of the sensor is possible;
misalignments are very minimal. Additionally, these correction components are
often less than the measurement noise. For these reasons, we generally ignore these
corrections in practice [1]. Some drifts in the estimated and measured outputs suggest
introducing time lags (delays), biases, and/or scale factors in the measurement
signals (e.g., linear accelerations, angular rates, angle of attack, and angle of sideslip)
as well as time-invariant atmospheric wind speeds [1] [2] [9] [22] [63]. The output
error technique is used to estimate the time lags, biases, and/or scale factors in the
measurement signals and time-invariant atmospheric wind speeds. Since the body-
fixed axes system is defined with respect to CM, the measured accelerations and

velocity components were transferred from the sensor locations to the CM [1] [64].
Any typically measured variable can be expressed as
Ym(t) = Kyy(t —7) + Ay (3.8)

where K, is the calibration factor, Ay the unknown instrument bias, and t the time

delay in the measured variable. The subscript m on the left-hand side indicates the
measured quantity. The time constant is omitted since no time delay is introduced in

the measured variables. The equation turns out to be
ym(t) = Kyy(t) + Ay (3.9)

The state variable, control input, and observation vectors for data compatibility are
given in Table 3.4.
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Table 3.4 Input, State, Observation, and Unknown Variables Vectors for Data

Compatibility
Symbol Description Variables
u Control Input Vector [an, 45 Usy a5 Fsz a5 D0 D r]
X State Variable Vector [u,v,w, ¢, 6,9, pp]

[
Observation Vector [V, a,B,¢,0,, h]

®  Unknown Variables Aasx,AaSy,AaSZ,Ap,Aq,Ar,Ka,Aa,KB,Aﬂ]

As seen in Table 3.4, the linear accelerations and angular rates’ the scale factors are
not included. This is because scale factors are highly correlated with biases and lead
to poor quantitative identifiability. Furthermore, scale factor errors are negligible in
the high precision accelerometers and rate gyros, and their calibrating is more
accurate than that of other measured variables. The bias errors are also negligible for
the same reason, but they are included in the model to prevent drifting in the

integrated variables.

It is worth noting that the sensor errors Aas,, Ap, Aq, Kg, and AB appear as bias

parameters within the estimation model, but their determination for the longitudinal
variable consistency procedure is not critical. For practical use, it is recommended
to divide maneuvers as longitudinal and lateral. The procedure to estimate
longitudinal and lateral error terms is as follows: First, the flight data from
longitudinal maneuvers are concatenated, and primary longitudinal unknown
variables are estimated. And then, the time history plots are observed, and primary
variables related to longitudinal maneuvers are frozen. Finally, lateral maneuvers are
utilized to estimate the primary lateral variables. Table 3.5 summarizes the primary

variables for different maneuvers.

51



Table 3.5 Maneuvers and Primary Unknown Variables for Data Compatibility.

Maneuvers Primary Variables

Longitudinal (Short-Period, Phugoid) [Aasx,AaSZ, Aq, K4, Aa]

Lateral (Dutch-Roll, Bank-to-Bank) [Aasy,Ap, Ar, K,;,Aﬁ]

State and observation equations for flight path reconstruction are given in the coming

subsections.

3.2.2.1  State Equations

The following transformation is used to compute the body-axes specific
accelerations at the CM from the specific accelerations measured at the

accelerometer sensor position (AS):

as,
&
as,
[@s2,45 1, \ Xas/B
= aSyAS AaSy [ ] [yAS/B] (310)
O, 45, ZsA/B
[Pm — Ap Pm —Ap]  [Xas/s
—|qm — Aq| % <[qm —Agq|x [yAS/B])
T — Ar Ty — AT Zas/B

The complete set of nonlinear system equations are given by

[X1] [11] Qs IS¢ Pm — Ap u

.92,'2 =lv|= aSy + gs¢mC9m] - [qm - Aq] X [U

[ X5 ] lwl  Las, 9Cp.Co,, T — AT w

X4 -¢_ [1 S¢tg C¢tg

21151 o “] 611
xsl ] [0 s¢/c9 Cp/Co

[%;] = [pp] = [TSe  S¢Ce C¢C9]l l
w
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3.2.2.2  Observation Equations

The velocity components along the body axes at the air data boom (subscript ADB)

are computed from velocity components along the body axes at CM as follows:

UapB u Pm — Ap XADB/B
[UADB] = lvl + |qm — Aq| X [YADB/B] (3.12)
Wapp w qm — Aq ZADB/B

The observation equations are given by

2
Y1 =Vapp = \/(uADB)Z + (U‘UADB) + (Wapp)?

w
Yo = tapp = K, (tan_1 ADB) + Aa

UapB

_1WabpB
= =K, (t 1 ) A

Y3 = Paps g\ tan Yann + Ap (3.13)
Ya=¢
ys =0
Yo =Y
Y7 = —Pp
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CHAPTER 4

METHODOLOGY

4.1 Model Description

The following general nonlinear system provides a mathematical model of the

dynamic system in state space [1] [2] [60]:

i) = f[@), 1400, B] + FOW®),  #(to) = %o

. (4.1)
y(t) = g[%(6),u(), B]

where X is the n, x 1 state variables vector, u is the n,, X 1 control input vector, y
is the n,, X 1 system output vector, ﬁ is the ng X 1 system parameter vector, n,. and
n,, are the dimensional system functions, and f and g are general nonlinear scalar-
valued functions. Along with the deterministic control input , the system is also
excited by process noise w(t), a stochastic input, which is usually nonmeasurable
n,, X 1 column vector. The matrix F represents the additive process (state) noise

distribution matrix.

Due to the impossibility of measuring the system parameters E they must be
estimated from discrete measurements z(t; ) of the model outputs y(t,). The output

equation is formulated as

Z(ty) = y(ty) + Gv(ty) (4.2)

where k is the discrete-time index and v(t;,) is the n,, X 1 measurement noise vector.
The measurement noise vector is assumed to be characterized by a sequence of
independent Gaussian random variables with zero mean and identity covariance. The

matrix G represents the additive measurement noise distribution matrix.
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Apart from the system parameters £, it is assumed that the elements A of process
noise distribution matrix F, and the starting conditions x, are also unknown. As a

result, the unknown parameter vector is as follows:

- - -, T

0=[gr Ir %] (4.3)
In this study, there is no stochastic input, process noise. So, the formulation becomes

i) = f[#@®), 4@, Bl + FOW(®),  Z(to) = %
¥(t) = g[2(@®), 4 @), ] (4.4)
Z(ty) = y(tx) + Gv(ty)

and the unknown vector is
= > - 11T

In the aircraft system identification problem, E correspond to aerodynamic forces

and moments related parameters.

4.2 Integration of State Equations

There are many algorithms to integrate the state equations numerically. The Euler,
Runge-Kutta 2"! and Runge-Kutta 4" order integration methods are concentrated in
the study. The Euler integration needs just one evaluation of the state derivative
function at each time point; the Runge-Kutta 2" and 4™ order algorithms need two
and four evaluations. The computational burden is related to the number of function
evaluations [31]. The Euler integration is the fastest, while the Runge-Kutta 4™ is the
slowest. The higher-order integration algorithms provide more accurate results than

low-order integration formulas.

The Runge-Kutta 4" is usually suggested for rigid body system identification. Due
to adverse error propagation, the Euler integration is not recommended, especially

for long-duration maneuvers and sampling rates larger than 20 milliseconds [31].
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However, second-order integration suffices [65]. For substantial problems, the
computational time can be reduced by starting with a more straightforward
integration method, the Euler method, the Runge-Kutta 2" order method, and a few
iterations or convergence switching over to a higher-order algorithm Runge-Kutta

4" order method.

4.3 Parameter Estimation Methods

For regression, the sum of squared errors as an objective function (cost function) is

used and given in Eqg. (4.6).
O =2 (70 -5 (Fiw)) (260 -3 (@) @
k=1

This problem can be solved using any minimization optimization problem. Gauss-
Newton algorithm is one of the most widely used minimization algorithms and is

selected for this study.

The parameter estimation process is frequently usually unstable, in that a little
change in measurement might result in a large change in the estimated model. Inverse
problems that develop because of this scenario are referred to as ill-conditioned
problems. Regularization is the process of enhancing the stability of the inversion
process by introducing extra constraints that bias the result. Tikhonov regularization
is the most often used approach for regularization. Another possibility is to employ
the bounds constraint technique, which is inserting lower and upper bounds in model
parameters [66]. The unconstrained optimization problem may be modified to
include these lower and upper bounds. This results in the formulation of a linearly

constrained optimization problem as [67]:

min f(@) subject to §min <0< 6max 4.7)
)
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In standard form,

min f(@) subjectto c¢;: 60— 6min > 0,cy: ﬁmax -9=>0 (4.8)
®

Barrier methods [61] provide an effective solution to this constrained optimization
problem. The constrained optimization problem is reconstructed as an unconstrained
problem with logarithmic barrier terms added to the objective function. As a point
approaches the boundary of an optimization problem's feasible area, a logarithmic
barrier term increases to infinity. For regions that are possible further from the
boundary, the logarithmic terms are negligible. The new optimization problem
(combined objective/barrier function) is formulated for the inequality-constrained

optimization problem.

£(8;u) « £(©) — u[log(6 — B pin) + 10g(Omax — 6)] (4.9)

To estimate aerodynamic parameters defined in the model postulate, equation error
and output error methods in the time domain are used to analyze simulated data. In
the first phase, the equation-error method is utilized firstly to identify aerodynamic
parameters, and in the second phase, the result from the equation-error process is
used as a starting point in the output-error method for fine-tuning.

The mathematical model required for the equation error and the output error methods
is shown in Figure 4.1.
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AIRCRAFT FLIGHT DYNAMICS SIMULATION MODEL

Equation Error Method

Output Error Method

Figure 4.1 Mathematical Model Required for the Equation Error and the Output
Error Methods

43.1 Gauss-Newton Algorithm

In this part, the derivation of the Gauss-Newton algorithm is presented in two parts:
(1) Newton's algorithm and (2) Gauss—Newton's algorithm. Before the derivation, let

us introduce some commonly used terminologies:

In least-squares problems, the observed values, Z, are compared with the model
prediction vector, y, and the difference between these values is referred to as the
residual vector, 7. The objective (cost) function f incorporates the residual and is

denoted by the following form:
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JORSONCECE))
-3 2.5-50) (410
=5 2,76

where N is the number of data points, © € R™ denotes variable vector with m > 1
components, also called unknowns or parameters, and i is the control input vector.
During training, the unknown variables are repeatedly adjusted to minimize the

objective function: mean square error.

The vector of first derivatives of f is called the function gradient and is notated as a

first-order derivative of the objective function.

v/(8) = agg;’) . 41) (411)

The matrix of second derivatives of f is called the Hessian matrix or simply the

Hessian and is notated as V£ . It is the matrix with entries.

2 —
a*f(e)
2 412
/), =505 (412)
To define the Jacobian, a vector-valued function, 7: R™ — R™, that is used:
7’1(6) 7,(04,0,, ...,0,,)
F(@) — ’)"2(-@) — T2(®1' @%,,@m) (4.13)

rN(ﬁ) (01,05, ..., 0,)

where each 7;: R™ - R, j = 1,2,-+-, N, is a scalar-valued function of m variables.
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The Jacobian is the matrix with entries.

6r(@)

J

(@), =

(4.14)

where i represents the equation index, and j represents the independent variable
index. Then, we have

=1 (4.15)

and

v£(8) = 5| D V(@) (@)’

[j=1

=]

+ . 1i(8)777(®)

(4.16)

1(6)18)+ ) 1(E)71(6)

=]

One of the critical search directions is the Newton direction. This direction is

.k
obtained using the second-order Taylor series approximation to f ([@] + ﬁ") and

is computed as follows:

v ([6]) 154" = -vr ([6]") (4.17)

and then uses a line search to determine

6" =[6]" + 54" (4.18)

The computation of the Hessian matrix is a critical step in the implementation of
Newton’s method. While Newton's method produces excellent local convergence, it
has some drawbacks:

e The Newton algorithm does not work if the Hessian is not invertible.
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e The Newton algorithm may not converge.
e The Newton algorithm can converge to a saddle point instead of to a local

minimum.

Gauss-Newton's technique is regarded as just a modification of Newton's method.

The Hessian is approximated by the first term of Eq. (4.16), assuming ](§)T1(6) is

often more crucial than the second summation term. The direction is computed from

Eqgs. (4.15)(4.16)(4.18) and dividing both sides by as follows %

1) 1 (1) e~ = 1 (161" #([61°) (4.19)

and then uses a line search to determine

—k+1

6]

While the Gauss-Newton technique often works well in practice, it is based on

= [6]" + [3¥1oY (4.20)

Newton's method and, therefore, may fail for the same reasons as Newton’s Method.

Additionally, when the matrix J(6) J(®) is singular, the technique can fail.

4.3.2 Equation Error Method

Non-state parameters which are not integrated throughout the simulation, such as
force and moment coefficients, are determined without considering their history.
This technique is referred to as the equation-error method and is computationally

efficient since it does not require integration of the assumed model.

The equation-error method is one of the earliest analytical methods for estimating
aircraft dynamic model parameters from flight data. Instead of matching the states
or outputs, the equation-error method matches state time-derivative knowledge from
the dynamic system. When using this approach, model outputs does not need to be
integrated since the matching is done directly in those equations themselves (hence
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the name “equation-error”). This method works well with data from inherently

unstable aircraft flying under closed-loop feedback control [1] [68].

This technique is used to calculate the aerodynamic parameter estimates by
minimizing the cost function which is obtained nondimensional force and moment
coefficients and the estimated model values. The non-dimensional force and moment

coefficients are calculated by replacing measured and known quantities.

For the equation error estimation, the control input, state variables, measured / model

output vectors, and unknown (estimated) variables are shown in Table 4.1.

Table 4.1 Input, State Variable, and Output Vectors and Unknown Variables for the
Equation Error Method.

Symbol Description Variables
i Control Input Vector [V,a,B,0,4,7, S1ef, 8e, 84, 61, 8sp, M|
X State Variable Vector ]
y Model Observation Vector [Cy, Cy, Cz, C, Cpp, Crl
@  Unknown Variables [Cx, Cy, Cz, C}, Cm, Cn] Model Variables

The model structure for each aerodynamic coefficient is found separately since this

approach simplifies the training task and focuses on one coefficient each time.
Some properties of the equation error method can be summarized as:

e The equation error method minimizes the equation error between measured
and estimated dependent variables

e Presents a single shot solution; no iterations are required

e Easy to implement, involves simple matrix operations

e Preferred for a nonlinear and unstable system
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4.3.2.1  Observation Equations

Because the aerodynamic forces and moments are not directly measured, a
preprocessing step is necessary in the case of aerodynamic parameter identification.
Aerodynamic force and moment coefficients can be computed using the
measurements of the associated variables such as linear accelerations, and angular
rates, mass properties, and other external forces and moments as shown in Figure
4.2.

FPR Corrected
AS
X

AS
’

AS
,a°, af

a a

Flight Derived
Cyx,Cy,Cy

MC
G, Cn G

p.qr

q e

- —
Forop » Myrop
Sensors Location

CG and MC Location

Figure 4.2 Schematic of Data Preprocessing to Compute Aerodynamic Force and
Moment Coefficients from Flight Measured Data

To summarize, the equation-error method minimize the cost function to estimate
aerodynamic parameters, and the non-dimensional force and moment coefficients
are computed by replacing measured and known quantities. Since thrust-related
forces and moments are determined from the manufacturer engine database, the
equation error approach is utilized in order to simulate the functional dependence of
aerodynamic forces and moments on aircraft control, state and output variables. See
Figure 4.3 (modified from Ref. [69][p.15][Fig. 12]).
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Figure 4.3 Flowchart of the Equation Error Method

How to compute the nondimensional force and moment coefficients are shown in the
following equations. The body-axes specific accelerations at the CM are computed
from measured accelerations at the accelerometer sensor position using the following

transformation:

sy as XAs/B D Xas/B
asy = (Asxas| — |g]| x |Vas/B —[ X [q]x Yas/B (4.21)
As, as ZsA/B T Z24S/B

The body-axes aerodynamic force coefficients are obtained as follows:

CX 1 asx T
Cy "as as,] lo

The non-dimensional force components resolved in the wind axis can be obtained

using the transformation matrix from body to wind and written as follows:

Cp 1 CaCp  Sp  SaCp 1|mas, —T
[CC‘=___[—C¢ZS[; Cp —sasﬁ] mas,, (4.23)

Cp qs —Sqa 0 Cq mag,
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The aerodynamic body-axes moments at the CM are computed as follows:

lq p Iyx —Ixy —Ixz][p Iyx —Ixy —Ixz][p
Mmg| = Ql X|=Ixy Iyy —lyz [q] +|—Ixy Iyy —lyz||g (4.24)
Ng r —lxy; —ly; Izz Ilr —Ix; —ly; Izz 1ly

The body axes rolling, pitching, and yawing coefficients referred to CM are obtained

by

G1 L[/ 0 07l
el Lo o 1/lln,

The moment coefficients referred to aerodynamic moment reference point (MRP) on

the vehicle is obtained as

_ XMRP/B ZMRP/B
ClMRP - Cl - CZ b + CY b
ZMRP/B XMRP/B
CmMRP = Cm - CX C_‘ + CZ C_ (426)
_ XMRP/B YMRP/B
Cayrp = Cn — Gy b + Cy 2

4.3.2.2  Sensitivity Analysis

Since the output error method is a computationally expensive technique and updating
all parameters obtained with the equation error method is not feasible, identifying
the most influential parameters in each aerodynamic coefficient model is necessary.
To do so, sensitivity analysis is utilized. The sensitivity analysis aims to determine
the most effective longitudinal and lateral/directional terms, which is tuned in the

output error method.

