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Novel techniques are used to identify a nonlinear, quasi-steady, coupled, spin aerodynamic model for a fixed-wing

aircraft from flight-test data. Orthogonal phase-optimized multisine inputs are used as excitation signals while

collecting spinning flight data. A novel vector decomposition of explanatory variables leads to an elegant model

structure for spin flight data analysis. Results show good agreement between model predictions and validation flight

data. This effort is motivated by interest in developing a flight termination system for a fixed-wing unmanned aircraft

that controls a descending spiral trajectory flight path toward a designated impact area. While investigating the

feasibility of a robust controlmethod to guide the spinning trajectory, it was helpful to compare a level flight dynamic

model with one of the aircraft dynamics and control authority in the neighborhood of a stable, oscillatory spin. In this

paper, a nominal flight aerodynamic model is developed and compared to the stall spin model and the spin model

outperforms the nominal model for spinning flight.

Nomenclature

ax, ay, az = body-axis translational accelerations, ft∕s2 or g
b = wingspan, ft
Cl, Cm, Cn = body-axis aerodynamic moment coefficients
Cx, Cy, Cz = body-axis aerodynamic force coefficients

�c = mean aerodynamic chord, ft
g = gravitational acceleration, ft∕s2
Ixx, Iyy, Izz = moments of inertia, slug ⋅ ft2
Ixy, Ixz, Iyz = products of inertia, slug ⋅ ft2
L, M, N = body-axis aerodynamic moments, ft-lbf
m = aircraft mass, slug
p; q; r = body-axis angular velocity components, rad/s or

deg/s
�q = dynamic pressure, lbf∕ft2
S = wing area, ft2

T = thrust, lbf
u; v;w = body-axis translational velocity components, ft/s
Vt = true airspeed, ft/s
X; Y; Z = body-axis aerodynamic forces, lbf
α = angle of attack, rad or deg
β = angle of sideslip, rad or deg
δa, δe, δr = control surface deflections, rad or deg

θ̂ = parameter estimate

ρ = air density, slug∕ft3
σ = parameter estimate uncertainty bound
ϕ, θ, ψ = Euler angles, rad or deg

I. Introduction

I DENTIFICATION of an aerodynamic model for stall and spin
conditions is typically accomplished from data collected in awind

tunnel or using computational fluid dynamics (CFD). This study
presents the methodology and results of identifying a nonlinear,
quasi-steady, coupled aerodynamic model for a fixed-wing unmanned
aircraft in a spinningdescent from flight-test data [1]. The need for such
a spin model arises in scenarios where one wishes to influence the
helical trajectory through control, such as in Ref. [2]. For this paper, a
flight-test experiment was designed and conducted using automated
orthogonal phase-optimizedmultisine inputs [3,4] for excitation while
in a stable spin. Additionally, nominal gliding flight data were col-
lected with multisine excitations to develop a gliding flight aerody-
namic model. Time-domain equation-error methods were used to
develop themodel structures and to estimate parameter values for both
gliding and spinning flight. The developed aerodynamic models were
then validated using flight-test data not used in the modeling process.
The predictive performances for both the gliding flight model and
spinning flight model were compared for spinning descent flight data.
Many modern unmanned aerial vehicles (UAVs), including the

RQ-4 Global Hawk, are equipped with a flight termination sequence
used in the event of an in-flight emergency, such as loss of propulsion
or communication [5]. One common flight termination approach is to
put the aircraft in an intentional spin, thereby giving a steady descent
with a small impact radius and a relatively low impact speed as
compared to a gliding or spiral descent. The main advantage of a
spin descent is dissipation of energy in a stable, predictable, and
controlled manner [6]. One major reason a vertical stall spin is an
effective fail-safe is that it is typically a stable steady-state-periodic
trajectory for fixed aileron, elevator, and rudder deflections. Some
control authority is maintained in this state of motion because this
authority is required to establish the motion, and thus it may be
desirable to direct the spinning descent along a prescribed path to
impact within a “safe” crash zone [7,8]. An aerodynamic model that
describes aircraftmotion in the neighborhood of a steady spin enables
development and computational testing of a robust model-based
control law that directs the spinning descent of an aircraft along a
desired azimuth and inclination angle [2].
The primary contribution of this work is a methodology for devel-

oping a nonlinear, quasi-steady, coupled aerodynamic model for a
fixed-wing unmanned aircraft in a spinning descent. This system
identificationmethodology includes, to the best of the authors’ knowl-
edge, the first use of multisine inputs as excitation signals while
collecting spinning flight data and a novel decomposition of explana-
tory variables that leads to an elegant model structure to adequately
describe spin dynamics using flight data. This paper uses techniques,
theory, and processes developed in Refs. [2,9–12]. Reference [2]
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leveraged the identified spinmodel to develop parallel linear quadratic
and robust H∞ controllers that can adjust the direction of a spinning
descent to improve predictability and safety during an intentional flight
termination.
Prior research efforts on aircraft spin modeling were studied to