Sensitivity analysis is the process of determining how different types of uncertainty
in the model input influence the model's uncertainty. The sensitivity analysis is
considered how the parameters of a model influence the optimization cost function

from a parameter estimation viewpoint. Sensitivity analysis is employed to assess
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the impact of a model’s parameters on the output by ranking them in order of

importance.

The derivative-based method for sensitivity analysis is known as local sensitivity
analysis. A parameter’s sensitivity to the cost function equals the partial derivative
of the cost function with regard to that value. The term “local” leads to concept that
all derivatives are computed at a single point. This method works well for basic cost
functions. Local sensitivity analysis is a method that is performed one at a time
(OAT). OAT methods examine the impact of only one parameter on the cost function

at a time while keeping the other parameters constant.

4.3.2.2.1 Quantifying Parameter Sensitivity

To quantify the parameter sensitivity, aerodynamic coefficient parameters with the
optimum model structure are estimated for each coefficient and recorded as baseline
parameters, and the cost function is recorded as baseline cost function. Then each
parameter is changed by 1% from its baseline value. The model is simulated with the
same control input vectors, and the resulting cost function is calculated and recorded.

Finally, the sensitivity magnitude is computed as

. f(0+001-0,%)—f(0,u

Sl' =fl( _)l_)) f( ),l — 1’2’..."”@ (427)
f(0,4)

where © is the baseline parameter vector, u the control input vector f (6, 17) the base cost

function, £;(€ + 0.01 - ©;, %) the resulting cost function for the i" parameter in the model,

and S; the sensitivity magnitude for the i"" parameter in the model.

Since the optimum parameters are varied, the resulting cost function increased, and
sensitivity magnitude is always positive. To make a more consistent comparison for
each coefficient, values of sensitivity magnitudes are normalized by the most

significant sensitivity magnitude.
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— _i=12,ng (4.28)

This is carried out for each parameter in each aerodynamic coefficient. Parameters
with greater sensitivity magnitudes highly influence the model output and are
selected to be tuned in the second phase. On the other hand, parameters with less
influence have lower sensitivity magnitudes. For the rest of the study, the parameters
whose normalized sensitivity magnitude fell below 5% are not tuned in the second

phase (output error method).

4.3.3 Output Error Method

Since the outputs of the system, such as the angle of attack, angle of sideslip, roll-
pitch-yaw rates, and so on, are integrated throughout the simulation, the technique is
referred to as the output-error method. The output-error method can be regarded of
as a technique in which the model is used to match the dynamic system’s states or
outputs. A model which uses the parameter estimates obtained with equation error
method does not achieve the necessary fit the dynamic system’s measured outputs
since that is not what is being optimized. Any mismatch in equation-error model is
integrated over time, and numerical integration of unstable systems may result in
numerical divergence during the simulation. Unless the modeling errors caused by
from the equation-error parameter estimation are minimal in amplitude (magnitude)
and zero in mean, the result can be a considerable difference between measured
outputs and the model outputs calculated using the equations of motion. In the
output-error case, the discrepancy between measured and model outputs is
deliberately reduced via the parameter estimation adjustment. The estimates
obtained with the equation-error method are used as initial guesses, which are
bounded at +10 of the initial values. The output error method has been the most
commonly used time-domain method for estimating aerodynamic parameters from

flight data since its establishment [1]. The flowchart of the output-error method is
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shown in Figure 4.4. The result obtained in the equation error method is used as a

starting point in the output method for fine-tuning.

v, measurement noise

u, input l z, measured output
— -

. v
y, estimated output .
| .
| 7

0, estimated parameters residual

—-

Block diagram of the output error method

Figure 4.4 Flowchart of the Output Error Method

In longitudinal maneuvers, drag, lift, and pitch moment coefficients are the primary
concern, and side force, roll moment, and yaw moment coefficients are the secondary
concern and vice versa. Hence, longitudinal and lateral/directional dynamics are

considered decoupled.

Additional terms, which are the measured variables, are added to the control input
vector u. These measured additional terms were then considered as pseudo-inputs.
By including the pseudo-control inputs, the size of the model is lowered and the
impacts of additional motion variables, which are not considered as state variables,
are taken into consideration. For instance, in the longitudinal decoupled model with
the forward speed, vertical speed, pitch rate, pitch attitude, and pressure altitude
(u,w, q, 6, h) as state variables, and elevator deflection, 6., as input, we may include
the variables relating to the lateral-directional motion as pseudo inputs. The opposite
is also true in that we may evaluate the lateral-directional motion using conventional

variables of longitudinal motion, such as angle of attack, as pseudo inputs. The use
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of pseudo-control inputs enables the effects of other motion variables, which are not

regarded as state variables.

43.3.1 Longitudinal Dynamics

4.3.3.1.1 Reduced Longitudinal Model

A reduced longitudinal model is first employed to reduce the model size and
unknown parameters. The aim of using this model is to tune the parameters of the
drag and lift coefficients. After tuning the drag and lift coefficient parameters, the
identification of pitch moment becomes easier.

For the output error estimation, the control input, state variables, measured / model
output vectors, and unknown (estimated) variables for the reduced longitudinal
motion are shown in Table 4.2.

Table 4.2 Input, State Variable, and Output Vectors and Unknown Variables in the
Reduced Longitudinal Motion for the Output Error Method

Symbol Description Variables
i Control Input Vector [8e, S1epr v, 0,4, 7,$,0,Cc, B, p, T]
X State Variable Vector [u, w]
y Model Observation Vector [Vipg, @ups]
0 Unknown Variables [Cp and C; ] Model Variables

4.3.3.1.1.1 State Equations

True airspeed V/, angle of attack a, angle of sideslip § and dynamic pressure are
calculated as follows:
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V=2 + ()2 + (w)?

w
a= (tan‘l—)
u

v (4.29)
B = (sin‘lvm)
1
q=5pPmV*

The non-dimensional drag, lift, and pitch moment coefficients are computed as

CD = CD(a; ﬁ: q*' 661 Slef)

(4.30)
CL = CL((X, ﬁ' q*' 66' Slef)
The aerodynamic force coefficients at the body axis are transformed to
Cy CaCg Sg SaCg 1T [ —Cp
CY] — C?S [_Casﬁ CB _Sasﬁ] _CCm (431)
Cy, —Sq,, O Ca -C,

The body-axis accelerations are given by

X1 u Cx Ty, —YIS¢m Pm u
=|v =<c‘15 Crl+]0 >+ 9S4 Com | — [m X[vml (4.32)
.7'C2 w CZ 0 9Cs,.Co., Pm w

4.3.3.1.1.2 Observation Equations

The velocity components along the body axes at the air data boom (subscript ADB)

are computed from velocity components along the body axes at CM as follows:
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UapB u Pm XADB/B
[UADB] = [Uml +149|X yADB/B]
WapB w m ZADB/B
(4.33)
Vapg = \/(uADB)Z + (Wapp)? + Wapp)?
w
(XADB = (tan_l E)
The observation equations are given by
yi =V
LoARE (4.34)
Y2 = QapB

4.3.3.1.2 Full Longitudinal Model

After updating the lift and drag coefficient in the reduced longitudinal model, the full

longitudinal model is utilized to tune the pitch moment.

For the output error estimation, the control input, state variables, measured / model
output vectors, and unknown (estimated) variables for the full longitudinal motion
are shown in Table 4.3.

Table 4.3 Input, State Variable, and Output Vectors and Unknown Variables in the
Full Longitudinal Motion for the Output Error Method.

Symbol Description Variables
u Control Input Vector [8e, S1ep, v, 0,7, 0, Ce, B, 0, T)
X State Variable Vector [w,w,q,6,h]
y Model Observation Vector [VADB, @upp,q, 0, h, aSZ,AS]

Unknown Variables [Cp, C,, and C,,] Model Variables

)]
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4.3.3.1.2.1 State Equations

True airspeed V, angle of attack a, angle of sideslip § and dynamic pressure are

calculated as follows:

V=2 + ()2 + (w)?

w
a= (tan‘l—)
u

R (4.35)
p = (sm V)
1
q= Epmvz

The non-dimensional drag, lift, and pitch moment coefficients are computed as

CD = Cn(“;ﬁ; q*' 6erslef)
CL = CL(CZ, ﬁ' q*' 6erslef) (436)
CmMRp = Cm(d, ﬁ' q*'ae'Slef)

The aerodynamic force coefficients at the body axis are transformed to

Cy CaCg Sg SaCg 1T [ —Cp
Cy] =1qS| %S S “SaSg| |—Ccp (4.37)
CZ _Sam 0 Ca _CL

The pitching moment coefficient referred to the CM are computed by the following

formula
ZMRP/B XMRP/B
Cm = CmMRP - CX C_' + CZ C_ (438)
The body-axis accelerations are given by
X1 U Cx1 [Tm ~Y9S¢m Pm u
=|v|={gS|Cy|+]|0 ||+ |95¢mCo|—]9 | X lvml (4.39)
X, w Cy 0 9Cp.,Co Pm w
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The equations for rotational motion are represented as

X3 =g = (IZZ B IXX)pmrm B IXZ(me B rmz) +qSccy (4-40)
3=q=

IYY

The Euler-pitch angle rate is obtained by
X,=0=cos¢ q—sing n, (4.41)
The altitude rate is obtained by

[xS] = [h] = _[_Sgu + S¢mC9vm + C¢mC9W] (442)

4.3.3.1.2.2 Observation Equations

The velocity components along the body axes at the air data boom (subscript ADB)
are computed from velocity components along the body axes at CM as follows:

UapB u
VapB | = [vm
WabpB w

Vapp = \/(uADB)Z + (Wapp)? + Wapp)?

+ X |YabB/B

XADB /B]
ZADB/B

Pm
q
Tm

(4.43)

w
Aapp = (tan‘1 E)
The specific acceleration at CM is computed as
1
as, = - (gscy) (4.44)
The specific acceleration referred to accelerometer sensor is computed as

y6 = aSz,AS
= as, + OmTn — DXas/p + (qTm + Pm)Vas/s (4.45)

— (Pm® + am*)Zas/p
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The observation equations are given by

Y1 = Vaps
Y2 = GapB
V3 =(
(4.46)
Y =10
ys=h
Y6 = aSz,AS

4.3.3.2 Lateral/Directional Dynamics

For the output error estimation, the control input, state variables, measured / model
output vectors, and unknown (estimated) variables for the longitudinal motion are
shown in Table 4.3.

Table 4.4 Input, State Variable, and Output Vectors and Unknown Variables in the
Lateral Motion for the Output Error Method

Symbol Description Variables
i Control Input Vector  [84, 8, 81er,u,w,q,6,Cx, Cz,p, T]
X State Variable Vector [v,p, 1, ¢]
y Model Output Vector [p’AD DT ¢, a5, AS]
0 Unknown Variables  [Cy, C,, C,] Model Variables

4.3.3.2.1 State Equations

True airspeed V, angle of attack «, and angle of sideslip 8 are calculated as follows:
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V= (um)? + (@)% + (Wy)?

a= (tan‘l ‘Z—:) (4.47)
B = (sin‘1 %)

The non-dimensional drag, lift, and pitch moment coefficients are computed as

Cy = Cy(a, B, ", 7", 80, 6y, 1)
Cuppp = Ci(@, B, 0,7, 84, 87, Sty ) (4.48)
Camrp = Cn(“' B,p*,17, 84,6y, 51ef)

Dynamic pressure is calculated as follows:
_ 1

The following formula computes the roll and yaw moment coefficients referred to
the CM

YMRP/B ZMRP/B
Cl = CZMRP - CZm Fa + Cy s
(4.50)
XMRP/B Yurp/B
Co = Copppp — Cr———+ Cx,, —
The body-axis accelerations are given by
X, =v=qSCy/m —ru,, + pw,, (4.51)
The equations for rotational motion are represented in tensor form as
Xy =P
_ Ixz(xx = Iyy + 1z2)Pqm — (7 = Iyylzz + 132)qm? + I22qShe; + IxzShcy,
B Iyxlzz — 12
XX'ZZ XZ (452)

5C3 - 7.'
_ (Izx — Ixxlyy + I£2)0qm — Ixz(Uxx — Iyy + Iz2)qmr + IxzGShe; + IxxGShcy,

IXXIZZ - I)%Z
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The Euler-roll angle rate is obtained by

X, =¢ =p+sin¢tanb,, q, —cos¢tanb,r (4.53)

4.3.3.2.2 Observation Equations

The velocity components along the body axes at the air data boom (subscript ADB)

are computed from velocity components along the body axes at CM as follows:

Uapp U p XADB/B
[UADB] =|V |+ lqm X [yADB/B]
WapB Wi r ZADB/B (4.54)
%
Baps = (Sin_l_ADB>
VADB
The specific acceleration at CM is computed
1
as, = — (gScy) (4.55)
The specific acceleration referred to as accelerometer sensor is
Vs = aSy'AS
' . . (4.56)
=as, + Pqm + 7)xa5/8 — (0° + 7°)Vas/p + (@mT — D)Zasss
The observation equations are given by
Y1 = Baps
Y2=D
Y3 =7 (4.57)
Ya=1¢
y5 = a‘Sy'p
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4.4 Model Structure Determination and Validation

This section covers the means of determining the accuracy, reliability, and usefulness
of the specified model. For each coefficient, each model structure represents a multi-
input, single-output subspace. This strategy enables more adaptability and simplifies
the training process.[11]. The primary goal of aerodynamic model development is to
optimize the model structure. Simplicity is preferable but yet possessing a significant
level of complexity. Although restricting the number of terms used simplifies
computing, it is essential to use the correct terms to ensure accuracy. Choosing which
terms to include in each coefficient model is a tedious process and named feature
selection. There are numerous well-known methods for selecting appropriate terms
(feature selection), including Stepwise Regression, Multivariate Orthogonal
Functions (MOFs), and Generalized Additive Models (GAMSs). The aerodynamic
model structure used in this study is based on the one developed by Grauer and
Morelli in Ref [23]. Grauer and Morelli used multivariate orthogonal function
modeling to investigate measured wind tunnel aerodynamic datasets for eight aircraft
over a wide variety of flight regimes. The most critical modeling terms (the number
of selected instances is high) for each coefficient are selected as frozen model terms.
The remaining model terms for longitudinal and lateral coefficients are selected
using expert-based selection and a correlation-based binary particle swarm
optimization method, respectively. Certain additions and rejections to the structure
of the underlying aerodynamic model are made using quantitative and qualitative
graphical findings analyzed by Jategaonkar [65] and resampling methods analyzed
by Millidere et al. in Ref. [24].

4.4.1 The Correlation Based Particle Swarm Optimization

The lateral/directional coefficients are identified using the correlation-based particle
swarm optimization. Initial model terms pool are generated based on a set of base

regressors and a maximum term order. And then, pairwise correlation among the
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model terms is compared, and certain terms are removed. Finally, binary Particle
Swarm Optimization is utilized to generate the best subset of the remaining terms.

The flowchart of this process is shown in Figure 4.5.

Figure 4.5 Correlated-Based Binary Particle Swarm Optimization Flowchart
4411  Generating Candidate Pool

For lateral aerodynamic coefficients, candidate model terms are as follows:

(4.58)

wherea =Y, [, m.
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The simplest way to generate regressor pool is to utilize the conventional regressors

such as a, B, 8¢5, 84, 6, ", and r* for lateral/directional coefficients. If there are

no useful terms in the regressor pool, the quality of the model never improves.

Some model terms defined by Ref. [23] are so critical so that these terms are frozen
for the model structure. After deciding frozen terms, to avoid correlations of model
terms, the correlation between the model terms is checked before implementing
binary particle swarm optimization. That is why this procedure is called the

correlation-based binary particle swarm optimization technique.

4.4.1.2 Pearson’s Correlation Coefficient

Pairwise correlation is a statistic that indicates the linear relationship between two or
more variables. Correlation is used to select variables since the appropriate variables
are strongly associated with the output. Additionally, variables should be associated
with the output but not with one another. When two terms are correlated, the model

requires just one of them, since the second provides no new information.

Given paired data {(xq,y1),*, (xn yn)} consisting of n pairs, the Pearson's

correlation coefficient, ., is defined as [70]

i LG =% 0 =)
Y LG — 02 I, O - 9)?

(4.59)

where:
n is the sample size
x;, y; are the individual sample points indexed with i

X, y are the mean for x and y samples
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The value of Pearson’s correlation ranges from -1 to +1. When the coefficient
approaches to one end, then there is a high correlation. A value of 0 indicates that
variables are not linearly dependent on one another. If the variables are correlated,
we can eliminate the one with lower correlation coefficient value with the output
variable. Additionally, we may calculate multiple correlation coefficients to
determine if more than two variables are correlated to each other. This is referred to

as multi-collinearity.

4.4.1.3 Binary Particle Swarm Optimization

Particle swarm optimization (PSO) is a population-based stochastic optimization
technique [71]. This method is very popular because to its simplicity and low
computing cost [72]. The PSO offers many advantages over other global
optimization methods, including ease of implementation, and minimal number of
hyperparameters to adjust. PSO has been effectively used in a wide range of fields,
including parameter estimation as well as artificial neural network training, and
feature selection [73] [74] [75] [76] [77] [78] [79].

PSO begins with a collection of random particles (solutions) and then seek for
optimal solutions. Each particle is updated by using personal best and global best at
each iteration. Personal best refers to best solution (fitness) of the particle. Global
best refers the best value attained by any particle in the population [71].

Following the determination of particle’s personal and global best values, the

particle’s velocity and positions are updated using the following equations [71] :
B = wik + o (BF — ) + oy (GF — XF) (4.60)

X[ = x4+ ol (4.61)

i i i

where B is the particle velocity, ¥ is the current particle solution, ; and r, are

random numbers between 0 and 1 and ¢, and ¢, acceleration coefficients.
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The search mechanism of the PSO is illustrated in Figure 4.6.