gain insight into the current state of the associated theory, excitation
techniques for model identification, analysis methods, and best prac-
tices. Fixed-wing aircraft spin behavior was studied intensively by
the National Aeronautics and Space Administration (NASA) in the
1980s, with the primary aim of spin prevention and spin recovery in
piloted aircraft. These studies were focused on spin characteristics
and primarily based on rotary balance wind-tunnel data [13,14].
Subsequent NASA research blended vertical spin wind-tunnel data
with forced oscillation wind-tunnel data to model aircraft spin
dynamics [15]. Reference [16] studied the uncertainty of spin
aerodynamic model parameter estimates using the blending tech-
niques used in Ref. [15] for a large database of wind-tunnel experi-
ments. Reference [17] demonstrated the importance of modeling
unsteady effects for stall–spin departure dynamics. Referen-
ces [18,19] described the NASA 20-Foot Vertical Spin Tunnel and
test methods for spin susceptibility, spin recovery, and stable spin
characterization. Similar to the present paper, Refs. [20,21] each
developed a nonlinear aerodynamic model for spinning flight using
flight-test data alone. Reference [20] used local models partitioned
based on the angle of attack and highlighted the importance of
kinematic consistency of measured states for spin flight data. Refer-
ence [21] combined two novel modeling methods: the ensemble
empirical mode decomposition technique, and the extended multi-
point modeling approach. In contrast with the present paper,
Refs. [20,21] did not excite the aircraft dynamics with control surface
perturbations once in a stall spin. Reference [21] also incorporated
numerous nonlinear model terms relative to the quantity of modeling
flight data, and it did not present pairwise correlation of regressors.
This paper addresses a particular need for technical guidance

concerning flight testing and data analysis for the identification of
a flight dynamics model that adequately describes the response of a
fixed-wing aircraft to control and other perturbations from a stable,
oscillatory spinning motion. The remainder of the paper is organized
as follows. Section II describes stable, steady spinning flight and the
modeling process. Section III describes the aircraft flown in this effort
and design of the flight-test experiment. Section IV presents results
from flight tests and system identification. Section V discusses
conclusions, as well as plans for ongoing work.

II. Background

A. Aerodynamics of a Spin

The spin condition for a fixed-wing aircraft in classical aviation
is a rotating stall, which is “driven by adverse yaw and post-stall

lift differences” [22]. Aircraft with ailerons, as opposed to spoil-
ers, experience adverse yaw from differential drag due to lift,
which creates a yawing moment away from the direction of a roll
input. If large aileron inputs are applied near the stall angle of
attack without a sufficient rudder deflection to counteract the
adverse yaw, an aircraft can enter a spin. This spin may progress
to a stable spin without proper inputs to reduce the angle of attack
below stall [22]. A spin may also be intentionally entered by
approaching the stall angle of attack and then, at the onset of
stall, applying a sustained large rudder input in the desired spin
direction. Subsequent aileron inputs might reinforce the spin or
counteract the steady spin. Of note, aircraft dynamics near stall,
specifically considering applied yawing moments while simulta-
neously rolling, are complicated by the respective shift in the
angle of attack on each wing (positive on the downward wing,
and vice versa). These complex dynamics and possible schema for
roll control were discussed in Ref. [23].
A classic spin is described by four phases: spin entry, incipient

spin, steady (or developed) spin, and spin recovery [24]. The pilot
techniques necessary for spin entry and spin recovery were
required for this flight-test effort to enable modeling and predict-
ing the aircraft dynamic response in the steady spin phase. A
classic stable spin is characterized by steady motion with a con-
stant angle of attack α, angle of sideslip β, spin rate Ω, and descent
rate while the aircraft follows a vertical helical path. An oscilla-
tory spin has a similar vertical helical path; however, α and β
oscillate about their respective average values. The aircraft stud-
ied in this effort exhibits a stable oscillatory spin, as will be shown
later in Sec. IV.

B. Dynamic Modeling of a Spin

The aerodynamic response of a fixed-wing aircraft to small
perturbations from steady, level flight at a low angle of attack is
well characterized by a linear aerodynamic force and moment
model, f�α; β; p; q; r; δe; δa; δr�, where the equations of motion
decouple into longitudinal and lateral-directional components.
Aggressive out-of-plane flight maneuvers such as a stall spin are
best described by a nonlinear flight dynamic model where the
equations of motion are fully coupled due to nonlinear aerodynam-
ics and rotating reference frame effects. A nonlinear flight dynamic
model is also neededwhen describing dynamic perturbations from a
given steady motion outside of the prestall envelope, such as a
stable spin.
For this effort, with inspiration fromRefs. [13–15], the flight data

recorded onboard the aircraft are transformed into states better
suited to characterizing spinning motion. The body-axis angular
velocity is decomposed, as depicted in Fig. 1, into components
along ( ) and orthogonal to ( ) the instantaneous relative
wind vector:

Fig. 1 Spin dynamic motion notation and decomposition of body-axis rotation rates in a perturbed spin.
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In this notation, is the projection of onto the instantaneous
relative wind vector. Because the body-axis angular velocity vector
and relative wind vector share an origin at the center of gravity,

has only a single component in the wind frame, which is the
angular rate about the relative wind vector, denoted Ω. The
orthogonal complement comprises three rates, which are
denoted as the body-axis oscillatory components because they
describe residual body-axis oscillations that are not directly about
the instantaneous relative wind vector. For a steady-state spin, Ω in
Eq. (1) is the classical spin rate and . This notation is
relatively consistent with that used for blending vertical spin tunnel
rates and forced oscillation rates from wind-tunnel data [15,25].
The rate components are calculated from

Ω � p cos α cos β� q sin β� r sin α cos β (2)

posc � p −Ω cos α cos β (3)

qosc � q −Ω sin β (4)

rosc � r −Ω sin α cos β (5)

The measured body-axis angular rates projected onto the relative
wind vector and the residual oscillatory components are used during
the model structure determination phase of system identification.
This transformation, based on aerodynamic spin theory, results in
significantly improved modeling results.

C. Aircraft System Identification

System identification is the process of developing a mathematical
model of a physical system based on observed data from the system
[26]. The objective of system identification is to create a useful

system model based on measured or calculated inputs and outputs.
The system identification process is composed of multiple steps that
typically result in a set of differential or algebraic equations describ-
ing system behavior. Aircraft system identification seeks to develop
an aerodynamic model that adequately describes the aircraft motion
or response (outputs) to controls or perturbations (inputs). System
identification is performed using imperfect knowledge of the inputs
and outputs due to sensor noise, process noise, sensor scale factors,
and bias that must be accounted for during experiment design and
analysis. The aircraft system identification methodology, inspired by
Ref. [3] and adapted for this small fixed-wing UAV spin research, is
shown in Fig. 2.
For this work, data compatibility (or kinematic consistency)

analysis was accomplished using both integration and smoothed
differentiation of kinematic state estimates and measurements.
Next, the model structure was determined from experimental data
using multivariate orthogonal function (MOF) modeling [3,27].
Values for the unknown model parameters were determined using
the equation-error method [3]. Finally, the model was validated
using flight data that were not used in the modeling process. In
general, the “independent data” indicated in Fig. 2 might include
CFD or wind-tunnel data. For this effort, the independent data were
collected in flight using a multisine excitation that was developed
with a different power spectral density and a different time trace for
each control surface excitation signal than the multisine excitation
used for collecting data used for model development.

System identification from flight data requires low pairwise cor-

relation between individual explanatory variables in order to identify

the contribution of each variable to the aircraft dynamic response.

One excitation technique used for aircraft system identification is the

orthogonal phase-optimized multisine input [3,4]. This technique

offers the primary advantage of providing rich excitation while

minimizing test time. The technique ensures low correlation between

the control inputs, which improves the modeling results. The design

of multisine inputs does not require a priori information of the

aircraft dynamics, but it does require precisely scripted, automated

control inputs [28]. For this effort, orthogonal multisine inputs were

developed and applied to the elevator, aileron, and rudder control

surfaces to excite aircraft motion about all three axes concurrently.

Design of the multisine inputs for this paper will be discussed further

in Sec. III.B. The efficient excitation offered by multisine inputs is

well suited to the short-duration stall spin maneuvers performed in

this research.Additionally,well designed and implementedmultisine

signals are optimized to keep the aircraft near the starting flight

condition, which for this study allowed the aircraft to remain in,

and not break out of, the steady spin condition. Finally, with the

excitation inputs automated, the pilot could focus on maintaining

spin inputs and simply activate the automated excitations. Excitation

of dynamics in spinning flight with remote uncorrelated pilot

inputs, as described in Ref. [10], was considered for this effort;

however, the modeling results were improved by using automated

multisine excitations.

D. Aerodynamic Model Structure

Amodel framework is initially postulated from physical principles

to aid in designing the experiment, and then the final aerodynamic

model structure is determined based on aerodynamic phenomena

reflected in experimental data. As seen in Fig. 2, the model structure

development may be an iterative process, which further guides the

experiment design. Themodel framework takes the form of the rigid-

body equations of motion (EOMs). The aircraft was modeled as a

rigid body of mass m with known principal moments of inertia Ixx,
Iyy, and Izz, as well as product of inertia Ixz. The remaining products

of inertia, Ixy and Iyz, were assumed to be zero based on lateral

symmetry.
The six-degree-of-freedom body-axis EOMs are as follows:
Rotational kinematic equations:

p � − _ψ sin θ� _ϕ (6)

q � _ψ sinϕ cos θ� _θ cosϕ (7)

r � _ψ cosϕ cos θ − _θ sinϕ (8)

and

Fig. 2 Aircraft system identification process for spin aerodynamic
modeling (adapted from Ref. [3]).
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Translational dynamics (force) equations:

X � m� _u − rv� qw� g sin θ� (9)

Y � m� _v� ru − pw − g sinϕ cos θ� (10)

Z � m� _w − qu� pv − g cosϕ cos θ� (11)

Rotational dynamics (moment) equations:

L � _pIxx � qr�Izz − Iyy� − �_r� pq�Ixz (12)

M � _qIyy − pr�Izz − Ixx� � �p2 − r2�Ixz (13)

N � _rIzz � pq�Iyy − Ixx� � �qr − _p�Ixz (14)

The aerodynamic forces (X; Y, and Z) and moments (L;M, and
N ) are expressed in the nondimensional forms:

Cx �
X

�qS
; Cy �

Y

�qS
; Cz �

Z

�qS
(15)

Cl �
L
�qSb

; Cm � M
�qS �c

; Cn � N
�qSb

(16)

to remove dependence on the dynamic pressure ( �q � ρV2
t ∕2) and

aircraft size.
Aircraft system identification is accomplished by obtaining

expressions for the aerodynamic force and moment coefficients
[3,29]. Aerodynamic force coefficients are estimated using the mass
m, dynamic pressure �q, body-frame measurements of translational
acceleration (ax; ay, and az), and thrust T, which is assumed to act

along the body x axis:

Cx �
max − T

�qS
(17)

Cy �
may
�qS

(18)

Cz �
maz
�qS

(19)

This research involved maneuvers with idle propulsion; thus, the
separate thrust model is omitted, and windmilling propeller effects
are included in the aerodynamic model. The aerodynamic moment
coefficients are calculated by combining the nondimensional
moment equations shown in Eq. (16) and the rotational dynamics
equations [Eqs. (12–14)], leading to

Cl �
1

�qbS
Ixx _p − Ixz�_r� pq� � qr�Izz − Iyy� (20)

Cm � 1

�q �c S
Iyy _q� rp�Ixx − Izz� � Ixz�p2 − r2� (21)

Cn � 1

�qbS
Izz _r − Ixz� _p − qr� � pq�Iyy − Ixx� (22)

Direct measurements of angular acceleration are unavailable, and so
these terms are obtained as smoothed numerical derivatives of the
angular rate measurements [3].