Figure 4.6 Search Mechanism of the PSO

The first term in equation (4.60) is referred to as the inertia component. It maintains
the particle’s original direction. The second term is called the cognitive component,
which serve as the particle’s memory, leading it to return to its optimal regions of
the search space on individual basis. The last term is referred to the social
component. It leads the particle to gravitate toward the best global solution the swarm

has discovered so far.

The binary variant of this method has been developed to address binary problems. A
transfer function which is the essential component of the binary version maps search

space from continuous to discrete.

Two distinct components differentiate the continuous and binary versions of PSO: a
new transfer function and a different position update method. The transfer function
is used to map search space from continuous to binary, and the updating process

changes the positions of particles in binary search spaces between 0 and 1.

Particles can move around the search space in the continuous version of PSO by
employing position vectors. As a result, the notion of position updating for particles
may be simply realized by adding velocities to positions through equation (4.61).
However, position updating is different in the binary space [26]. Due to fact that
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binary space contains just two integers (“0” and “1”), the operation of position
updating cannot be accomplished using equation (4.61). As a result, a method should
be developed for altering agents’ positions from “0” to “1” or vice versa. In other

words, a relationship between velocity and position must be established [80].

Essentially, changing the position in discrete binary spaces entails flipping between
"0" and "1" values. This flipping should be dependent on the agents' velocities. The
issue here is how to update the positions in a binary space using the idea of velocity
in a real space. The notion is to adjust an agent's location based on the likelihood of
its velocity. To do this, a transfer function is required to convert velocity values to

probability values for position updates.

Two concerns must be adressed when recasting the feature selection as an
optimization problem. The first concern is with the solution's representation. Given
that binary nature of feature selection, we chose to express the solution as a binary
vector, with 1 values indicating that the associated feature is selected and 0 values
indicating that it is not. The size of the solution corresponds to the number of features
in each dataset. The second concern is with the objective function's design. In the
binary PSO feature selection task, the predicted squared error (PSE) metric is
used.[23] [81] is used as the objective function to choose the model without

overparameterizing the model.

n

1 N2
PSE = N (Zj — yj(G)) + 0% N (4.62)

iN=

i=

The first component in the PSE reduces monotonically with each additional
modeling term and quantifies the model fit error and is referred to as mean squared
fit error. The second component is the overfit penalty, which rises monotonically
with each additional model term and prevents the model from being over-
parameterized, resulting in poor prediction outcomes. With each additional model
term, one component increases continually whereas the other term decreases

continually, ensuring that PSE is always minimum at a single point. By selecting this
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point as the number of modeling terms, a model with low mean squared fit error and
high prediction capacity is developed. The variance o2 is formulated as follows:
[23]

N
1 _
i=1

The general steps of the BPSO algorithm are as follows:

a. Define the objective function to be minimized, Eq. (4.62).

b. Each particle is assigned a random value.

c. Initialize the hyperparameters of PSO: w (Table 4.8), c; and c,(Table 4.9).
d. Repeat the following steps e to g until meeting the end condition.

e. The velocities of each particle are updated using Eq. (4.60).

=h

Utilize Table 4.5 or Table 4.6 to determine the probability of changing the
components of position vector.

g. Update the position vectors using (4.65) or (4.66).

4.4.1.3.1 Hyperparameters of Binary Particle Swarm Optimization

The BPSO algorithm is an extremely efficient approach for solving feature selection
problems. However, certain components of the feature selection process, called
hyperparameters, are not updated autonomously. The hyperparameter is not the
variable that is optimized through the feature selection process, but rather the
variable specified by previous information, e.g., transfer function scheme, inertia
weight updating strategy, and the value of acceleration coefficients [80]. The setting
for these hyperparameters has a considerable impact on the performance of BPSO,
and there are no universally optimal default values for various problems and data
sets. The fundamental issue in designing a BPSO is determining the optimal
hyperparameters. The brute force technique is applied to find the best
hyperparameters. The numbers of population and generation number are taken to be

20 and 30, respectively. The dimension number is the number of terms in the
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generated pool. Each configuration is run 30 times, and the min, max, mean, and
standard deviation of the PSE are recorded. The mean values are compared, and the

one giving the minimum mean value is selected as the best configuration.

4.4.1.3.1.1 Transfer Function Scheme

Binary PSO depends on a transfer function to convert a continuous search space to a
discrete search space for its core component. S-shaped and v-shaped transfer
functions are the two main families of transfer functions described in the literature.
A transfer function's range should be restricted to the range [0,1]. All real values
of velocity are transformed to probability values in the range [0,1] using an equation
(4.64) that uses a sigmoid function [80].

1
T(vi*) = ——= (4.64)
14+e™
Position vectors may be updated as follows with the likelihood of their velocities
once velocities have been converted to probability values:

k+1 _
; =

{1 if rand <T(vf*) (4.65)

0 if rand=T(vf*)
The other s-shaped transfer functions are listed in Table 4.5.

Table 4.5 S-Shaped Family of Transfer Functions

Name Transfer Function

S1  T(x) zﬁ
S2 T(x) = 1+1e‘x
S3 T(x) = 1+Z_x/2
S4 T(x) = 1+2_x/3
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Table 4.6 lists the most common v-shaped transfer functions.

Table 4.6 V-Shaped Family of Transfer Functions

Name Transfer Function

V1 T(x) = erf<gx>

V2 T(x) = |[tanh(x)]
X

Vi T ===

V4  T(x) = Earetan (gx)|

Because v-shaped functions are distinct from the s-shaped ones, additional rules for
changing their positions are required. Position vectors should be updated using a

formula based on velocities when using these types of transfer functions.

et _ ()" if rand < T(vE*Y)
l

xk if rand = T(vf*) (4.66)
where (x¥) s the complement of x¥.
Table 4.7 Different Transfer Functions
No 1 2 3 4 5 6 7 8

Name S1 S2 S3 S4 V1 V2 V3 V4

4.4.1.3.1.2 Inertia Weight Updating Strategy

Each population-based algorithm undergoes two main phases of optimization:
exploration and exploitation. By maintaining a favorable balance between those
phases, the algorithm may converge to the global optima in an acceptable amount of
time. The ideal solution for any algorithm is to begin the search process by using the

exploration operator more than the exploitation operator. One of the hyperparameters
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that control this balance is the inertia weight. There are many strategies for the inertia
weight in the literature [79] [82] [83] [84]. In this study, only ten different inertia
weight update strategies, which are listed in Table 4.8, are tested as follows:

Table 4.8 Different Inertia Weight Update Strategies

No Name of the Inertia Weight Formula of the Inertia Weight
1 Constant Inertia Weight w=0.2
2  Constant Inertia Weight w =205
3  Constant Inertia Weight w = 0.7
4 Constant Inertia Weight w=10

x k
W" = Wnax — (Wmax - Wmin) X
max

5 Linear Decreasing Inertia Weight

Woin = 0.2, W4, = 0.8

0.3
6 Nonlinear Decreasing Inertia Weight (%)
T )~
W' = Wy, w. — Wnin) 7
7 Linear Increasing Inertia Weight " e " Knax

Wiin = 0.2, Wya = 0.8

Wk = w, i + Wiy — Winin)0.99%
8 Simulated Annealing Inertia Weight e e e
Wiin = 0.2, Wyqre = 0.8

9 Random Inertia Weight wk =05+ rand

10 Global-Local Best Inertia Weight wk=1.1-

2
-k

g
i Sk
i

4.4.1.3.1.3 The Value of Acceleration Coefficients

The second hyperparameter that controls this balance is the acceleration coefficients.
To have a good balance, the sum of c1 and c2 must be equal to 4 [71].

c1+c, =4 (4.67)
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There are many options for ¢; and c, selection, but just 2 options are evaluated for
this study. In the first one, both of them are set to 2. And in the second option, c;
decreases from 3.5 t0 0.5 and ¢, grows linearly from 0.5 to 3.5 to balance exploration

and exploitation.

Table 4.9 Different Acceleration Update Strategies

No Name of the Inertia Weight The Formula of the Inertia Weight

] €L =2
1 Constant Accelerations
C2 =
k
C1 = 35 - 3
. . kmax
2 Adaptive Accelerations I
c, =05+3
2 kmax

442 Statistical Accuracy

Firstly, it is checked if the expected value is reasonable. The magnitude of the order
must be close to real value. Otherwise, we are doing something wrong. And then, we
check the standard deviation, coefficient of variation (relative standard deviation),

and correlation matrix results. The coefficient of variation should not exceed 50%.

The coefficient of variation is a statistic that indicates the degree of relative
variability. It is the ratio of the standard deviation to the estimate. The larger the
coefficient, the more dispersion around mean. The smaller the coefficient, the more

accurate the estimate. The formula for the coefficient of variation is as follows:
o
CoV = |6| x 100% (4.68)

where ¢ is the standard deviation and @ is the estimate.
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443 Qualitative Graphical Results

Time History Plots: Comparing the time histories of measured and estimated
responses is a standard procedure to evaluate the model fidelity qualitatively. Any
discrepancies in the match between the two responses often provide important clues

to improve the model fidelity.

Cross Plots: In addition to plotting time histories of measured and estimated
responses, cross plots of arbitrary two variables, such as lift coefficient versus angle
of attack, Rolling and yawing moment coefficients versus angle of sideslip, drag
coefficient versus lift coefficient, are occasionally necessary. These cross plots are

helpful for gaining more insight into the modeling aspects.

Cross Plots of Residuals; the test of the residuals is a valuable indication of the
validity of assumptions made. The low spread of residual cantered around zero is
desirable, whereas non-flat spread indicates that the model needs improvement with

the observed variable.

444 Resampling Methods

To determine how effective the equation error method on a given dataset is, how
well its estimations resemble the measured data is examined. The mean squared error

is the most often used metric in regression problems:

Ntrain

1
MSEryqin = o E (z; — .'yi)2 (469)
train

i=1

where ng,-4in 1S the number of samples in the training dataset, z; and y; are the actual

and the estimated values for the i observation in the training set.

Rather than how well the method performs on the training data, what matters is how
well the trained model performs on the data in the testing dataset, which has not been

used to train the network. That is,

89



Ntest

MSErese = —— > (2= ¥)? (4.70)
test

i=1

should be computed for assessing the model, where n;,; is the number of samples
in the testing dataset, z; and y; are the actual and the estimated values for the ith

observation in the testing dataset we have separated aside.

Adding many variables (increasing complexity), which decreases the training MSE,
has no effect on reducing the test MSE. Overfitting occurs when a given method
yields a small training MSE but a high test MSE. The small changes in the training
data may have a significant effect on the estimated model. In this instance, the
random error is modeled rather than the pattern hidden in the data. This is not the
desired case [32]. Such a case is demonstrated in Figure 4.7 [33]. The resampling
methods, essential tools in modern statistics, are discussed to minimize this
undesired case [32] [33]

The performance of the regression model is a crucial criterion for determining the
optimal variable selection. In the beginning, the available dataset is split into two
sets, training dataset, and testing dataset. The testing dataset, which is not seen in the
identification phase, is used to evaluate the ultimate performance of the identified
model. However, during the identification phase, it is worth noting that the training
dataset may be utilized in a variety of ways to evaluate the identified model,
including train-validation split, cross-validation sets, or random resamples. The use
of such methods is illustrated in Figure 4.8, in which the enclosed box indicates that
several iterations may be required to obtain the final trained model to be assessed by
the testing dataset. Below we describe some commonly used validation techniques
to determine how well the trained model might work on the testing dataset. For more
information on the subject, the reader is referred to Ref. [33].
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4441  Train Validation Split

It is a straightforward procedure that comprises randomly partitioning the available
training dataset into two parts: a training dataset and a validation dataset, illustrated
in Figure 4.9.a. The model is fitted to the newly generated training dataset, and the
performance of the fitted model is evaluated in the validation set. The trained model

is then used for the testing dataset. Generally, the training data consists of %80 of
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the available data set. This simple approach is easy to implement, but it has a
significant drawback: testing MSE can be highly variable, depending on which
observations are included in the training and the validation datasets.

4442 K-fold Cross-Validation

This procedure addresses the drawback of the train-validation split approach. This
approach divides the set of observations randomly into k groups, or folds, of
approximately equal size, illustrated in Figure 4.9.b. The first fold is used to validate
the model, while the remaining k — 1 folds are used to train the model. The mean
square error for the validation set (first fold) is computed. This procedure is repeated
k times; each time, a new group of observations is used as a validation set. As a
consequence, k estimates of the validation MSEs are produced. The k-fold cross-

validation error estimate is then computed by the average [32] [33]

k
1
CVgo = Z MSEyq, 4.70)
i=1

In comparison to the hold-out cross-validation approach, which produces
inconsistent results when applied with varying splits owing to unpredictability in the
train and validation splits, performing a k-fold cross-validation is more robust in that
regard. Generally, the number of folds, k, to be used in this approach for a given n

observations, as recommended in [85], is
k = min {+/n, 10} (4.72)

Figure 4.9 illustrates the resampling techniques.
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Figure 4.9. Resampling Methods. (a) Hold-out Cross-Validation (b) K-fold Cross-

Validation
4.4.5 Proof-of-Match (POM)

The estimated model’s capacity is evaluated by comparing the measured responses
to the model’s predictions with the duplicated control inputs. This process is referred
to as proof-of-match in the context of flight vehicles, and it is a critical part of flight
simulator certification and acceptance. Throughout this process, the estimated
aerodynamic model is kept fixed [1] [2] [13]. According to a fundamental principle
of sciences, supplementary flight data and flight maneuvers are utilized to verify the

model capability.

Additionally, the FAA has established standards, which defines the criteria for
evaluating, qualifying, and maintaining Flight System Training Devices (FSTD).
The standards include six appendices: these are requirements, full flight simulators,
objective tests, subjective evaluation, sample documents, wind shear training, and

FSTD directives, respectively [86].
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The simulation should begin under the identical initial conditions as in the flight. The
initial conditions must be adjusted appropriately to fit the flight conditions. The
control inputs and outputs during the actual flight test are exposed to measurement
errors and noise. Similarly, the estimated models are imprecise. As a result,
aerodynamic coefficients also should be adjusted. A practical methodology is to
introduce minor biases on the initial conditions, the measured control deflections,
and the aerodynamic coefficients. The effective aerodynamic parameters in several
maneuvers are listed in Table 4.10 [87].

Table 4.10 Effective Aerodynamic Parameters in Proof-of-Match Maneuvers

Maneuver Maneuver Parameters Model Parameters
Short Period a. Frequency Cing
. a. Time to double/half Cp

Phugoid b. Period Cp
Longitudinal Static a. Stick position gradient  Cmgr Cms,
Stability (LSS) b. AOA gradient Cr,
Maneuvering Longitudinal a. Stick position gradient ~ Cmgr Cms,» Cmg
Stability b. AOA gradient CL,

a. Airspeed, Weight, AOA Cp,,
Steady State Trim b. Longitudinal Trim (Gp—

c. Throttle Position Cp and T balance

: C

Dutch Roll a. Frequency: "B

b. Damping: G

a. Initial roll response to Claa' Clp
Bank To Bank partial deflection inputs

b. Full deflection rolls Crs,» Cny

a. Bank/Rudder slope Cnﬁ’ Cn5r
Steady State Sideslip b. Bank/Beta slope Cyﬁ

c. Aileron/Bank slope Cis (;lﬁ
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To avoid subjective assessment of the match between measured system responses
and model predicted outputs, FAA has established standards for each variable in
terms of tolerances. As an example, Table 4.11 specifies many flight tests, including
the tolerances and flight conditions for each validation test. The reader is referred to

Refs. [86] [88] for a complete list of validation tests.

Table 4.11 FAA Validation Tests and Tolerance Values

Test

Maneuver Parameters Tolerance
Number
o . Elevator +1.0 deg
2.c.5 Longitudinal Trim Pitch Angle 11.0 deg
Longitudinal Maneuvering +1.0 deg or
2.c.6 Stability Elevator +10%
- . - +1.0 deg or
2.c.7 Longitudinal Static Stability Elevator +10%
. - Period +10%
2.c.9 Phugoid Dynamics Time to % or 2 +10%
Piteh ety £1.5 deg
2.c.10 Short Period Dynamics +1.5 deg
Normal o1
Acceleration =019
Roll Rate +2 deg
Yaw Rate +2 deg
2.d.2 and Lateral +0.19
2.d.3 EdiSilEank Acceleration +1.5 deg
Sideslip Angle +2.0 deg or
Bank Angle +10%
Roll Rate
Yaw Rate f; ggg
2.d.7 Dutch Roll Lateral IO 1 9
Acceleration -T-1.5 g
Sideslip Angle T 0eg
Sideslip Angle +1.5 deg
S Bank Angle +2 deg or
2.d.8 Steady State Sideslip +10%
Aileron +2.0 deg
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Longitudinal parameter matching is performed in two phases. The static part of
aerodynamic coefficients is validated with Longitudinal Maneuvering Stability and
Longitudinal Static Stability tests. The dynamic portion of the aerodynamic
coefficient is confirmed with the Short-Period, Phugoid, and Trust Variation tests

[8].

4.4.6 Theil’s Inequality Coefficient

Residual analysis is a popular statistical method for determining how well a model
fits the data. Theil’s inequality coefficient is used as the criteria. It sheds light on the
relationship between the two time series, in this instrance the measured and model
responses (Z and y). Theil’s inequality coefficient for each of the variables is defined
as [1]

\/% YLz () — vi(t)]?

i=1.2,,m, (4.73)

Ui =
Jrtneor + [Ext pcor

where N is the total number of data points, Z is the measurement vector, y is the
model output vector and n,, is the dimension of the output vector. Eq. provides n,,

separate Theil’s inequality coefficients corresponding to the number of outputs.