III. Flight-Test Experiment

A. Research Aircraft and Instrumentation

The radio-controlled (RC) fixed-wing aircraft selected for testing
was the E-flite Carbon-Z Cessna 150 (CZ150), shown in Fig. 3. The

aircraft is electrically powered by a six-cell 22.2 V, 5000 mAh
lithium-polymer battery, with a tractor propeller configuration using
a single 16-in. diameter, 8-in. pitch (16 × 8) Aeronaut CAM Carbon
folding propeller. The CZ150 aircraft was instrumented with a Pix-
hawk CubePilot Cube Orange flight controller for data collection
running PX4 firmware.¶,** Additionally, an onboard companion
computer was used for automated input generation. The companion
computer was a Raspberry Pi 4 running Ubuntu Linux distribution
communicating with the Pixhawk usingMavlink protocols and using
the Robot Operating System libraries. The Pixhawk sensor suite
includes an attitude and heading reference system and a real-time
kinematic Global Positioning System receiver. Details concerning
postflight data processing and companion computer implementation
are presented in Refs. [11,12].
TheCZ150was chosen primarily for its ability to enter andmaintain

a spin, as well as its benign spin recovery characteristics. Additional
advantages were its simple construction, satisfactory handling qual-
ities, and sufficient payload capacity to incorporate the desired instru-
mentation package and onboard companion computer. The CZ150
mass and geometric properties, tabulated in Table 1, were determined
with methods described in Ref. [30]. The principal moments of inertia
were measured experimentally using the compound pendulum tech-
nique [31], and the product of inertia Ixz was determined using a test
described in Ref. [3]. The remaining products of inertia, Ixy and Iyz,
were assumed to be zero based on lateral symmetry.
The Pixhawk PX4 firmware includes an extended Kalman filter

(EKF) state estimator that provides orientation angles and Earth-
fixed velocity (see footnote **). The aircraft instrumentation system
lacked air data angle sensors; therefore,α and βwere derived from the
EKF states. The kinematic consistency analysis to be presented in
Sec. IV shows the derived values of α and β are suitable for use in a
stall spin. The pulse-width modulation signal sent from the Pixhawk
to each control surface servo was used to determine the control
surface deflection angle based on a servo-actuator model. Further
discussion of the servo-actuator modeling techniques is presented
in Ref. [12].

Fig. 3 CZ150 fixed-wing research aircraft.

Table 1 The CZ150 mass and geometric properties

Property Symbol Value Units

Mass m 0.336 slug

Mean aerodynamic chord �c 1.049 ft

Wingspan b 6.97 ft

Wing area S 7.31 ft2

Aspect ratio AR 6.65 ——

Roll moment of inertia Ixx 0.457 slug ⋅ ft2

Pitch moment of inertia Iyy 0.357 slug ⋅ ft2

Yaw moment of inertia Izz 0.622 slug ⋅ ft2

Product of inertia Ixz 0.052 slug ⋅ ft2

¶“Cube Orange Flight Controller,” https://docs.px4.io/master/en/flight_
controller/cubepilot_cube_orange.html [retrieved May 2021].

**“Using the Estimation and Control Library Extended Kalman Filter,”
https://docs.px4.io/master/en/advanced_config/tuning_the_ecl_ekf.html
[retrieved February 2021].
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B. Multisine Excitation Design

As discussed in Sec. II.C, orthogonal phase-optimized multisine
inputs were designed to develop a comprehensive aircraft dynamic
model around a nominal flight condition that described nonlinear
aerodynamic phenomena and control surface interaction effects.
Amultisine input is defined as a sum of multiple sinusoidal functions
with different amplitudes, frequencies, and phase angles, where the
frequencies are chosen to excite the system dynamics of interest. To
make all inputs orthogonal in both the time domain and frequency
domain, the multisine signal for the jth control effector is assigned
sinusoids with a unique subset Kj of discrete harmonic frequency

indices selected from the complete set of K available frequency
indices. The available frequencies are fk � k∕T; k � 1; 2; : : : ; K,
where T is the maneuver duration. For m total control effectors, the
jth input signal uj is defined as

uj �
k∈Kj

Aj Pk sin
2πkt

T
� ϕk j � 1; 2; : : : ; m (23)

where Aj is the signal amplitude; Pk is the kth power fraction, with

k∈Kj
Pk � 1; ϕk is the kth phase angle defined on the interval

�−π;�π�; and t is the time vector containing N discrete points.
The phase angles are optimized to obtain a minimum relative peak
factor, thereby helping to keep the system close to its nominal flight
trajectory while also retaining the same high-input energy as a signal
without optimized phase angles. After phase angle optimization,
phase shifts are added so that the periodic multisine signal starts
and ends at a value of zero [32].
Three-axis multisine inputs were designed for a range of 0.1 to

2.0 Hz using the System IDentification Program for Aircraft (SID-
PAC) [3], which covered the frequency range of the dynamic modes
of interest for gliding flight and appropriately excited the dynamics in
the region of interest for spinning flight. The multisine inputs were
designed for the three aerodynamic control inputs (elevator, aileron,
and rudder) with a uniform power spectrum and 39 total discrete
frequencies and phase angles. The designed time histories and power
spectra are shown in Fig. 4, and the designed harmonics are listed in
Table 2. The amplitude of each multisine input was normalized to
unity and then adjusted in real time by the pilot with a knob from 0 to
100%of the available control surface deflection angle. Further details
on implementation of multisine inputs during this flight-test experi-
ment are discussed in the following sections.

C. Flight-Test Experiment Design

Flight-test data collectionwas accomplished over a series of flights
at the Kentland Experimental Aerial Systems Laboratory located at

Virginia Tech’s Kentland Farm agricultural research facility††. The

nominal glide model was developed from a collection of eight

nominal gliding maneuvers with multisine excitations active on each

control surface. Each maneuver included 1 s of trimmed flight

followed by 30 s of excitation. The spin model was developed from

a collection of 18 spinmaneuverswithmultisine excitations active on

each control surface. For each spin maneuver, the pilot progressed

through a series of scripted test inputs:
1) Initiate benign, wings-level, power-off stall (δe: 70% trailing-

edge up gradually, δa and δr: as required to level wings).
2)At stall break, initiate spin inputs (δr: 70% left, δe:maintain 70%

trailing-edge up, δa: 50% left).
3) After two spin rotations, initiate multisine excitations.
4) At predetermined safe recovery altitude, terminate themultisine

excitations and recover to resume normal flight.

Precise and repeatable control surface deflections were obtained

during test maneuvers bymodifying the RC transmitter control logic.

Before initiating spin maneuvers in flight, the pilot adjusted a switch

that reduced themaximum transmitted control signal for each control

surface to those values shown in step 2 of the aforementioned scripted

test inputs (δe: 70%, δa: 50%, and δr: 70% of maximum values). This

allowed the pilot to maintain a precise spin by holding the maximum

control inputs (against the stops) on the RC transmitter. Actual

control deflections onboard the aircraft, which were pilot inputs

summed with automated excitations, did not saturate the control

surface actuators. Each spin maneuver used for system identification

Table 2 Model development orthogonal phase-
optimized multisine harmonics (T � 20 s)

fδe , Hz ϕδe , rad fδa , Hz ϕδa , rad fδr , Hz ϕδr , rad

0.15 +1.35 0.10 −0.47 0.20 −3.09
0.30 +1.20 0.25 +1.29 0.35 −1.55
0.45 −0.59 0.40 −2.30 0.50 +3.10
0.60 −2.02 0.55 −2.25 0.65 −1.72
0.75 +0.27 0.70 −0.49 0.80 +0.43
0.90 +1.96 0.85 +3.02 0.95 +1.38
1.05 −1.93 1.00 +0.83 1.10 −2.25
1.20 −0.75 1.15 +2.95 1.25 −2.77
1.35 −2.06 1.30 +2.31 1.40 +1.94
1.50 +0.33 1.45 +1.63 1.55 +1.53
1.65 +0.14 1.60 −1.74 1.70 −2.61
1.80 +1.21 1.75 −2.81 1.85 +1.47
1.95 −0.57 1.90 +3.13 2.00 −0.75

Fig. 4 Designed multisine control inputs.

††“Kentland Experimental Aerial Systems (KEAS) Laboratory,” https://
www.aoe.vt.edu/research/facilities/keas.html [retrieved April 2021].
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included only the data involving multisine excitations, after develop-
ment of a steady spin. The useful data record was typically 7 to 12 s in
length, depending on the initial and final altitudes. The short maneu-
ver length and irregularities in the data due to the nonlinear flight
regime made more maneuvers desirable for spin modeling than for
gliding flight modeling.

D. Oscillatory Spin

During each flight executed to collect spin modeling data, a
nominal spin without excitation inputs was accomplished as the first
maneuver. Thiswas primarily for safety consideration to demonstrate
repeatability of the steady spinning motion and the four spin phases,
including benign spin recovery characteristics. This unexcited spin
maneuver also permitted collection of flight data to confirm the
nominal spin conditions were comparable to spin maneuvers with
multisine excitations. The flight path from a nominal spin flight
maneuver is shown in Fig. 5a, illustrating the entry and initial devel-
opment of the incipient spin, the fully developed steady spinning
motion, and a successful recovery. The aircraft orientation is shown at
a 1 s intervalswith the flight path displayed based on the onboard data
recorded at 50 Hz. Of note, the idle-power wings-level stall angle of
attack for the CZ150 test aircraft was around 14 deg, as determined
from the repeatable spin entry flight data. An α-β trace from the
maneuver is shown in Fig. 5bwith the oscillatory spin clearly evident,
as discussed in Sec. II.A. Nominal spin data were collected with a
70% left rudder deflection, 70% trailing-edge up elevator, and 50%
aileron deflection for left roll input. These inputs were selected to
ensure the controls were not saturatedwith themultisine inputs active
and that the aircraft remained in a stall spin during multisine excita-
tions. Additionally, the selected nominal control inputs permit actua-
tor deflections from Ref. [2] to control the descent path while
maintaining a spin. The aerodynamic spin model developed is valid
around a perturbation range from this nominal spin. Steady nominal
(median) spin state and control input values determined from flight
data, along with the fifth to 95th percentile limits for the collected
modeling data, are shown in Table 3. Centered explanatory variables,
using the nominal (median) values, were used for spin model struc-
ture determination, parameter estimation, and model validation.

IV. Results

The aircraft system identification methodology presented in
Sec. II.C was followed to produce a nonlinear, coupled aerodynamic
model for both nominal glide and spinning flight. The models were
developed using only flight-test data without excessive disturbances,
data dropouts, or poor kinematic consistency. Modeling was per-
formed using flight data with multisine excitations in a nominal glide
and a stable spin, as well as using the techniques and processing tools
discussed in Sec. II. Validation was accomplished using data from

independently designed multisine input maneuvers. Data analysis
was conducted in MATLAB® [33] with the use of analytic tools
developed by the authors and those provided in SIDPAC [3]. To
remain nondimensional, all angle calculations were accomplished in
radians, and the angle-based derivative values shown in this section
are expressed per radian.