U is the normalized index, constrained within the zero and unity interval. U = 0
denotes a perfect fit, and U = 1 denotes to the maximal inequality. As a rule of
thumb, the maximum acceptable values of this coefficient is in the range of 0.25 to
0.30. The TIC value will be investigated for the conditions stated below:

e Zero input initial condition

e Noise driven behavior

e Combination of short-period, dutch-roll, and bank-to-bank maneuvers

e Short-period, dutch-roll, and bank-to-bank maneuvers with respect to strong
control deflection inputs
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4.4.7 Range of Model Applicability in Frequency Domain

Even though validation tests are often carried out in the time domain, the application
range of the estimated model may be shown more clearly in frequency domain. This
is especially critical for systems with flight control systems or in situations where

aeroelastic effects may be dominating.

The magnitude and phase angle bode plots illustrate the model's accuracy and
validity range in the frequency domain. For a perfect match, we'll require 0-dB
magnitude and 0-deg phase angle throughout the whole frequency range. MUAD
(Maximum Unnoticeable Added Dynamics) limits are used to define the magnitude
and phase mismatch thresholds at which a pilot would notice a difference in the
aircraft's response characteristics, similarly to how they are used in time domain
verification in terms of tolerances [14]. To maintain adequate fidelity, the size and

phase of the error function should be maintained within these bounds.

Tischler [14] suggested using the MUAD limits as a fidelity criterion for FAA level
D simulations. DLR researchers separately developed and used the same technique
of mismatching frequency domain boundaries to identify the impacts of unnoticed
dynamics in helicopters and to evaluate the accuracy of in-flight simulations.

The procedure to compute the frequency responses can be found in Ref. [14]. Pitch-
rate response to elevator input (q/d,), roll-rate response to aileron input (p/8,),
and yaw-rate response to rudder input (r/8,) at different trim settings will be

investigated.
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45  Thrust Calculation from Steady State Flight Tests

45.1 Introduction to Flight Performance

This section discusses flight mechanics, which is the study of aircraft translational
motions. Figure 4.10 illustrates the geometry for flight mechanics [89].

Figure 4.10 Geometry for Performance Calculation.

The climb angle, y, is the angle between the horizontal and the wind (stability) X-
axis. Summing forces in the Xs and Zs directions yield Eqgs. (4.74) and (4.75).

z E.=Tcos(a+ ar) —D —Wsiny (4.74)

Z E, =Tsin(ae + a;) + L —Wcosy (4.75)

where T is thrust, D is drag, L is lift, W is weight, « is the angle of attack, y is flight path

angle and a is thrust incidence angle.
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For most aircraft and in F16 aircraft, the thrust axis has little incidence with respect to the

wind axis, i.e., &y = 0. So Eqs. (4.74) and (4.75) are simplified as follows:

ZFx=Tcosa—D—Wsiny (4.76)

ZFZ =L—Wcosy (4.77)

In Egs. (4.76) and (4.77), the drag (D) and lift (L) is as follows:
D = qSgesCp (4.78)
L= qSpesC, (4.79)

where g = 1/2 pVy 45 is the dynamic pressure and Srey Is the reference area.

45.2 Steady State Flight

If the aircraft is flying in steady-state flight, the sum of the forces must equal to zero, ). F, =
Y E, = 0. This leads to Egs. (4.80) and (4.81), the purest versions of the translational

equations of motion.
Tcosa—D—Wsiny =0 (4.80)
L—Wcosy=0 (4.81)

From Egs. (4.80) and (4.81), we get that

Cp = b (4.82)
P qSRef l
C, = L (4.83)
t qSRef .
There is a relation between Cp and C;, as shown below [1] [3] [48] [89].
1 2
CD = CDO + _CL (484)

meAR
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= CDO + KCLZ

where Cp, is the drag coefficient at zero angle of attack, e is Oswald efficiency factor, and

AR is the aspect ratio.
For swept-wing aircraft, Oswald efficiency, e, is assumed to be as follows [89] :
e =4.61(1 — 0.045 x AR%%8)(cos A 5)%t® — 3.1 (A, > 30 deg) (4.85)
where AR is the aspect ratio, and A, is the leading-edge swept angle.
In F16 aircraft, AR equals 3 and A,z equals to 40°. So Eq. (4.85) turns out to be Eq. (4.86).

e = 4.61(1 — 0.045 X AR%%®)(cos A, 5)%1> — 3.1 (A,; > 30 deg)
= 4.61(1 — 0.045 x 3%68)(cos 40)°15 — 3.1 (4.86)
= 0.9086

In a flight, the weight of the aircraft, and we can measure the angle of attack,a, and flight
path angle, y, and true airspeed, V4 are measured, and the air density p is calculated using
the standard atmosphere model. So the only unknown components in Egs. (4.80) and (4.81)
are L and D,i.e. Cp and C;, coefficients. Hence, using Egs. (4.80)(4.81)(4.82)(4.83)(4.84)
and (4.86), we can conclude that if we know Cp, coefficients, we can find C, and Cj,
aerodynamic coefficients using Newton-Raphson algorithm discussed in Subsection 2.4.2.1.

How to calculate Cp, in flight are covered in the next subsection.

45.3 Gliding Flight
In gliding flight, T = 0 and the sum of the forces must equal to zero, } F, = 2 F, =
0. This leads to Egs. (4.87) and (4.88).
D—-Wsiny =0 (4.87)
L—Wcosy=0 (4.88)

From Egs. (4.82) and (4.83), we get that
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_ Wsiny (4.89)

D =

qSRef
_ Wcosy (4.90)
L qSRef
Using Eq. (4.84), we can calculate Cp.
1 4.91
Coo = Cp = meAR G.f N

We collected some flight data for gliding flights, and we get the results in Figure
4.11. The averaged CpqVvalue for the flight is 0.0208 ,Cp, = 0.0208, and it is very

close to actual value, 0.0202.

0.0218 : . N
2 estimated

T
1

0.0216

0.0214

T
1
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T
1

T
1

0.021

CDO

0.0208
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I

0.0206
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1

0.0204

*
x

0.0202

*

0.02 ;

Figure 4.11 Cp Values for Different Gliding Flights
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45.4 Calculating Thrust Using Newton-Raphson Algorithm

Now we can go back to our primary concern, calculating the thrust coefficient from
equations in Section 4.5.2 using the Newton-Raphson algorithm already discussed in Section
2.4.2.1.

Now we should construct the F function to be solved in the Newton-Raphson algorithm.
Using Egs. (4.80), (4.81), (4.82), (4.83), and (4.84), we get the following formula in which

there are two equations and two unknowns which are T and C;.
F(1) =0=Tcosa — (Cpo + KC,?)qSrey — W siny (4.92)
F(2) =0 = C,qSgey — W cosy

where F = [gg;] and x = [gL]

4.6 Iterative Equation Error Method

When the thrust force is known, the equation error method is used to find the

reasonable starting point in the Output Error Method.

But when there is no available thrust data, thrust is calculated using assumption from
Steady State Flight Tests (Section 4.5), and a preliminary simplified turbofan engine
thrust model is developed (Section 2.2.2.3). All optimization-based design
techniques need a good preliminary design as a starting point. There is no assurance
that search engine discovers a suitable solution. The classical methods are used for

the preliminary design. And then iterative equation error method is employed.

The iterative equation error method approach consisted of a starting point and then
used a systematic method to obtain a refined solution estimate. In the end, it is

expected to obtain a solution that simultaneously satisfies the given output vector.

The process is started by choosing a reasonable starting point for an unknown

parameter vector, ©(® . Specific estimations do not lead to a converged solution if
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the starting point is far from optimum. The unknown parameter vector is subdivided
into two components, namely, ® and 0. The vector with the subscript F contains
fixed coefficients, and the other with the index E contains the parameters to be
estimated. The starting point can be substituted into cost function, which can be used
firstly to calculate a new estimate for C, coefficient parameters. the fixed parameters,
then these new estimates of C, coefficient parameters along with the previous
estimates for Ty is substituted into cost function to compute a new estimate for C;,
coefficient parameters. This process is repeated to calculate a new estimate for Cr
coefficient. Then the entire procedure is repeated until percent relative error, €., fall
below a prespecified stopping criterion, € or the maximum number of iterations is
achieved. The motivation of using the iterative equation error method is as follows:
the drag coefficient parameters and thrust coefficient parameters are nearly collinear
or linearly dependent, and the classical methods cannot decipher between
parameters, and resulting parameter estimates are biased with large uncertainties and

leads to poor regression results.

For the iterative equation error estimation, the control input, state variables,
measured / model output vectors, and unknown (estimated) variables are shown in
Table 4.12.

Table 4.12 Input, State Variable, and Output Vectors and Unknown Variables for
the Iterative Equation Error Method.

Symbol Description Variables
i Control Input Vector [V, a, B,p, 4,7, Sief, Stns Ser 8, 8y, S5, M|
X State Variable Vector [
y  Observation Vector [as, as,]
0 Unknown Variables [Cp, C,, Cr] Model Variables
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Algorithm1: The Iterative Equation Error Method Algorithm
1: Specify a tolerable error, &

2: Choose the maximum number of iterations, itery,

3: Choose output vector as z = [a,?, a;?|

4: Define cost function to be minimized, J (@) = %th\’zl[z(t) — g(x(t),0)]?
. T , TqT
(CDi,l = 1, ...,TLCD) ,(CLi,l = 1,...,nCL) )

5: Choose an initial guess 0(®) = ~ ,
(CTi,l =1, ...,ngT)

6: for k = 1 to iter,,, do

7: forj=1to 3 do
8: Resolve unknown parameter vector into fixed (0z) and estimated
€
9: if j = 1 then

K [ . T
10: 0y =[(Copi=1,mc,) |

K [ . T (= . T
11: @Ig‘ ) = _(CLl'il = 1; "'InCL) ’ (TNDl'Il = 1r --'In'fND) ]
12: elseif j = 2 then

K [ . T
13: 0y =[(CLpi=1,..m¢) |

: o _ [ _ T (& . _
14: O =|(Copi=1,..,nc,) ,(Tapyi =
7 ]

1, ...,TLTND) ]
15: elseif j = 3 then

K ~ . T
16: 0y = [(Tuppi=1,..n7,,) |

k . T . 1T
17: 089 =|(Copi=1,,m¢,) L (CLpi=1,.,m¢,)' |
18: end if
19: Qgﬂ'l) = argmin | (Oﬁk), Oék))
20: end for

. oUet1) _ (k)

21: Calculate percent relative error, g, = @ | X 100%
22: if e, < & then
23: Stop
24 end if
25: end for
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CHAPTER 5

RESULTS AND DISCUSSION

5.1  Case 1: Availability of Engine Database from Manufacturer

511 Phase 1.1: Model Structure Determination

The longitudinal aerodynamic coefficients are determined using expert based
method. This technique requires flight mechanics intuition and statistical knowledge.
The reader is referred to Section 4.4.2, 4.4.3 and 4.4.4.

The lateral/directional aerodynamic coefficients are determined using the hybrid
BPSO approach and results are presented in the next subsections. The algorithm
starts by generating 44 candidate model variables (terms). And then, pairwise
correlation of the output variable with model variables and pairwise correlation
among the model variables is calculated. If the variables are correlated among
themselves, i.e., the correlation is higher than 0.95, the variables with a lower
correlation coefficient value with the output variable are dropped. Almost half of the
variables are dropped after correlation analysis, and finally the binary Particle Swarm

Optimization algorithm is run to decide the best subset.

5.1.1.1  Cy Force Coefficient

In the Table 5.1, the correlated variables are shown. The total number of dropped

variables is 24 for Cy coefficient.
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Table 5.1 The Dropped Variables of C, model after Correlation Analysis

Variable Dropped Variables

Crp (€ 5 C 51078

& pa (€ sa Croutiegap: Crans)
Cr pa (€ 502 C 5u810p02 C s1pa C g0

CY5a {Cy5a5zef}

CYP“ {CYP5zef' CYPDIZ’ CYPa5lef}
CYara {CYgraZ}

Crra {CYT5zef}
Cyrq {CYmale - CYraZalef}
CY §qa {CY6aalefa' Cy a2 CYaaalefaZ' CYa,ef' Cy o CYalefa' CYaZ}

The remaining variables after correlation analysis are listed from most influential to
the least influential as shown in Table 5.2.

Table 5.2 The Remaining Variables of C, Model after Correlation Analysis

Remaining Set of Variables

{CYI;J CYB3I CYﬁal CYB3a' Cyp; CYB3(X2’ CYB(XZ’ CYga; CYpaP CYpa,Zé‘lef' CYé‘rﬁﬁ CYsr}
’ Cyﬁraﬁ’ CYSra’ CYSraZB, Cyra’ Cyr’ CYraz' Cyﬁaa’ CYSLefaZ

In Table 5.2, some variables are represented in bold, because these variables are
considered the most influential variables for a generic aircraft in Ref. [23] and are
kept fixed in this study.

After fixing the variables recommended by Ref. [23] , the optimized variables are
listed in Table 5.3.
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Table 5.3 The Optimized Variables of C, Model

# Variable # Variable # Variable
1 Cyygs 6 Cypa 11 Cys q2p,
2 Grge T Crpazsy,, 12 Gy
3 Cyps, 8 Crs.p 13 Cyge
4 Cygsez 9 Cysap 14 Cyg g
5 Cyﬁaz 10 Cy(gra 15 Cy(glefaz

There is total 160 configurations for different acceleration schemes (AS), transfer
functions (TF) and inertia weight schemes (IWS). Table 5.4 gives the best fitness,
worst fitness, mean fitness and standard deviations for the best 10 BPSO
configurations with respect to mean fitness. It can be seen that mean fitness produced
by Acceleration Scheme (AS) 1, Transfer Function (TF) 1, and Inertia Weight
Scheme (IWS) 9 is the least with the lowest standard deviation as compared to other

configurations. All configurations achieve the same best fitness, but Conf. 1 has

better consistency.

Table 5.4 The Results of the Best 10 BPSO Configurations for €, Model

Conf# AS TF

IWS Best Fitness Worst Fitness

Mean Fitness Std. Dev

[EXN

© 0O N o g b»h w N
N R R NN R NN R R
0 B, W Rk P RPN 0 R

[EY
o

©

oo b~ b 0O b 0O B NN

2.56E-06
2.56E-06
2.56E-06
2.56E-06
2.56E-06
2.56E-06
2.56E-06
2.56E-06
2.56E-06
2.56E-06

2.66E-06
2.69E-06
2.83E-06
2.66E-06
2.72E-06
2.81E-06
2.73E-06
2.72E-06
2.72E-06
2.74E-06

2.57E-06
2.58E-06
2.58E-06
2.58E-06
2.58E-06
2.59E-06
2.59E-06
2.59E-06
2.59E-06
2.59E-06

3.3E-08
3.8E-08
6.3E-08
4.2E-08
4.7E-08
6.9E-08
4.8E-08
5.0E-08
5.5E-08
4.9E-08
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In Table 5.5, the optimal subsets for the best fitness for the best 10 configurations
are listed. The optimal subsets are the same. The optimal subset includes the 39, 5™,

gt 14™ and 15" variables.

Table 5.5 The Optimal Subset of the Best 10 BPSO Configuration for Cy Model

Variables
10 11 12 13 14 15

o

Conf #
O© 0O N oo or A W DN P
O O O O O O O o o O Bk
O O O O O O o o o o N
L i T e T e T e T e T N S Y OV )
O O O O O O o o o o BH»
F P P P P P P P PP oo
O O O O O O o o o o o
O O O O O O o o o o N
O O O O O O o o o o o
i T e T R o
O O O O O o o o o o
O O O O O o o o o o
O O O O O O o o o o
O O O O O O o o o o
i i e e T e T i T
e R e e e T T o

=
o

Table 5.6 display displays the modeling terms as well as the number of instances in
which they were selected for all configurations. The 14" and 15" variables were
selected for each configuration. The 39, 5™, and 9" variables were selected for 158,
143 and 127 out of 160 instances, respectively. The best solutions are obtained for
133 instances out of 160 configurations. The modeling terms which appeared in more
than half of the configurations are represented in bold and they are exactly the same
with first the best configuration.
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Table 5.6 The Number of Instances the Model Variables are Selected Using All
BPSO Configurations for Cy, Model

Variables
9 10 11 12 13 14 15
17 0 0 160 160

12 3 4 5 6 7 8
2 1 158 16 143 0 0 0 134 O

5.1.1.2  €; Moment Coefficient

In Table 5.7, the correlated variables of C; model are shown. The total number of
dropped variables is 24 for C, coefficient.

Table 5.7 The Dropped Variables of C; model after Correlation Analysis

Dropped Variables

Variable
Clrg {Clralef}
Clrg? {Clraalef' Clmzalef}
Cipa {Cstorp Csnap Croutiogas)
Cipa (s jap Cisnarpr Crontrogars Csigars)
Cip {Cisupr Cusasieg)
Cis,q2 {Clﬁra}
Claa {Cl5a5lef}
Clpa {Clp&ef' Clzwfz’ Clpac?zef}
CltSzef {Cla’ Clalefa’ Crg2) Claaa' Claaalefa' Claaaz' Claaalefaz}

The remaining variables after correlation analysis are listed from most influential to

the least influential as shown in Table 5.8.
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Table 5.8 The Remaining Variables of C; Model after Correlation Analysis

Remaining Set of Variables
{Clr‘x: Clr: ClraZJ Clﬁal Clﬁaz, Clﬁ3a2’ Clﬁ3a’ CIB; Clﬁ?ﬂ ClaraZ; Cl(gr; Cl(ga}
+Cis,a2pr Cus,pr Cly Cls,apr Cipa Cloy,p Clpasyep Cloygpa?

In Table 5.8, some variables are represented in bold, because these variables are
considered the most influential variables for a generic aircraft in Ref. [23] and are
kept fixed in this study.

After fixing the variables recommended by Ref. [23] , the optimized variables are
listed in Table 5.9.