A. Data Compatibility Analysis and Corrections

Figure 6 shows a data compatibility analysis plot for a spin
maneuver with multisine excitations. The figure shows the corrected
data used for system identification analysis, raw data obtained from
the instrumentation system, and flight-path reconstruction (FPR)
signals calculated from other measurements to confirm validity of
the kinematic consistency corrections [3]. The reconstructed mea-
surements and data processing, including smoothing and correction
for sensor bias and time skews, were accomplished as discussed in
detail in Ref. [12]. The state variable time lags were estimated
visually via reconstruction, and the control lags were adjusted in
the servo-actuator modeling process. After correction, the corrected
and reconstructed signals showed excellent agreement, indicating
that the data have been well conditioned to proceed with system
identification. Notably, the derived α and β data obtained from the
oscillatory spin agreed very well with the reconstructed signals.

Table 3 Spin data ranges of validity and nominal
(median) values

Factor Units Fifth percentile Median 95th percentile

Vt ft/s 56.9 62.1 70.5

ϕ deg −50.5 −25.9 −12.6
θ deg −83.0 −73.8 −64.5
α deg 3.0 13.8 24.9

β deg −4.8 6.8 18.0

_α deg/s −84.4 1.4 77.9

_β deg/s −79.6 −0.2 77.0

p deg/s −479.4 −411.0 −304.7
q deg/s −21.2 22.5 64.4

r deg/s −140.1 −111.8 −61.1
Ω deg/s −490.6 −416.3 −296.9
posc deg/s −52.0 −14.7 7.0

qosc deg/s −17.5 71.4 143.5

rosc deg/s −88.2 −11.9 52.3

δe deg −23.9 −16.9 −11.0
δa deg 9.4 15.3 21.3

δr deg 14.6 25.1 28.2

Fig. 5 Experimental flight data from a nominal spin maneuver.
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B. Model Structure

For this research, MOF modeling [3,27] was employed for initial

model structure determination using the same steps described in

Ref. [10], and then analyst insight was used to refine the model

structure as described in this section. The cutoff for modeling terms

was determined automatically using both the predicted squared error

and coefficient of determination R2 values, following the guidelines

presented in Ref. [34].
The explanatory variables used to represent the aerodynamic

force and moment coefficients for the nominal glide in this

research were α, β, the nondimensional body-axis angular rate

components

p̂ � pb

2Vt

; q̂ � q �c

2Vt

; r̂ � rb

2Vt

and the control surface angular deflections δe, δa, and δr. These
explanatory variables facilitated convenient control law tuning,

and the nominal glide model developed with these variables

produced a good match with validation data.
Initially, the same explanatory variables used to develop the nomi-

nal glide model were considered for spin modeling; however, this

provided an inadequate model structure to describe the spin dynam-

ics. As described in Sec. II, the body-axis recorded rates were trans-

formed to thewind-axis angular rateΩ and the complementary body-

axis oscillatory components (posc, qosc, and rosc) using Eqs. (2–5).

Furthermore, based on demonstrated spin model improvement by

including unsteady effects in Ref. [17], terms _α and _β were consid-

ered, which significantly improved the predictive performance of the

model. Thus, the explanatory variables used to represent the aerody-

namic force and moment coefficients for spinning motion were α, β,
their nondimensional rates

_̂α � _α �c

2Vt

; _̂β �
_βb

2Vt

the nondimensional spin angular rates

Ω̂ � Ωb
2Vt

; p̂osc �
poscb

2Vt

; q̂osc �
qosc �c

2Vt

; r̂osc �
roscb

2Vt

and the control surface angular deflections δe, δa, and δr.
Figure 7 is a plot matrix showing correlation between the explana-

tory variables, following the example of Ref. [35], for a single spin

maneuver with multisine excitations. The explanatory variables are

labeled along the diagonal, pairwise correlations are shown in the

lower triangle, and corresponding pairwise cross plots are shown

diagonally opposite in the upper triangle. Low correlation between

most explanatory variables is observed; however, the pairs _α∕qosc,
_β∕rosc, _α∕β, α∕_β, and α∕rosc are highly correlated. The MOFmodel-

ing process prioritizes including regressors that cause the largest

decrease in the mean square fit error (MSFE) [3]. MOF modeling

results indicated that somehighly correlated regressor pairs should be

included in the model structure because their independent contribu-

tions to modeling the response variable (i.e., associated MSFE

decrease) warrant that both terms be included. Furthermore, flight

data analysis showed model predictive performance notably

improved when both terms were included.
MOF modeling was used with analyst insight to study various

model structures. Candidate regressors were composed of the

explanatory variables in all polynomial combinations up to the third

order. Transcendental functions and spline models of α and β were

considered, but they did not improve the results, likely because the

aircraft remained within the poststall aerodynamic regime through-

out the spin. Linear terms and lower-order terms were prioritized in

accordance with model hierarchy. Finally, following parameter esti-

mation with the equation-error method, terms were removed that had

an aggregate median and mean near zero, with nearly equal runs

having positive and negative parameter estimates.
For the nominal glide, the identified model structure for the force

and moment coefficients is given in Eqs. (24–29). The model struc-

ture is valid in the normal operating range, including the onset of stall,

but it does not capture poststall effects or spin dynamics. For ease of

comparison, regressors common to both the nominal glide and spin

models are colored red:

For the steady spins, the identifiedmodel structure for each force and

moment coefficient is given in Eqs. (30–35):

Fig. 6 Data compatibility for a spinmaneuverwithmultisine excitations.
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The model captures longitudinal and lateral-directional cou-
pling, poststall effects, and spin dynamics. The model structure

is valid around a perturbation range centered at the nominal
spin for 70% left rudder deflection, 70% trailing-edge up eleva-
tor, and 50% aileron deflection for left roll input, as described
in Table 3.

C. Parameter Estimates

Parameter estimates for each independent flight maneuver were
determined using ordinary least-squares regression in an equation-
error formulation in the time domain. Each parameter estimate for an
individual maneuver was weighted based on its uncertainty, which
was calculated from

wi �
1

s2i
(36)

where si is the standard error of each parameter estimate for an
individual maneuver accounting for colored residuals [36]. The final
parameter estimates were obtained from a weighted mean of the
individual parameter estimates:

θ̂ �
n
i�1 wiθ̂i
n
i�1 wi

(37)

and the final uncertainty for each parameter estimate is obtained from
a propagation-of-errors formula:

σ �
n

i�1

wi

−1∕2

(38)

where n is the number of maneuvers, θ̂i is the parameter estimate
from each individual maneuver, andwi is theweighting calculated in
Eq. (36) [37,38]. An estimate of the 95% confidence interval on the
weighted mean is given by �2σ. Parameter estimates with uncer-
tainty values for the nominal glide and spin models are shown in
Tables 4 and 5, respectively. Of note, although noisy regressor data
are known to produce biased parameter estimates [3,39], this was
mitigated by smoothing the regressor data in the time domain during

Fig. 7 Explanatory variable cross-correlation coefficients and cross plots for spin maneuver.
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the data processing step and before determining the model structure
or estimating parameters.

D. Validation

Model validation aims to demonstrate that an adequate model was
developed by testing the predictive capability using data not used for
model identification [3,26,29]. Validation seeks to determine if 1) the
model agrees sufficiently well with observed data and 2) the model is
adequate for the intended purpose [26]. For this effort, validation
focused on the first issue by comparing themodel predictions to flight
data from maneuvers excited with an independent validation multi-
sine. The second issue is of primary importance for the model use, as
outlined in Ref. [2] for this case, and is adequately addressed when
the problem that motivated the modeling effort is successfully
resolved. To answer the question of whether the model is good
enough, two primary metrics were used. For quantitative analysis,
similar to Refs. [9,10,40], the Theil inequality coefficient (TIC) and
normalized root-mean-square error (NRMSE) were determined for

each model relative to a validation maneuver. The TIC is calculated

from

TIC �
1
N �z − y�T�z − y�
1
N z

Tz� 1
N y

Ty
(39)

wherez is the force ormoment coefficient (Cx; Cy; Cz; Cl; Cm, orCn)

calculated from measured flight data, and y is the model prediction

of the respective force or moment coefficient. TIC values range

from zero to one, with a TIC value of zero indicating a perfect model

fit. According toRef. [29], a TIC value below 0.3 is considered good

agreement between the validation data and model predictions.

However, TIC values are dependent on the root mean square (RMS)