Table 5.9 The Optimized Variables of C; Model

# Variable # Variable # Variable

1 Clra 6 Clﬁ3a 11 Cl5raB

2 Clraz 7 Clﬁ3 12 Clpa

w
O

=

8
o

ClaraZ 13
4 ClﬁaZ 9 CZSraZB 14 Clpaz(slef

5 C1B3a2 10 Cl(ghg 15 CISIBfaZ

There is total 160 configurations for different acceleration schemes, transfer
functions and inertia weight schemes. Table 5.10 gives the best fitness, worst fitness,
mean fitness and standard deviations for the best 10 BPSO configurations with
respect to mean fitness. It can be seen that mean fitness produced by Acceleration
Scheme (AS) 1, Transfer Function (TF) 1, and Inertia Weight (IW) 8 is the least with
the lowest standard deviation as compared to other configurations. All configurations

achieve the same best fitness, but Conf. 1 has better consistency.
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Table 5.10 The Results of the Best 10 BPSO Configurations for C; Model

Conf# AS TF IWS BestFitness Worst Fitness Mean Fitness Std. Dev

1 2 1 8 4.318E-08 4.341E-08 4.327E-08 5.351E-11
2 2 1 4 4.318E-08 4.384E-08 4.328E-08  1.480E-10
3 2 2 4 4.318E-08 4.374E-08 4.330E-08  1.560E-10
4 1 1 9 4.318E-08 4.384E-08 4.332E-08  1.699E-10
5 1 1 3 4.318E-08 4.421E-08 4.336E-08  2.735E-10
6 1 3 4 4.318E-08 4.410E-08 4.336E-08  2.497E-10
7 1 1 4 4.318E-08 4.434E-08 4.337E-08  2.878E-10
8 1 2 9 4.318E-08 4.395E-08 4.337E-08  2.062E-10
9 2 1 9 4.318E-08 4.414E-08 4.337E-08  3.079E-10
10 2 6 2 4.318E-08 4.421E-08 4.338E-08  2.809E-10

In Table 5.11, the optimal subsets for the best fitness for the best 10 configurations
are listed. The optimal subset includes the 3", 6™, 10", 13" and 15" variables.

Table 5.11 The Optimal Subset of the Best 10 BPSO Configuration for C; Model

Variables
1234567809 1011 12 13 14 15
11011001000 1 1 1 0 1
21011001000 1 1 1 0 1
31011001000 1 1 1 0 1
41011001000 1 1 1 0 1
# 51011001000 1 1 1 0 1
§ 61011001000 1 1 1 0 1
71011001000 1 1 1 0 1
8 1011001000 1 1 1 0 1
9 1011001000 1 1 1 0 1
01011001000 1 1 1 0 1
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Table 5.12 displays the modeling terms as well as the number of instances in which
they were selected for all configurations. The 3 13" and 15" variables were
selected for each configuration. The best solutions are obtained for 118 instances out
of 160 configurations. The modeling terms which appeared in more than half of the
configurations are represented in bold.

Table 5.12 The Number of Instances the Model Variables are Selected Using All
BPSO Configurations for C; Coefficient

Variables

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
140 0 160 127 0 42 118 0 O 30 130 123 160 O 160

51.13 C, Moment Coefficient

In Table 5.13, the correlated and dropped variables of C,, model are shown.

Table 5.13 The Dropped Variables of C,, model after Correlation Analysis

Variable Dropped Variables

Cnp {Cas, g Cusasigs)

C"Sa {Cn5a5lef}

Cnpa {Casoap Cis,810gap: Cioress)

Cnpa {CnptSzef’ C”paz' C”pa6zef}

Cnga? {Csa2: Ciso1uga Cuspopap Cispas

Cns,a? {Cus,af

Cné‘aa {Cnaa(slefa’ Cnaaaz’ Cnaaalefaz' Cn5lefa’ Cg2 C”5lef’ C”a}
Crrasye, {Crrazny Cnrac)
C"“?zef {Cnm}
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The remaining variables after correlation analysis are listed from most influential to

the least influential as shown in Table 5.14.

Table 5.14 The Remaining Variables of C,, Model after Correlation Analysis

Remaining Set of Variables
Cnp, C C C C C C

naa; nﬁ3a; nﬁa; npa’ nﬁSaZ; nﬁaZ’
C C

ng.a?’ C"é‘r’ C”(Srazﬂ' Cné‘aa’ Nradies’ Cnr(Slef' Clr' Cl(Slefaz

Cnp; CnﬂS;

) Cnsraﬁi

Crpazsy,, Cns,p

In Table 5.14, some variables are represented in bold, because these variables are
considered the most influential variables for a generic aircraft in Ref. [23] and are

kept fixed in this study.

After fixing the variables recommended by Ref. [23] , the optimized variables are
shown in Table 5.15.

Table 5.15 The Optimized Variables of C,, Model

# Variable # Variable # Variable

1 Cn33a 6 CnpaZ(glef 11 Cngaa
2 Cnge 7 Cugp 12 Cnpesy,
3 e 8 Cngap 18 Cungyy

4 Cnﬁ3a2 9 Cn(gra,z 14 Cl6lefa2

5 Cuper 10 Cng g

There is total 160 configurations for different acceleration schemes, transfer
functions and inertia weight schemes. Table 5.16 gives the best fitness, worst fitness,
mean fitness and standard deviations for the best 10 BPSO configurations with
respect to mean fitness. All configurations achieve the same best fitness, but Conf. 1
has better consistency.
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Table 5.16 The Results of the Best 10 BPSO Configurations for C,, Model

Conf# AS TF IWS BestCost WorstCost Mean Cost Std. Dev

1 1 1 9 1.045E-07 1.114E-07 1.061E-07 2.21E-09
2 2 2 4  1.045E-07 1.110E-07 1.063E-07 2.34E-09
3 1 1 3 1.045E-07 1.110E-07 1.066E-07 2.54E-09
4 1 2 4  1.045E-07 1.128E-07 1.066E-07 2.85E-09
5 1 1 8 1.045E-07 1.142E-07 1.067E-07 2.72E-09
6 2 3 4  1.045E-07 1.113E-07 1.067E-07 2.43E-09
7 1 6 5 1.045E-07 1.101E-07 1.068E-07 2.31E-09
8 1 3 4  1.045E-07 1.114E-07 1.069E-07 2.78E-09
9 1 6 2  1.045E-07 1.153E-07 1.070E-07 3.14E-09
10 2 1 4  1.045E-07 1.110E-07 1.070E-07 2.46E-09

In Table 5.17, the optimal subsets for the best fitness for the best 10 configurations
are listed. The optimal subset includes the 1%,3™, 5" 8™ and 14™ variables.

Table 5.17 The Optimal Subset of the Best 10 BPSO Configuration for C,, Model

Variables
1234567809 10 11 12 13 14
10110100100 0 0 0 1
2 0110100100 0 0 0 1
30110100100 0 0 0 1
40110100100 0 0 0 1
# 50110100100 0 0 0 1
§ 60110100100 0 0 0 1
70110100100 00 0 1
8 0110100100 0 0 0 1
90110100100 0 0 0 1
00110100100 0 0 0 1
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Table 5.18 displays the modeling terms as well as the number of instances in which
they were selected for all configurations. The 3™ 13" and 15" variables were
selected for each configuration. The 2" and 8™ variables were selected for 158 and
149 out of 160 instances, respectively. The best solutions are obtained for 146
instances out of 160 configurations. The modeling terms which appeared in more
than half of the configurations are represented in bold.

Table 5.18 The Number of Instances the Model Variables are Selected Using All
BPSO Configurations for C,, Coefficient

Variables
1 2 3 4 5 6 7 8 9 10 11 12 13 14
0O 158 160 1 160 2 0O 149 0 11 0O O O 160

5.1.1.4  Model Structure Evaluation Using BPSO For Lateral/Directional

Coefficients

Each configuration yields good performance. At least 80% of best solutions among
30 trials for each configuration are the same. But to make overall evaluation for
BPSO hyperparameters, a fitness scaling function is introduced. Fitness scaling
function scales the raw scores based on the rank of each individual. The rank of an
individual is its position in the sorted scores. An individual with rank r has scaled

fitness score proportional to 1/+/r. The scaled score of the most fit individual is

proportional to 1, the scaled score of the next most fit is proportional to 1/+/2. Table
5.19 shows the best 10 BPSO Configurations with respect to fitness scaling sum. S1

type transfer function is seen 6 times out of 10 times. The 9" Inertia Weight Scheme is

ranked first, but the 7" and 4™ schemes are repeated most.
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Table 5.19 The Results of the Best 10 BPSO Configurations with respect to Fitness
Scaling Sum (FSS) for Lateral/Directional Coefficients

Conf# AS TF IWS FSS
3.000
2121
1.732
1.500
1.342
1.225
1.134
1.061
1.000
0.949
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©
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The correlation of each hyperparameter were calculated with respect to fitness sum
and shown in Table 5.20. As shown in Table 5.20, the most correlated
hyperparameter with fitness sum is transfer function selection, and acceleration
scheme selection is the least correlated and does not affect the performance of BPSO.

Table 5.20 Correlation Analysis of BPSO Hyperparameters with respect to Fitness
Scaling Sum for Lateral/Directional Coefficients

Correlation AS TF IWS
FSS 0.0158 -0.1563 0.0519

The normalized fitness scaling sum for each hyperparameter and selection are
tabulated in Table 5.21. The results of Table 5.21 supported the results of Table 5.20.
The normalized fitness scaling sums of Acceleration Scheme 1 and 2 are almost the
same so anyone of them can be used. The normalized fitness scaling sum of S1
transfer function is the highest and almost double of next best alternative so that S1

is preferred. Among inertia weight schemes, the most influential ones are 4™, 7" and
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o inertia weight strategies which are Constant Inertia Weight, Linear Increasing

Inertia Weight, and Random Inertia Weight.

Table 5.21 Normalized Fitness Scaling Sum for Each Hyperparameter Selections

Type AS TF IWS
1 4939 2282 7.44
2 5061 1255 9.19
3 9.12 10.03
4 715 12.97
5 10.97 8.92
6
7
8
9

11.60 8.58

12.08 12.78

13.71 10.16

12.57

10 7.37
Sum 100 100 100

512 Phase 1.2: Equation Error Method

The results of longitudinal (Cp, Cp and C,,,) and lateral (Cy, C; and C,,) aerodynamic

coefficients, obtained with Equation Error Method, are provided in this section.
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5.1.2.1  Cp Force Coefficient

The resulting model structure for the Cp, coefficient is as follows:
CD = CD0+ [CD(Z 'a‘l‘CDaz 'az] + [CDé-e '63 +CD66a .66 a]

qc qc
ﬁ‘l’Can ﬁ a]

+ [CDq )
+ [CDalef . 6lef + CDalefa ' 6lef a+ CDalefa%o : Slef (51)
(a - a10°)+CD519fa%5 " Olef - (a — a15°)+]

+ [Cnﬁ B+ Cpga - (B = Bo)+ + Cp g '32]

The parameter estimates of Cj, is tabulated in Table 5.22. As shown in Table 5.22,
the relative standard deviation for each coefficient is below 50. It indicates that
estimates are reasonable.

Table 5.22 The Estimates, Standard Deviations, and Relative Standard Deviations
of the C;, Coefficient Parameters

Index Parameter Estimate Std. Dev. Rel. Std. Dev

1 Cp, 1.92E-02 6.11E-05 0.32
2 Cp, -9.04E-02  3.39E-03 3.75
3 Cp,e 4.02E+00  2.49E-02 0.62
4 Cps, -1.10E-01  1.53E-03 1.4
5 Cps,q 1.01E+00 8.93E-03 0.88
6 Cp, -5.75E-01  4.61E-02 8.02
7 Cpgq 2.20E+01 2.73E-01 1.24
8 Cosy,, 6.926-02 1.91E-03 2.76
9 Cbsa  -9.49E-01 1.57E-02 1.65
10 Cpsypal, -2.49E-01 2.49E-03 1
11 Cpgsy.at,  5.83E-01 3.38E-03 0.58
12 Cpy 3.47E-02 1.16E-03 3.34
13 Cppa -7.17E-02  2.32E-03 3.24
14 Cppe 1.05E+00 1.13E-02 1.08
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The time history results for Cp, in the training dataset is given in Figure 5.1.
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Figure 5.1 Training Dataset Results of C, Coefficient a) Time Histories of the
Input Variables b) Time Histories of the Output variable

No discrepancy is observed in Figure 5.1.

Residual cross plot for C;, with respect to air data, angular rates, and control surface
deflections and cross plot for Cp, with respect to the angle of attack in the training
dataset are given in Figure 5.2. As stated earlier, in the residual cross plot, the flat
spread of residual centered around zero is ideal, whereas non-flat spread indicates

that the model needs improvement with the observed variable.

In Figure 5.2, higher g effect to residual error, can be seen in the cross plot of Cp vs
B. As seen in figure, higher 8 cause more residual error. However, residual error is

still small, and it is in an acceptable range (residual up to 50 drag count is acceptable).
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Figure 5.2 Residual Cross Plots and Cross Plot for Cp, in Training Dataset.

As stated earlier, the results of training data are significant, but the final performance
of the aerodynamic model should be tested with testing data reserved and are not
used in the identification phase. The time history results for Cj, in the testing dataset

are shown in Figure 5.3.
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Figure 5.3 Testing Dataset Results of C,, Coefficient a) Time Histories of the Input
Variables b) Time Histories of the Output variable

In Figure 5.3, the time history of Cp coefficient for testing dataset is plotted.
Measured and estimated data are almost the same. As seen in this figure, the residual
error is so tiny (less than 5x107%) that our aerodynamic coefficient model for C, is

acceptable.

5.1.2.2 €, Force Coefficient

The resulting model structure for C;, coefficient is as follows:
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CL = [CLO Ty at g (@ —age)y + Crga, (@ —agpe)y + Craa,

'(a_a150)+] + [CL66 '65 +CL636{ .68 'a+CL66a2 '63 'az]

qc
_|_ [CLq . 2_
L (5.2)

+ [Cusy, *Oter + Cugyyq " Bier @+ Cugy, g1 Oy * (@ = a5y

+ CL5zefa%o “Orer (@ = a10°)+CLalefa%5 *Oper (@ — a150)+]

+ [CL[; B+ CLﬁ& (B - ﬁo°)+]

The parameter estimates of C, is tabulated in Table 5.23. As shown in Table 5.23,
the relative standard deviation for each coefficient is below 50, which indicates that
estimates uncertainty is very low.

Table 5.23 The Estimates, Standard Deviations, and Relative Standard Deviations
the C, Coefficient Parameters.

Index Parameter Estimate Std. Dev. Rel. Std. Dev

1 Gy 9.97E-02  9.34E-05 0.09
2 Cp, 3.75E+00 2.28E-03 0.06
3 Ciy 1.42E-01 2.64E-03 1.85
4 Cpg 1.26E-01 5.27E-03 4.19
5 Cro -1.83E+00  4.75E-02 2.59
6 Cis, 4.92E-01 3.51E-03 0.71
7 Ciga -5.45E-01 4.82E-02 8.84
8 Cig,qe 5.41E+00 1.52E-01 2.82
9 G 3.01E+01  2.80E-02 0.09
10 Cugy,, -1.85E-01 1.85E-03 1
11 Cispa 5.61E-01 1.51E-02 2.69
12 Cispaf 4.48E-01 1.49E-02 3.32
13 Cisppal,  -8.98E-01 1.41E-02 1.57
14 Cis,.al,  3.16E+00 1.08E-01 3.42
15 Cip 6.15E-02  5.28E-04 0.86
16 Crp -1.23E-01  8.01E-04 0.65
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The time history results for C;, in the training dataset is given in Figure 5.4.
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Figure 5.4 Training Dataset Results of C; Coefficient a) Time Histories of the Input
Variables b) Time Histories of the Output variable

Residual cross plot for C; with respect to air data, angular rates, and control surface

deflections and cross plot for C; with respect to the angle of attack in the training

dataset are given in Figure 5.5.
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Figure 5.5 Residual Cross Plots and Cross Plot for C; in Training Dataset.

The time history results for C;, in the testing dataset are shown in Figure 5.6.
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Figure 5.6 Testing Dataset Results of C; Coefficient a) Time Histories of the Input
Variables b) Time Histories of the Output variable

5123 C,, Moment Coefficient

The resulting model structure for C,, coefficient is as follows:
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Cm = [Cmo + Cma Ta+ Cma% (a—aso), + Cma% (@ — a100)+

0
+ Cma%s (a - a15°)+]

+ _Cmae '65 + Cmaea .68 a+ Cmaea%o '63 " (a_a100)+]

I C C
+lc, & T q] (5.3)

Cmq 5y F Cmaa "y

+ _Cmglef ) 6lef + Cm(glefa ) 6lef "o+ Cmé‘lefa%o ) 6lef (a - A10°) +
+ Cmglefa%s “Opef (@ — “15°)+]
+ [Cmg " B+ Congy * (B = Boods + Cimpe - B - ]

The parameter estimates of C,, is tabulated in Table 5.24. As shown in Table 5.24,
the relative standard deviation for each coefficient is below 50. It indicates that
estimates are reasonable.

Table 5.24 The Estimates, Standard Deviations, and Relative Standard Deviations
the C,,, Coefficient Parameters.

Index Parameter Estimate Std. Dev. Rel. Std. Dev
1 Cm, -8.00E-03  4.60E-05 0.57
2 Cmy, 1.69E-01 1.31E-03 0.77
3 Cng -2.87E-02  1.45E-03 5.05
4 Cmgy, 4.65E-01 3.62E-03 0.78
5 Cmega, -1.26E+00 2.72E-02 2.16
6 Cmg, -5.94E-01 1.64E-03 0.28
7 Cng,q 1.956-01  1.26E-02 6.48
8 Cms,q1, -1.03E+00 2.70E-02 2.63
9 Cny -5.13E+00 3.72E-02 0.72
10 Gngy -4.93E+00 2.07E-01 4.21
11 Cms,, ~ -7.68E-02 1.01E-03 1.32
12 Cmgpq  -1.19E-01 5.75E-03 4.81
13 Cmng,pal, -6.48E-01 8.11E-03 1.25
14 Cms, i,  2.13E+00 6.18E-02 2.89
15 Cmg 1.55E-02 5.57E-04 3.6
16 Cmg: -6.36E-02  4.59E-04 0.72
17 Cmgg 1.57E-01  2.94E-03 1.87
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The time history results for C,, in the training dataset is given in Figure 5.7.
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Figure 5.7 Training Dataset Results of C,,, Coefficient a) Time Histories of the
Input Variables b) Time Histories of the Output Variable

Residual cross plot for C,,, with respect to air data, angular rates, and control surface
deflections and cross plot for C,,, with respect to the angle of attack in the training

dataset are given in Figure 5.8.
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Figure 5.8 Residual Cross Plots and Cross Plot for C,,, in Training Dataset.

The time history results for C,, in the testing dataset are shown in Figure 5.9.

@ 0.05
o
£ 250
o)
E _\_
> 200 ‘ '
0 10 20 30 40 50
= 10 0.02 —measured
5 = -estimated
0.01 ' :
5 ‘ : 0 10 20 30 40 50
0 10 20 30 40 50
5 I ] 5 %10 .
‘?E 0 " —residual
o 1 2 -
2 ©
L L ! =1
0 10 20 30 40 50 2
2 ‘ ) . o 0 TV
- o
=3 £
® M\ ©
=4
-5 ' '
0 10 2_0 30 40 50 0 10 20 30 40 50
time [sec] time [sec]
(a) (b)

Figure 5.9 Testing Dataset Results of C,,, Coefficient a) Time Histories of the Input
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5.1.24  Cy Force Coefficient

The resulting model structure for Cy coefficient is as follows:
Cr = Cro+|Cry B+ B a®+Crpy B0
+ I:Cy(sr " 67' + Cyé-raﬁ - 67" a ’8] + [Cyé-a - 6(1 + Cy6aa " 661 " a] (54)
pb rb
ey B+ o+ -]

The parameter estimates of Cy is tabulated in Table 5.25. As shown in Table 5.25,
the relative standard deviation for each coefficient is below 50. It indicates that
estimates are reasonable.

Table 5.25 The Estimates, Standard Deviations, and Relative Standard Deviations
the Cy Coefficient Parameters

Index Parameter Estimate Std. Dev. Rel. Std. Dev

1 Gy, -5.09E-03  3.13E-05 0.61
2 Cyg -1.07E+00  2.33E-03 0.22
3 Cypee 1.63E+00  4.15E-02 2.55
4 Cyps, -4.51E+01 1.05E+00 2.33
5 Cys, 1.68E-01  4.44E-04 0.26
6 Cvs.ap -8.99E-01  3.23E-02 3.60
7 Cys, 7.58E-02  4.80E-03 6.34
8 Cyvs,a -3.26E-02  2.52E-02 37.04
9 Gy, 1.22E-01  4.04E-03 3.33
10 Cy, 5.09E-01  1.00E-02 1.96
11 Crs, a2 336E-02 3.41E-03 10.15

The time history results for Cy in the training dataset for the dutch roll maneuver is

given in Figure 5.10.
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Figure 5.10 Training Dataset Results of Cy Coefficient for the Dutch Roll Motion
a) Time Histories of the Input Variables b) Time Histories of the Output Variable

The time history results of Cy in the training dataset for the bank-to-bank motion is

given in Figure 5.11.
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Figure 5.11 Training Dataset Results of C,, Coefficient for the Bank-To-Bank
Motion a) Time Histories of the Input Variables b) Time Histories of the Output
Variable
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Residual cross plot for Cy with respect to air data, angular rates, and control surface
deflections and cross plot for Cy with respect to the angle of attack in the training

dataset are given in Figure 5.12.
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Figure 5.12 Residual Cross Plots and Cross Plot for Cy in Training Dataset
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The time history results for Cy in the testing dataset are shown in Figure 5.13.
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Figure 5.13 Testing Dataset Results of Cy Coefficient a) Time Histories of the
Input Variables b) Time Histories of the Output variable

5.1.25  €; Moment Coefficient

The resulting model structure for C; coefficient is as follows:

Cl=Clo+[Clﬁ'ﬁ+Clﬁa'ﬁ'a+Clﬁaz'ﬁ'a2+Clﬁ,3'ﬁ3]

+ _Clar-6r+C16raB-6r-a-ﬁ] + [cl%-(sa]
[ pb pb rb rb (55)
+-Clp'ﬁ+clpa'ﬁ'a:|+|:Clr'ﬁ+clra'ﬁ'a:|

[ . . I
+ _Clalef 61€f+Cl¢Slefa2 6[ef a ]

The parameter estimates of C; is tabulated in Table 5.26. As shown in Table 5.26,
the relative standard deviation for each coefficient is below 50. It indicates that

estimates are reasonable.
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Table 5.26 The Estimates, Standard Deviations, and Relative Standard Deviations
the C; Coefficient Parameters.

Index Parameter Estimate  Std. Dev. Rel. Std. Dev
1 G, -3.75E-04  5.75E-06 1.53
2 Cy -8.88E-02  6.97E-04 0.79
3 Cigg -4.19E-01  1.09E-02 2.60
4 Cigge -2.89E-01  3.86E-02 13.33
5 Cigs -5.14E-01  2.07E-02 4.03
6 Cis, 2.66E-02  6.00E-05 0.23
7 Cisap -1.09E-01  4.25E-03 3.91
8 Cig, -1.30E-01  1.90E-04 0.15
9 G -2.05E-01  6.66E-04 0.32
10 Cipg 7.40E-02  3.99E-03 5.39
11 G, 4.12E-02 1.68E-03 4.07
12 G, 3.42E-01 1.18E-02 3.45
13 Gy, 2.43E-03  4.93E-05 2.03
14 Cigpq2 -3.01E-02  6.92E-04 2.30
12 G, 3.42E-01 1.18E-02 3.45
13 Gy, 2.43E-03  4.93E-05 2.03
14 Cis, .02 -3.01E-02  6.92E-04 2.30

The time history results for C; in the dutch roll training dataset is given in Figure
5.14.
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Figure 5.14 Dutch Roll Training Dataset Results of C; Coefficient a) Time
Histories of the Input Variables b) Time Histories of the Output Variable

The time history results for C; in the bank-to-bank training dataset is given in Figure
5.15.
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Residual cross plot for C; with respect to air data, angular rates, and control surface

deflections and cross plot for C; with respect to the angle of attack in the training

dataset are given in Figure 5.16.
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The time history results for C; in the testing dataset are shown in Figure 5.17.
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Figure 5.17 Testing Dataset Results of C; Coefficient a) Time Histories of the Input

Variables b) Time Histories of the Output variable

5126 €, Moment Coefficient

The resulting model structure for C,, coefficient is as follows:

Co = Cug+|Cog =B+ Cuge B+ Coga- ]

+[Cug 6 + Cog o 6T-a-ﬁ]+[Cn5-6a]
] 5.6
C _pb C _pb. C >0
+ Cny ﬁ-l- Npa ﬁ a+C Npa? ny ZV
+ _Cnalefaz 'Slef'az]

The parameter estimates of C,, is tabulated in Table 5.27. As shown in Table 5.27,

the relative standard deviation for each coefficient is below 50. It indicates that

estimates are reasonable.
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Table 5.27 The Estimates, Standard Deviations, and Relative Standard Deviations
the C,,, Coefficient Parameters.

Index Parameter Estimate  Std. Dev. Rel. Std. Dev
1 Gy, 3.33E-05 5.31E-06 15.91
2 Cng 1.86E-01 5.17E-04 0.28
3 Cugg -3.89E-02  2.26E-03 5.83
4 Cngs 2.98E+00  2.60E-02 0.87
5 Cuns, -8.57E-02  7.52E-05 0.09
6 Cng.ap 2.45E-01 5.40E-03 2.20
7 Cg, -2.64E-02  3.95E-04 1.50
8 Cn, 5.54E-02 2.12E-03 3.83
9 Cupgy -1.03E+00  2.33E-02 2.27
10 Cupg2 2.75E+00  6.36E-02 2.31
11 Cq, -1.95E-01  1.61E-03 0.83
12 Cng, o2 -1.50E-02 5.82E-04 3.89

The time history results for C,, in the dutch roll and bank to-bank training datasets

are given in Figure 5.18 and Figure 5.19, respectively.
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Figure 5.18 Dutch Roll Training Dataset Results of C,, Coefficient a) Time
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Residual cross plot for C,, with respect to air data, angular rates, and control surface
deflections and cross plot for C,, with respect to the angle of attack in the training

dataset are given in Figure 5.20.

B <1072
]
=
7]
&
o
20
E
g
[}
&
o -
10 5 0 10
B
_ %1073
32 _
Fo b mjerie by
o2

150 200 250 300
VT AS [knots]

350

400

137

Residual

C_Residual

C Residual

-40 -20 0 20
p[fs]

<1073

ol

2

-3 2 A 0
q[/s]

%107

2 o

-2 N

30 20 10 0 0 20

30



C_Residual C_Residual C_Residual

C_Residual

0.03

B * measured
. - eslimated
0.02 - N R ','.--E%'Tae 1
0.01 -
(g
ut ON
0 b A )
o i
-0.01 *
002"
-0.03
L]

0.04 .

-10 5 0 5 10

31072
R
b=}
s 0
i
o 2-

10 5 0 5 10

Figure 5.20 Residual Cross Plots and Cross Plot for C,, in Training Dataset

The time history results for C,, in the testing dataset are shown in Figure 5.21.
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5.1.3 Phase 1.3: Sensitivity Analysis

In this section, sensitivity analysis results are presented for each coefficient. We will
determine the parameters that highly influence the aerodynamic coefficients in this
phase. In Phase 2, we will only tune these most influential parameters since updating
all parameters in the output error method is time-consuming, and the minimization

problem can be ill-conditioned in this phase.

5.1.3.1  Cp Force Coefficient

The parameters of Cp coefficient are determined using short-period, phugoid, and
dutch-roll maneuvers. That is why sensitivity analysis is done for longitudinal
maneuvers, lateral maneuvers, and both of them. In the coming figures, normalized
cost value for each parameter of C, are observed for different maneuvers. It is

concluded that in this case, the most influential parameters are Cp . and Cp Siepa

The other parameters have a normalized sensitivity magnitude of less than 5% of the

most significant term’s (Cp ,-) magnitude.

| |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Normalized Cost Value

Figure 5.22 Sensitivities of the Cp parameters with a 1% change from their original
value during longitudinal maneuvers.
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Figure 5.23 Sensitivities of the € parameters with a 1% change from their original
value during lateral (dutch-roll) maneuver.

5.1.3.2 € Force Coefficient

The parameters of C, coefficient are determined using short-period, phugoid, and
dutch-roll maneuvers. That is why sensitivity analysis is done for longitudinal
maneuvers, lateral maneuvers, and both of them. In the coming figures, normalized
cost value for each parameter of C, are observed for different maneuvers. It is
concluded that in this case, the most influential parameters are C;, ,. This result is not
surprising since it is already covered in Table 4.10. The other parameters have a
normalized sensitivity magnitude of less than 5% of the most significant term’s (C;, ,)

magnitude and will not be tuned in Phase 2.
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Figure 5.24 Sensitivities of the €, parameters with a 1% change from their original
value during longitudinal maneuvers.

L L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Normalized Cost Value

Figure 5.25 Sensitivities of the €, parameters with a 1% change from their original

value during lateral (dutch-roll) maneuver.

5133 C,, Moment Coefficient

The parameters of C,, coefficient are determined using short-period, phugoid, and
dutch-roll maneuvers. That is why sensitivity analysis is done for longitudinal
maneuvers, lateral maneuvers, and both of them. In the coming figures, normalized

cost value for each parameter of C,, are observed for different maneuvers. It is
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concluded that in this case, the most influential parameters are C,, 5, Cmyr Cm

aio’
and Cmal . This result is not also surprising since it is already covered in Table 4.10.

The other parameters have a normalized sensitivity magnitude of less than 5% of the

most significant term’s (C,, 6e) magnitude and will not be tuned in Phase 2.
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-

Figure 5.26 Sensitivities of the C,,, parameters with a 1% change from their

original value during longitudinal maneuvers.

L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Normalized Cost Value

Figure 5.27 Sensitivities of the C,,, parameters with a 1% change from their

original value during lateral (dutch-roll) maneuver.

So far, the sensitivity of longitudinal coefficients is covered. It is noted that for

longitudinal and lateral maneuvers, the rank of influential parameters is almost the
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same, and there are no lateral terms in the most influential parameters of longitudinal
coefficients. So in the second phase, there is no need to use lateral maneuvers to
update the longitudinal coefficient parameters. The number of tuned parameters is
decreased to 7 out of 47 terms. The tuned parameters are shown in red-colored in
Table 5.28

Table 5.28 Normalized Sensitivity Magnitudes (SM) for Longitudinal Coefficients

in Longitudinal Maneuvers (Short-Period and Phugoid) (Most Influential Terms are
Red-Colored).

Index Parameter Normalized Parameter Normalized Parameter Normalized
SM SM SM
1 Cp, 0.0072 Cry 0.0291 Cing 0.0301
2 Cp, 0.0257 Cr, 1.0000 Cm, 0.6049
3 Cp,e 1.0000 Cp al 0.0005 Cma% 0.0053
4 CDge 0.0020 CLa%O 0.0001 Cma%o 0.2213
5 CDgea 0.0118 CLa}S 0.0005 Cma%s 0.0469
6 CDq 0.0000 Cp 5, 0.0022 Cm 5, 1.0000
7 Cpqa 0.0000 C, o 0.0002 Cmaea 0.0082
8 CDglef 0.0063 CL5ea2 0.0005 Cmgea%o 0.0112
9 CDglefa 0.1604 CLq 0.0003 Cmq 0.0016
10 Cp Sterako 0.0016 CLgle y 0.0049 Cmqa 0.0004
11 Cp Siepals 0.0001 CLgle ra 0.0024 Cm(gle y 0.0744
12 Cp B 0.0001 CLgle ral 0.0006 Cmgle a 0.0040
13 Cp L 0.0000 CLgle raty 0.0004 Cmgle raty 0.0423
14 Cp B2 0.0000 CLgle rals 0.0003 Cmgle rals 0.0258
15 €y B 0.0000 Cm B 0.0009
16 Cy Bt 0.0000 Cm Bl 0.0000
17 Cm Ba 0.0011

5.1.3.4  Cy Force Coefficient

The parameters of Cy coefficient is determined using dutch-roll and bank-to-bank
maneuvers. To obtain lateral/directional parameters, these maneuvers are combined
to prevent collinearity. But it was observed that the magnitude Cy is much higher in

the dutch-roll maneuvers; hence it was expected that Cy is most affected with dutch-
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roll maneuvers. In Figure 5.28, normalized cost value for each parameter of C, are
observed for different maneuvers. It is concluded that in this case, the most

influential parameters are Cyﬁ, Cy(sr, and Cy Ste” The other parameters have a

normalized sensitivity magnitude of less than 5% of the most significant term’s (Cy /5’)

magnitude.
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Normalized Cost Value

Figure 5.28 Sensitivities of the Cy parameters with a 1% change from their original
value during lateral ( dutch-roll and bank-to-bank) maneuvers.

5.1.35  €; Moment Coefficient

The parameters of C; coefficient are determined using dutch-roll and bank-to-bank
maneuvers. To obtain lateral/directional parameters, these maneuvers are combined
to prevent collinearity. In Figure 5.29, the normalized cost value for each parameter
of C, are observed for combined dutch-roll and bank-to-bank maneuvers. It is

concluded that in this case, the most influential parameters are C; 5 G, g Clp, G Ba
and C; 5, The other parameters have a normalized sensitivity magnitude of less than

5% of the most significant term’s (Claa) magnitude.
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Figure 5.29 Sensitivities of the €; parameters with a 1% change from their original

value during lateral (dutch-roll and bank-to-bank) maneuvers

5.13.6 €, Moment Coefficient

The parameters of C,, coefficient are determined using dutch-roll and bank-to-bank
maneuvers. To obtain lateral/directional parameters, these maneuvers are combined
to prevent collinearity. In Figure 5.30, the normalized cost value for each parameter
of C,, are observed for combined dutch-roll and bank-to-bank maneuvers. It is

concluded that in this case, the most influential parameters are C,, .. , C, g and C, Ba-

5y
The other parameters have a normalized sensitivity magnitude of less than 5% of the

most significant term’s (C, 5 ) magnitude.
s
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Figure 5.30 Sensitivities of the C,, parameters with a 1% change from their original
value during lateral ( dutch-roll and bank-to-bank) maneuvers.

The sensitivity of lateral coefficients is also covered. The number of tuned
parameters is decreased to 10 out of 38 terms. The tuned parameters are shown in
red-colored in Table 5.29.

Table 5.29 Normalized MSE values for lateral coefficients in dutch-roll and bank-
to-bank maneuvers (most effective terms are red-colored).

Index Parameter Normalized Parameter Normalized Parameter Normalized
SM SM SM
1 Gy, 00138  Ci 0.0240  Cny 0.000
2 Cyp 1.0000  Cip 09075  Cng 1.000
3 Crpa 0.0018  Cigq 04115  Cnga 0.001
4 Crpeg 0.0033  Cigg2 0.0062  Cngs 0.027
5 Cyg, 0.0993  Cigs 0.0032  Cns, 0.860
6 Crs,ap 0.0004  Cis, 03402  Cng.ap 0.001
[ 0.0015  Cis,ap 0.0006  Cns, 0.006
8 Crsya 0.0000  Cis, 1.0000  Cnyp 0.009
9 Crp 00013 (1, 07012 Cnpq 0.093
10 Cy, 0.0029  Cipg 00022 Cnpg2 0.032
11 Crsp, o2 00000  Ci, 00028  Cn, 0.014
12 Crrg 00039  Cngpa 0.001
13 Cl5lef 0.0404
14 Cisepa? 0.0117
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To show the fitting capacity of the sensitive parameters, R? of predicted and observed
data are computed for full and reduced model. In Table 5.30, we can compare results
of R? when using all parameters and when keeping only the most sensitive
parameters and dropping other parameters in the model for all aerodynamic

coefficients.

Table 5.30 R?Values for Full and Reduced Models

Coefficient of Determination(R?)

Approach

Cp Cy Cm Cy G, Cy
Full Model 1.0000 1.0000 0.9996 0.9973 0.9968 0.9986
Reduced Model 0.9860 0.9983 09751 0.9937 0.9884 0.9813

Figure 5.31 to Figure 5.34 shows the qualitative accuracy spreads of the full and
reduced models for each coefficient. All points are clustered along the equality line;
the predicted values are close to the actual value, which shows that sensitive
parameters covers the most proportion of total variation. Reduced models exhibit
better fits in the force coefficients. C,,, coefficient is the most critical coefficient as

seen in Figure 5.32.
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Figure 5.31 Accuracy Spread of the Full Model for Longitudinal Coefficients.
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Figure 5.32 Accuracy Spread of the Reduced Model for Longitudinal Coefficients.
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Figure 5.34 Accuracy Spread of the Reduced Model for Lateral Coefficients.
514 Phase 2: Output Error Method

So far, the results obtained with the equation error method (Phase 1.1) are entirely
satisfactory. The results of Phase 1.1 are implemented in the 6DOF simulation
model. The aerodynamic model is kept fixed, and the same initial conditions and

inputs are given. Phase 2 is employed now to tune the most sensitive parameters
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(determined in Phase 1.2). The parameter tuning by the output error method is done

in two steps: longitudinal and lateral dynamics.

514.1 Longitudinal Dynamics

First, the reduced longitudinal model is used for a series of short-period maneuvers

to observe the drag and lift characteristics: see Figure 5.35.
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Figure 5.35 Reduced Longitudinal Model Output Comparison for Short-Period
Maneuvers.

Without tuning any drag or lift coefficients parameter, there is a good match between
measured and simulated data, as seen in Figure 5.35. It means that drag and lift
characteristics are accurately captured in Phase 1.1, and there is no need for any
tuning.

And then, the full longitudinal model is used for a series of short-period maneuvers
to observe the pitch moment characteristic keeping all parameters obtained with
EEM fixed. The specified initial conditions are reasonably accurate, but for the first
and fourth maneuvers, the simulation shows drifts in V;4s, @, q, and 8 variables that
are attributed to minor errors in the aerodynamic pitching coefficient see Figure 5.36.
For other short-period maneuvers, there is a good match between measured and

simulated data and tuning just a few C,,, parameters will be enough for fine-tuning.
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Figure 5.36 Full Longitudinal Model Output Comparison for Short-Period
Maneuvers Keeping All Parameter Fixed.

After tuning the aerodynamic coefficients determined in Phase 1.2 (C,, 5, Cmy

Cma%o’ and C,, 5lef), the updated longitudinal parameters can be seen in Table 5.31.

Table 5.31 Tuned Longitudinal parameters with the OEM.

Index Parameter EEM Estimate OEM Estimate Relative Change (%)

1 Cn, 1.69E-01 1.60E-01 5.38
2 Cmga, 4.65E-01 4.71E-01 1.23
3 Cmg, -5.94E-01 -6.00E-01 1.02
4 Cng,, -7.68E-02 -7.28E-02 5.22

There is a good match between measured data and simulated data after tuning

process, as seen in Figure 5.37.
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Figure 5.37 The Full Longitudinal Model Output Comparison for Short-Period
Maneuvers After Tuning C,, 5, Cmy Cma%o’ and C,, Ste Process.

5.1.4.2  The Lateral/Directional Dynamics

The lateral model is used for a series of dutch-roll and bank-to-bank maneuvers to
observe the side force, roll moment, and pitch moment characteristic keeping all
parameters (obtained with EEM) fixed. There is a good match in dutch-roll
maneuvers except for just a small duration drift in ¢ variable in Figure 5.38.
However, the model predicted output is not within the acceptable range for Level-D

model fidelity in dutch-roll maneuvers as seen in Figure 5.39.
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Figure 5.38 The Lateral Model Output Comparison for Dutch-Roll Maneuvers
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Note that dutch-roll and bank-to-bank maneuvers are shown in separate figures for
the sake of better visualization. The most influential lateral parameters are tuned
together in combined dutch-roll and bank-to-bank maneuvers. The tuned lateral

parameters and their relative changes are seen in Table 5.32.

Table 5.32 The Tuned Lateral Parameters with the OEM.

Index Parameter EEM Estimate OEM Estimate Relative Change (%)

1 Cyg -1.07E+00 -1.072-01 0.202
2 Cys, 1.68E-01 1.72E-01 2.516
3 Gy -8.88E-02 -8.89E-02 0.101
4 Cig, -4.19E-01 -4.54E-01 8.747
5 Cig, 2.66E-02 2.75E-02 0.028
6 Cis, -1.30E-01 -1.33E-01 2.920
7 Gy -2.05E-01 -2.14E-01 4.717
8 Cng 1.86E-01 1.84E-01 1.156
9 Cng, -8.57E-02 -8.63E-02 0.701
10 Cnyp 7.40E-02 7.64E-02 3.219

After tuning the lateral aerodynamic coefficients, there is a better match between
measured data and model-predicted data, as seen in Figure 5.40 and Figure 5.41. The
small drifts in ¢ variable in dutch roll maneuvers were eliminated. And the model
predicted output is within the allowed band for Level-D model fidelity in bank-to-

bank maneuvers, as seen in Figure 5.41.
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Figure 5.40 Full Lateral Model Output Comparison for Dutch-Roll Maneuvers
After Tuning Lateral Parameters.
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After Tuning Lateral Parameters.
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5.15 Phase 3: Model Validation

5.15.1 Proof of Match Results

Proof of Match is the final testing in Flight Simulator Certification and is done with
a validation dataset not used in the training phase.

To summarize, firstly, the parameters of aerodynamic coefficients are estimated
using the EEM. Then, the most influential parameters are found using sensitivity
analysis. And then, the most influential parameters are tuned using the OEM for
longitudinal and lateral maneuvers. And finally, the model and parameters are kept
fixed, and the performance of the identified model is evaluated using proof-of-match
(POM) results. When assessing proof-of-match results for dynamic maneuvers, the
minor biases on the initial conditions and the control deflections (up-to- 0.5 deg) are
permitted [1].

Longitudinal parameter matching is performed in two phases. The static part of
longitudinal aerodynamic coefficients is validated with Longitudinal Maneuvering
Stability and Longitudinal Static Stability tests. The dynamic portion of the

longitudinal aerodynamic coefficient is confirmed with the Short-Period maneuver.

Lateral parameter matching is confirmed with Dutch-Roll and Bank-To-Bank

maneuvers.

5.1.5.1.1 Longitudinal Maneuvering Stability

The purpose of this test is to show that the maneuvering stability simulation
correspond to the aircraft. The test is conducting by establishing a steady-state
condition at various intermediate bank angles and increasing it to the maximum
angle. A vital aspect of this test is obtaining an accurate trim condition that allows
steady turning flight at specified bank angles. Steady-state aircraft trim conditions

for turning flight can be found using the techniques in Section 2.4.3. The results are
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a "snapshot” of the steady turning aircraft at the specified bank angle and the trim

airspeed (three different airspeeds). Altitude is set to constant in each case.
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Figure 5.42 Low-Speed Maneuvering Stability.
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Figure 5.43 Mid Speed Maneuvering Stability.

156



High Speed Maneuvering Stability
@ h=15000 ft & M=0.6 & CG=0.3 MAC

’1 4 T T
—+*—measured
-1.6 T B estimated

—tolerances

-1.8

-2.2

5, ()

Tol
+ %10 (°)

-24

-2.6

-2.8

1 I T
15 20 25 30 35 40 45 50 55 60 65

-3.2 !

Bank Angle (°)

Figure 5.44 High-Speed Maneuvering Stability.

The tolerance bounds are lower and upper values in which the estimated results are
expected to lie between. Figure 5.42, Figure 5.43, and Figure 5.44 show that the
predicted results are in those tolerance bounds. It means our estimated coefficients
are compatible with the actual aircraft. The predicted results are closer to tolerance
bounds, which means that the residual between the estimated and measures is a bit

higher at low airspeed.

5.1.5.1.2 Longitudinal Static Stability

The purpose of this test is to establish that the simulator's static longitudinal stability
characteristics are consistent with those of the aircraft. The longitudinal control
command is used to the air vehicle to get a deviation from trimmed airspeed, and
elevator deflection is used to maintain a steady-state condition at various airspeeds,

as shown in Figure 5.45.
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Figure 5.45 Longitudinal Static Stability.

The estimated results are in tolerance bounds. It means our estimated coefficients are
compatible with the actual aircraft. The estimated results are closer to tolerance
bounds at low airspeed, corresponding to a high angle of attack values. As we already
observed in the cross plot of aerodynamic coefficients residual with respect to the
angle of attack, the residual between the estimated and measured values at a high

angle of attack is slightly higher.

5.1.5.1.3 Short Period Maneuver

Short period dynamics are determined by exciting the short period mode under the
cruise condition by applying a doublet or 3-2-1-1 longitudinal control input.
Oscillation in the short-period mode are often highly damped and has a period of a
few seconds. The aircraft is rapidly pitched around the center of gravity, resulting

basically variation in the angle-of-attack.

Figure 5.46 and Figure 5.47 shows the measured and predicted data comparison of
short-period motions at 10000 ft, CM = 0.35¢ and two different speed (Ma = 0.35,
Ma=0.50) flight condition. The model adequacy is quite apparent from the figures.
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Figure 5.46 Short Period Dynamics — at h = 10000 ft, CM = 0.35¢ and Ma = 0.35
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Figure 5.47 Short Period Dynamics — at h = 10000 ft, CM = 0.35¢ and Ma = 0.50
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5.1.5.1.4 Phugoid Maneuver

The phugoid mode exhibit significiant amplitude variation of airspeed, pitch angle,
and altitude, but almost no variation in the angle-of-attack. Three complete cycles

should be included in the test (six overshoots after input is completed).

Figure 5.48 and Figure 5.49 show the measured and predicted data comparison of
phugoid motions at 10000 ft, CM = 0.30¢ and two different speed (Ma = 0.35,
Ma=0.50) flight condition. The model adequacy is quite apparent from the figures.
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Figure 5.48 Phugoid Dynamics — at h = 10000 ft, CM = 0.30¢ and Ma = 0.35
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Figure 5.49 Phugoid Dynamics — at h = 10000 ft, CM = 0.30¢ and Ma = 0.50

Table 5.33 shows the period of the measured data and estimated model for phugoid
dynamics. The estimated results are in 10% tolerance bounds of the actual results. It

means our estimated coefficients are compatible with the actual aircraft.

Table 5.33 Tolerances for Phugoid Dynamics

(Flight Condition 1) (Flight Condition 2)
Measured Model Measured Model
Period 62.12 62.17 86.41 87.15
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5.1.5.1.5 Dutch-Roll Maneuver

Dutch roll mode are evaluated using a doublet pedal input, allowing the aircraft to
react freely for at least six oscillation cycles. The amount of rudder deflection should
be limited to about 25% of the entire rudder pedal.

Figure 5.50 and Figure 5.51 show the measured and predicted data comparison of
dutch-roll motions at 10000 ft, CM = 0.35¢ and two different speed (Ma = 0.35,
Ma=0.50) flight condition. The model adequacy is quite apparent from the figures.
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Figure 5.50 Dutch-Roll Dynamics — at h = 10000 ft, CM = 0.35¢ and Ma = 0.35
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Figure 5.51 Dutch-Roll Dynamics — at h = 10000 ft, CM = 0.35¢ and Ma = 0.50

5.15.1.6 Bank-To-Bank Maneuver

Figure 5.52 and Figure 5.53 show the measured and predicted data comparison of
dutch-roll motions at 10000 ft, CM = 0.35¢ and two different speed (Ma = 0.35,
Ma=0.50) flight condition. The predicted model is within the allowable band for the
Level-D flight simulator. The small bias (-0.0679 deg) on the aileron deflection in
the first maneuver eliminates the error accumulation on the bank angle variable. The

first maneuver without any bias term can be seen in Figure 5.54.
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Figure 5.52 Bank-To-Bank Maneuver — at h = 10000 ft, CM = 0.35¢ and Ma = 0.35
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Figure 5.53 Bank-To-Bank Maneuver — at h = 10000 ft, CM = 0.35¢ and Ma = 0.50
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Figure 5.54 Bank-To-Bank Maneuver — at h = 10000 ft, CM = 0.35¢ and Ma = 0.35
without any bias term on the initial conditions and control deflections
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5.1.5.2.1 Zero Input Initial Condition

The zero input solution is the response of the system to the initial conditions, with
the input set to zero. The trimmed values of some states are disturbed and predicted

model and aircraft responses are compared.

Figure 5.55 and Figure 5.56 show the measured and predicted data comparison of
longitudinal motions at 10000 ft, CM = 0.30¢ and two different speed (Ma = 0.35,
Ma=0.50) flight condition (FC) for 10 m/s disturbance in z-axis linear velocity

component. The model adequacy is quite apparent from the figures.
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Theil’s inequality coefficient for each of the longitudinal variables are given inTable
5.34. TIC values for each longitudinal output variable are below the maximum

acceptable values (in the range of 0.25 to 0.30) for both cases.

Table 5.34 Theil’s Inequality Coefficient (TIC) for Longitudinal Motion

Output Variable TIC (Flight Condition 1) TIC (Flight Condition 2)

Vras 1.599e-04 1.474e-04
a 6.951e-04 0.0013
q 0.0143 0.0131
0 0.0017 0.0039
h 6.497¢-05 1.300e-04
a, 5.316¢-04 5.764e-04

Figure 5.57 and Figure 5.58 show the measured and predicted data comparison of
lateral/directional motions at 10000 ft, CM = 0.30¢ and two different speed (Ma =
0.35, Ma=0.50) flight condition for 10 m/s disturbance in y-axis linear velocity

component. The model adequacy is quite apparent from the figures.
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Theil’s inequality coefficient for each of the lateral variables are given in Table 5.35.
TIC values for each lateral output variable except the bank angle are below the

maximum acceptable values (in the range of 0.25 to 0.30) for both cases.

Table 5.35 Theil’s Inequality Coefficient (TIC) for Lateral/Directional Motion

Output Variable TIC (Flight Condition 1) TIC (Flight Condition 2)

Vras 6.384e-04 8.808e-04
B 0.1884 0.2237
p 0.0514 0.0416
r 0.0479 0.0039
¢ 0.0569 0.3234
a, 0.0465 0.0273

5.1.5.2.2 Noise Driven Behavior

The band-limited white noise with 0.01 noise power has been introduced to control

deflection inputs in the predicted model and TIC values are compared.

Figure 5.59 and Figure 5.60 show the measured and predicted data comparison of
longitudinal motions at 10000 ft, CM = 0.30¢ and two different speed (Ma = 0.35,
Ma=0.50) flight condition with a band-limited white noise (0.01 noise power) in

elevator deflection. The model adequacy is quite apparent from the figures.
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Theil’s inequality coefficient for each of the longitudinal variables are given in Table
5.36 with and without noise on elevator deflections. TIC values for each longitudinal
output variable are below the maximum acceptable values (in the range of 0.25 to
0.30) for both cases. When noise is introduced, the TIC values are increased as

expected.

Table 5.36 Theil’s Inequality Coefficient (TIC) for Longitudinal Motion

Output Variable  TIC (Flight Condition 1) TIC (Flight Condition 2)
Without Noise With Noise Without Noise With Noise

Vras 2.1182e-04  9.8528e-04  4.9693e-04 0.0022
a 0.0021 0.0117 0.0040 0.0388
q 0.0169 0.1148 0.0090 0.1341
0 0.0036 0.0198 0.0173 0.1049
h 8.1878e-05  3.7086e-04  4.9072e-04 0.0020
a, 0.0018 0.0315 0.0034 0.0315

5.1.5.2.3 Combination of Short-Period, Dutch-Roll, and Bank-to-Bank

Maneuvers

So far, only one mode of aircraft motion such as short period, phugoid, etc. has been
triggered. Now we will excite each motion successively and show the performance

of the predicted model with respect to TIC values.

Figure 5.61 and Figure 5.62 show the measured and predicted data comparison of
combined longitudinal, lateral and directional motions at 10000 ft, CM = 0.30¢ and
two different speed (Ma = 0.35, Ma=0.50) flight condition. The model adequacy is

quite apparent from the figures.
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Figure 5.62 Combined Maneuvers — at h = 10000 ft, CM = 0.30¢ and Ma = 0.50

Theil’s inequality coefficient for each of the longitudinal and lateral/directional
variables are given in Table 5.37. TIC values for each longitudinal output variable
are below the maximum acceptable values (in the range of 0.25 to 0.30) for both
cases. It is observed that TIC values for longitudinal variables are less than ones for
lateral/directional variables so we can conclude that longitudinal parameters are

better estimated.
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Table 5.37 Theil’s Inequality Coefficient (TIC) for Combined Maneuvers

Output Variable TIC (Flight Condition 1) TIC (Flight Condition 2)

Vras 6.0987e-04 0.0015
a 0.0034 0.0308
B 0.1932 0.1202
p 0.0496 0.0531
q 0.0379 0.0549
r 0.0503 0.0590
b 0.0543 0.1697
0 0.0110 0.1829
h 3.8531e-04 0.0012
a, 0.0033 0.0335
a, 0.0479 0.0431
a, 0.0040 0.0231

5.1.5.2.4 Proof-of-Match Maneuvers with respect to Strong Control

Deflection Inputs

In proof-of-match maneuvers, the control deflections have been excited to stay in the
linear region. Now the performance of the predicted model has been shown with
respect to strong control deflection inputs. In these maneuvers, models are shown to

be accurate for high excursions around the trim point.

Figure 5.63 and Figure 5.64 show the measured and predicted data comparison of
short-period motions at 10000 ft, CM = 0.30¢ and two different speed (Ma = 0.35,
Ma=0.50) flight condition. The model adequacy is quite apparent from the figures.
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Figure 5.65 and Figure 5.66 show the measured and predicted data comparison of
dutch-roll motions at 10000 ft, CM = 0.30¢ and two different speed (Ma = 0.35,
Ma=0.50) flight condition. The model adequacy is quite apparent from the figures.
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Figure 5.65 Dutch-Roll Dynamics — at h = 10000 ft, CM = 0.30¢ and Ma = 0.35
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Figure 5.66 Dutch-Roll Dynamics — at h = 10000 ft, CM = 0.30¢ and Ma = 0.50

Figure 5.67 and Figure 5.68 show the measured and predicted data comparison of
bank-to-bank motions at 10000 ft, CM = 0.30¢ and two different speed (Ma = 0.35,
Ma=0.50) flight condition. The model adequacy is quite apparent from the figures.
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5.1.5.3  Range of Model Applicability in Frequency Domain

Frequency response validation of the predicted models are presented in this section.
The frequency response of pitch-rate to elevator input (q/8.), roll-rate to aileron
input (p/4,), and yaw-rate to rudder input (r/§,.) at different trim settings will be
investigated. Frequency sweeps are performed for each control deflection inputs. The
difference between the frequency responses of the nonlinear model and the predicted
model are also presented with the allowable frequency response error bounds. If the
error function is within these allowable error bounds, it indicates that the predicted
model is a sufficient representation of the real aircraft. Example of frequency sweeps
for longitudinal dynamics are given in Figure 5.69.

4 I I I I
0 2 4 6 8 10 12 14 16 18 20

time [sec]

Figure 5.69 Example of a frequency sweep on longitudinal axis.

Frequency response validation of the predicted models for longitudinal dynamics
(q/46.) at two different trim conditions are presented in Figure 5.70 and Figure
5.71. We can conclude that the predicted model on longitudinal dynamics is quite

accurate.
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Frequency response validation of the predicted models for lateral/directional
dynamics (p/é,) and (r/6,) at two different trim conditions are presented from
Figure 5.72 to Figure 5.75. As seen in the figures, differences remain in the MUAD

Bounds, so that predicted model is quite accurate.
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Figure 5.72 Frequency Response Validation of p/&,— at h = 10000 ft, CM = 0.30¢
and Ma=0.35
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Figure 5.73 Frequency Response Validation of p/§, —at h = 10000 ft, CM = 0.30¢
and Ma = 0.50
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5.1.5.4  Comparison of Estimation Results with respect to Wind Tunnel Data

Figure 5.76, Figure 5.77, and Figure 5.78 show the comparison of estimated

parameters with the true ones (wind tunnel database) for longitudinal aerodynamic
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coefficients, a luxury that is usually out of reach in real life. There is quite good fit

between wind tunnel database and predicted model as seen in the figures.
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5.2  Case 2: Non-Availability of Engine Database from Manufacturer

In the first case, the engine-related forces and moment are obtained from the engine
deck and directly feeded back to the 6-DOF equations of motion model to isolate the
aerodynamic model. But in this case, the engine and aerodynamic database are not
available. To find an appropriate aerodynamic model, an approximate engine model
is to be constructed first. The equations in section 4.4, thrust calculation from steady-
state flight tests, are used to do so. After the approximate engine model is
constructed, the methodology in Section 5.1 is repeated.

521 Calculating Thrust from Steady State Flights

Many flight tests were made for different flight conditions expressed in Mach
numbers (M = 0.2 to M = 0.6), altitudes (h = Oft to h = 40000ft), and different
flight path angles (y = =5 toy = 5°). Now we can compare the results for different
flight conditions.

Firstly, we compare the estimated results from Eqgs. (4.84) and (4.92) with the actual

results for level flight.
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Figure 5.79 Measured and Constructed Thrust, Lift Coefficient, and Drag
Coefficient in Steady Level Flight

Secondly, we compare the estimated results from Eqs. (4.84) and (4.92) with the
actual results for climbing flight.
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Figure 5.80 Measured and Constructed Thrust, Lift Coefficient, and Drag
Coefficient in Steady Climb Flight

We can conclude from the figures that the results are promising. The lift coefficient
trend is almost the same, and values are so close to each other for the angle of attack
values up to 20 deg, which is in our flight scope. The drag coefficient trend is ok, but
values are slightly different for high angle of attack values as expected since Eq.
(5.7) is just an approximation for the linear region. So, we can use constructed thrust

values in place of actual thrust values as initial points in our future work.
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522 Turbofan Engine Thrust Model

Now, go back to Section 2.2.2.3, Simplified Turbofan Thrust Model. Using the
results obtained in 5.2.1 and using the Egs. (2.58), (2.59), and (2.60), we get the
following equation:

~ T(hM,6 N . 68
T(hM,6714) = D IO

p(h) -1 Z]V-l i=0j=0
Tox 2= 14+~ Mm
07 po 2

To decide which m and n values make the best fit, we compare the Mean Square
Error using K-Fold Cross Validation for different m and n values. For m = 3 and
n = 2, we get the overall best result. In Table 1, the mean squared error with respect
to different altitudes is shown.

Table 5.38 Mean Squared Error Values with respect to Different Altitudes

Altitute [ft] Mean Square Error

0 5.2788e-04
5000 6.8464e-04
10000 1.2531e-06
20000 1.0063e-05
30000 1.9749e-05

188



At h =0 ft, the constructed and estimated nondimensional thrust coefficient

comparison is shown below.
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Figure 5.81 Measured and Constructed Thrust Coefficient at h = 0 ft

At h = 5000 ft, the constructed and estimated nondimensional thrust coefficient

comparison is shown below.
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Figure 5.82 Measured and Constructed Thrust Coefficient at h = 5000 ft
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At h = 10000 ft, the constructed and estimated nondimensional thrust coefficient

comparison is shown below.
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Figure 5.83 Measured and Constructed Thrust Coefficient at h = 10000 ft

At h = 20000 ft, the constructed and estimated nondimensional thrust coefficient

comparison is shown below.

80.9 T T T 1
= ® ® ® @ @ g
Zo08f |
RS
E 0.7k (O trim constructed | |
S > estimated
o
200/ ®
o
Fos &.

0.2 0.4

3

5 x 10

1r .
] o oo, °
= 0 i
q . . © °

Ak R

-2 L L - L L E|

0.2 0.4 0.6 0.8 1 1.2 1.4

Figure 5.84 Measured and Constructed Thrust Coefficient at h = 20000 ft
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At h = 30000 ft, the constructed and estimated nondimensional thrust coefficient

comparison is shown below.
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Figure 5.85 Measured and Constructed Thrust Coefficient at h = 30000 ft

The estimated results are compatible with the constructed results from trim values.
Estimated thrust values are replaced with actual thrust values, and aerodynamic
coefficients are re estimated and compared with the new aerodynamic force and

moment coefficient results as future work.

523 Iterative Equation Error Method

After developing the engine thrust model, the next step is to use EEM to obtain the
reasonable starting point for longitudinal aerodynamic coefficients. In EEM, a

suitable model has been postulated. Then Iterative-EEM is employed.

The convergence of the cost function for the iterative equation error method can be

seen below.
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Figure 5.86 Convergence of Cost Function for Iterative Equation Error Method

As it is seen in Figure 5.86, in the first 5 iterations cost function decreases
dramatically, and the cost function converges to a minimal value after the 40"

iteration. Hence, 40 iteration is enough to get good results.

Table 5.39 and Table 5.40 gives the parameter estimates and their errors. The
estimation error is calculated as § = ||0x — Octuarll/1Oactuarll

Table 5.39 Drag Coefficient Parameter Estimates and Errors

k CDO CDuc CDaZ CDa3 CDSe CDé'ea CDé'eaZ
1 0.0206 0.057 2.458 0.027 -0.010 -0.675 5.277
2 0.0206 0.049 2.581 0.168 -0.038 -0.373 4,673
3 0.0201 0.032 3.180 -0.764 -0.053 0.218 1.957
4 0.0200 0.009 3.558 -1.086 -0.059 0.353 1.315
5 0.0200 -0.011 3.780 -1.074 -0.060 0.347 1.370
10 0.0202 -0.061 4173 -0.675 -0.061 0.320 1.702
15 0.0202 -0.074 4.237 -0.531 -0.062 0.332 1.780
20 0.0202 -0.079 4.250 -0.466 -0.063 0.343 1.818
30 0.0202 -0.083 4.256 -0.413 -0.063 0.353 1.849
40 0.0202 -0.085 4.256 -0.395 -0.064 0.357 1.859
50 0.0202 -0.085 4.254 -0.389 -0.064 0.357 1.863
80 0.0202 -0.086 4.258 -0.383 -0.064 0.357 1.868
Actual 0.0209 -0.1411 4.311 -0.273 -0.057 0.205 2.442
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Table 5.40 Drag Coefficient Parameter Estimates and Estimation Error — Continued

k CDq Cp qa CD5zef Cp Slef CD5zefa%o Cp Slefis 5(%)
1 0.534 22.497 -0.088 0.357 -0.337 0.700 74.242
2 0.564 21.120 -0.080 0.259 -0.368 0.674 62.844
3 0.122 18.320 -0.057 -0.097 -0.243 0.635 32.398
4 -0.030 16.393 -0.037 -0.353 -0.159 0.625 34.181
5 -0.097 15.841 -0.020 -0.530 -0.121 0.627 30.293
10 -0.205 17.114 0.022 -0.897 -0.114 0.620 17.260
15 -0.267 18.354 0.033 -0.969 -0.134 0.625 14.387
20 -0.309 19.142 0.038 -0.989 -0.147 0.631 13.246
30 -0.348 19.870 0.042 -1.002 -0.159 0.637 12.432
40 -0.360 20.107 0.043 -1.005 -0.163 0.639 12.191
50 -0.364 20.184 0.044 -1.005 -0.164 0.640 12.097
80 -0.366 20.217 0.044 -1.002 -0.164 0.639 11.987
Actual -0.234 19.579 0.0833 -1.067 -0.146 0.636

Figure 5.87 shows the variation of estimated parameters versus iteration number.

The parameters showing variation larger than 50% from the converged solution were

dropped from the assumed model. And the converged solution is very close to that

obtained with the actual thrust value.
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Table 5.41 and Table 5.42 give the parameter estimates and their errors for lift

coefficient. The estimation error is calculated as § = [|0x — Ogctuarll /11O actuarll-

Table 5.41 Lift Coefficient Parameter Estimates and Errors

k Cro Cq Clo Cr, Cro, Cis, Cis,e  Cis,e
1 0.0992 3.747 0.175 0.114 -1.834 0.477 -0.084 3.788
2 0.0998 3.740 0.162 0.145 -1.984 0.505 -0.706 6.144
3 0.0998 3.737 0.156 0.137 -1.982 0.508 -0.804 6.615
4 0.0999 3.736 0.152 0.135 -1.981 0.509 -0.833 6.750
5 0.0999 3.735 0.151 0.136 -1.976 0.510 -0.838 6.758
10 0.0999 3.735 0.149 0.140 -1.953 0.510 -0.844 6.722
15 0.0999 3.736 0.149 0.139 -1.942 0.510 -0.843 6.687
20 0.0999 3.736 0.149 0.139 -1.936 0.510 -0.840 6.660
30 0.0999 3.736 0.149 0.138 -1.932 0.510 -0.838 6.635
40 0.0999 3.736 0.149 0.137 -1.931 0.510 -0.837 6.627
50 0.0999 3.736 0.149 0.137 -1.931 0.510 -0.836 6.624
80 0.0999 3.737 0.149 0.137 -1.931 0.510 -0.835 6.620
Actual 0.0995 3.737 0.156 0.135 -1.907 0.489 -0.612 4.808

Table 5.42 Lift Coefficient Parameter Estimates and Errors

k CLq Cqut CL5zef CL5zef‘1 CL5zefa§ CL5lefa}o CL5lefais CL5lefqa 5(%)

1 28.742 28.348 -0.175 0.511 0.345 -0.804 3.150 -74.932  23.474
2 28.985 21.385 -0.178 0.507 0.430 -0.862 3.620 -54.764  12.770
3 29.016 21.424 -0.178 0.508 0.473 -0.860 3.625 -52.506 12.316
4 29.043 21.258 -0.178 0.508 0.494 -0.870 3.624 -51.168  11.905
5 29.064 21.087 -0.178 0.508 0.504 -0.882 3.609 -50.866  10.577
10 29.110 20.619 -0.178 0.508 0.515 -0.903 3.550 -51.594 10.412
15 29.115 20.640 -0.178 0.507 0.516 -0.902 3.5619 -52.577 9.521
20 29.114 20.736 -0.178 0.506 0.516 -0.899 3.501 -53.345 8.487
30 29.112 20.852 -0.178 0.505 0.516 -0.895 3.489 -54.101 8.134
40 29.110 20.899 -0.178 0.505 0.516 -0.894 3.486 -54.359 8.004
50 29.109 20921 -0.178 0.505 0.516 -0.893 3.485 -54.452 7.892
80 29.107 20.954 -0.178 0.505 0.516 -0.893 3.485 -54.528 7.812

Actual 29.136 22597 -0.178 0.511 0.454 -0.912 3.361 -59.489

Figure 5.88 shows the variation of estimated parameters for lift coefficient versus
iteration number. No parameter in the assumed postulate showed variation larger
than 50% from the converged solution. As expected, the converged solution is very

close to that obtained with the actual thrust value
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Figure 5.88 Converge of Parameter Estimates for Lift Coefficient

Figure 5.89, Figure 5.90, and Figure 5.91 show the comparison of estimated

parameters using iterative -eem and eem methods with the true ones (wind tunnel

database), a luxury that is usually out of reach in real life. The iterative eem yields

inferior results (far from the actual value), but the results become much closer with

increasing iteration numbers. The difference in Figure 5.90.b can be explained such

that the leading-edge flap is scheduled with the angle of attack, where a high angle

of attack corresponds to a high leading-edge flap. So, when the leading edge flap is
zero, the corresponding angle of attack is between -5 and 5 degrees. But when the

leading-edge flap increases, it corresponds to a high angle of attack values (more

than 10 degrees).
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Figure 5.89 Estimation Quality of Drag Coefficient Where Wind Tunnel Data is
Compared with Iterative EEM Method (First Iteration)
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Figure 5.92, Figure 5.93, and Figure 5.94 show the comparison of estimated
parameters of lift coefficient using iterative -eem and eem methods with the true ones
(wind tunnel database). The lift coefficient is generally easier to estimate because it
shows a more linear trend than the drag coefficient. Moreover, the lift coefficient is
less correlated with engine thrust; that is why we expect a good agreement between
estimates and actual values.
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Figure 5.92 Estimation Quality of Lift Coefficient Where Wind Tunnel Data is
Compared with Iterative EEM Method (First Iteration)
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Iterative data processing is the sequential processing of an entire group of data, and
the database remains the same, and only some estimated variable is modified at each
iterative step. Simulation results indicate that the proposed algorithms are practical,
and the iterative EEM algorithm can produce satisfactory estimation accuracy. The
parameter separation technique introduced in this study can be applied to identify
large-scale systems by reducing the number of parameters to be identified, thereby

greatly simplifying the identification procedure.
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CHAPTER 6

CONCLUSION

6.1 Iterative Equation Error Estimation Approach

So far, thrust forces and moments are obtained from ground tests and directly feeded
back to aircraft models to calculate the aerodynamic forces and moments in the
equation error method and calculate the states and outputs in the output error method.
A simplified turbofan engine model was developed for this case. Firstly, initial
estimate values for some parameters related to the engine are given first, and
aerodynamic coefficients are estimated. And then, the estimated aerodynamic
coefficients are kept fixed, and these time engine parameters are tuned. This
procedure is done while the engine parameters and aerodynamic force, and moment

coefficients converge to some fixed values.

The while loop is stopped when the difference between old aerodynamic force and
moment coefficients and engine-related parameters and new aerodynamic force and
moment coefficients and engine-related parameters goes to below some predefined

value.

6.2  Feature Selection Using Correlation-Based Binary Particle Swarm

Optimization Approach

The correlation-based particle swarm optimization is used as a feature selection
method. The algorithm starts by generating a set of candidate model terms, based on
a set of base regressor and a maximum term order. And then, pairwise correlation
among the model terms is compared and some terms are removed. And finally,
binary Particle Swarm Optimization is utilized to generate the best subset of the

remaining terms.
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The BPSO is an efficient algorithm to solve feature selection problems. However,
specific components, referred to as hyperparameters, are not autonomously updated
in the feature selection process. The hyperparameters of the binary PSO approach
are the transfer function scheme, inertia weight updating strategy, and the value of
acceleration coefficients. The setting for these hyperparameters have a significant
impact on the performance of BPSO, and there are no universal default values that
perform well for different problems and data sets. The fundamental issue in
designing a BPSO is determining the best configuration of the hyperparameters. To
determine the best configuration hyperparameters, 160 configurations are tested over
30 times and their mean fitness are compared. It is observed that choice of
acceleration scheme does not affect the result, and different choices are seen to give
essentially the same performance. The normalized fitness sum of Acceleration
Scheme 1 is slightly better than the second one so it can be used for further studies.
The most dominant hyperparameter affecting the binary PSO performance is the
choice of transfer function. S1 transfer function is superior to other. Among inertia
weight schemes, the most influential ones are 4™, 7" and 9" inertia weight strategies
which are Constant Inertia Weight, Linear Increasing Inertia Weight, and Random
Inertia Weight. After the analysis, 160 total configuration reduced to 3 total

configuration.
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