of the data, as seen in the denominator of Eq. (39), where low RMS

values can bias TIC results high, and vice versa. Thus, the analyst

Table 5 Spin model

θ̂ � σ θ̂ � σ

Cxα �0.055 � 0.011 Cl _α �4.113 � 0.179

Cx _α −3.881 � 0.213 Clβ −0.058 � 0.006

Cxβ −0.018 � 0.009 Cl_β
�0.205 � 0.032

CxΩ �0.406 � 0.009 ClΩ −0.075 � 0.006

Cxposc
�0.116 � 0.044 Clposc

−0.040 � 0.027

Cxqosc
�4.801 � 0.242 Clqosc

−3.474 � 0.190

Cxrosc
−0.116 � 0.029 Clrosc

�0.304 � 0.037

Cxδe
�0.093 � 0.007 Clδe

�0.029 � 0.004

Cxδa
−0.040 � 0.008 Clδa

−0.094 � 0.006

Cxδr
−0.027 � 0.004 Clδr

−0.018 � 0.004

Cx�δ2e �
�0.229 � 0.054 Cl�δ2r �

�0.208 � 0.033

Cxo −0.125 � 0.001 Clo �0.007 � 0.001

Cy _α �12.302 � 0.546 Cmα
−0.140 � 0.035

Cyβ −0.472 � 0.020 Cm _α
�16.148 � 0.794

Cy_β
�0.857 � 0.098 Cmβ

−0.055 � 0.026

CyΩ �0.025 � 0.014 CmΩ
�0.075 � 0.029

Cyposc
−0.139 � 0.104 Cmposc

�0.399 � 0.125

Cyqosc
−6.622 � 0.575 Cmqosc

−16.315 � 0.862

Cyrosc
�0.953 � 0.108 Cmrosc

�0.493 � 0.098

Cyδe
−0.083 � 0.015 Cmδe

−0.120 � 0.024

Cyδa
−0.006 � 0.013 Cmδa

�0.050 � 0.026

Cyδr
�0.070 � 0.010 Cmδr

−0.054 � 0.014

Cy�δ2e �
−0.774 � 0.112 Cm�δ2e �

−0.531 � 0.163

Cyo −0.063 � 0.002 Cm�δeδa �
−0.376 � 0.146

Czα −0.068 � 0.051 Cmo
�0.005 � 0.003

Cz _α �68.789 � 1.291 Cnα �0.045 � 0.003

Czβ −0.261 � 0.041 Cn_α
−0.669 � 0.057

CzΩ �0.243 � 0.042 Cnβ �0.016 � 0.002

Czposc
�2.160 � 0.186 Cn_β

−0.047 � 0.011

Czqosc
−65.041 � 1.353 CnΩ �0.033 � 0.002

Czrosc
�0.580 � 0.136 Cnposc

�0.049 � 0.011

Czδe
�0.159 � 0.041 Cnqosc

�0.524 � 0.061

Czδa
�0.042 � 0.038 Cnrosc

−0.169 � 0.013

Czδr
−0.062 � 0.020 Cnδe

−0.002 � 0.001

Cz�δ2e �
−2.024 � 0.266 Cnδa

�0.038 � 0.004

Cz�δeδa �
−0.396 � 0.232 Cnδr

−0.041 � 0.001

Czo −0.856 � 0.004 Cn�δ2a �
−0.048 � 0.019

Clα −0.026 � 0.008 Cno �0.000 � 0.000

Table 4 Nominal glide model

θ̂ � σ

Cxα �0.286 � 0.013

Cxq �1.426 � 0.232

Cxδe
�0.146 � 0.009

Cx�α2 �
�2.635 � 0.087

Cx�β2 �
�0.233 � 0.013

Cxo −0.075 � 0.001

Cyβ −0.576 � 0.006

Cyp −0.505 � 0.027

Cyr �0.412 � 0.019

Cyδa
−0.364 � 0.014

Cyδr
�0.115 � 0.003

Cyo �0.006 � 0.001

Czα −4.247 � 0.057

Czq −9.055 � 1.200

Czδe
−0.607 � 0.052

Cz�β2 �
−0.568 � 0.084

Czo −0.308 � 0.007

Clβ −0.085 � 0.002

Clp −0.602 � 0.009

Clr �0.132 � 0.006

Clδa
−0.371 � 0.005

Clo −0.002 � 0.000

Cmα
−0.587 � 0.013

Cmq
−9.006 � 0.233

Cmδe
−0.742 � 0.010

Cm�α2 �
−1.629 � 0.157

Cm�α3 �
−2.481 � 1.038

Cm�q3 �
−0.132 � 0.000

Cmo
�0.011 � 0.001

Cnβ �0.055 � 0.001

Cnp �0.047 � 0.004

Cnr −0.122 � 0.002

Cnδa
�0.074 � 0.002

Cnδr
−0.046 � 0.001

Cn2β
�0.005 � 0.006

Cn3β
�0.215 � 0.027

Cno �0.002 � 0.000
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must use caution and consider additional metrics. Accordingly, the

NRMSE is calculated for each force and moment coefficient from

NRMSE � 1

range�z�
�z − y�T�z − y�

N
(40)

where N is the number of samples in the dataset. A NRMSE value

of zero indicates a perfect model fit, and the magnitude can be

interpreted similar to a percent error. Range normalization provides

a fair assessment of the error for coefficients such asCx andCz, which

are not centered about zero [40].

The nonlinearmodel predictions for each flight condition (nominal

glide and spin) were validated against flight data from maneuvers

excitedwith a set of independent validationmultisine inputs thatwere

designed with different power spectra than the multisine design used

for modeling. This prediction test, as described in Refs. [3,29], duly

challenges the model by using data that were not included in the

modeling process and were obtained using a different excitation.

Three validation cases are considered here for comparison:
1) The nominal glide model is validated against an independent

validation multisine maneuver in a nominal glide.
2) The nominal glide model is validated against an independent

validation multisine spin maneuver.
3) The spin model is validated against an independent validation

multisine spin maneuver.

For the nominal glide validation maneuver, quantitative validation

results are shown in Table 6. For the spin validation maneuver,

quantitative validation results are shown in Table 7. Figures 8 and 9

show the validation results for a nominal glide maneuver and a spin

maneuver with the independent validation multisine, along with the

smoothed flight data. The same flight data are used for both the

nominal glide model and spin model validation in Fig. 9 to directly

compare model performance in a spin.

For the nominal glide model validated against a nominal glide

maneuver, the TIC values are much lower than 0.3, indicating a good

fit for the data. Additionally, the low NRMSE values demonstrate

adequate model performance. For the spin model validated against a

spin maneuver, the low TIC and NRMSE values also indicate

adequate model performance. Visual inspection of nominal glide

model predictions to nominal glide validation data (Fig. 8) and spin

model predictions to spin validation data (Fig. 9b) reveals good

matching between the flight data and the model predicted force and

moment coefficients.

On the contrary, the nominal glide model does not validate well

against the spin maneuver. Relatively high TIC and NRMSE values

indicate poor model performance. Visual inspection of the model-

predicted force and moment coefficients in Fig. 9a reveals that the

nominal glide model predicts exaggerated aircraft responsewhile the

Table 6 Nominal glide maneuver validation metricsa

Model basis Cx Cy Cz Cl Cm Cn

Theil inequality coefficient

Nominal glide 0.088 0.087 0.102 0.228 0.235 0.103

Normalized root-mean-square error

Nominal glide 0.085 0.047 0.093 0.084 0.095 0.045

a0 indicates perfect model fit.

Table 7 Spin maneuver model validation metricsa

Model basis Cx Cy Cz Cl Cm Cn

Theil inequality coefficient

Nominal glide 0.326 0.326 0.152 0.710 0.779 0.564
Spin 0.027 0.118 0.017 0.372 0.368 0.291

Normalized root-mean-square error

Nominal glide 1.032 0.373 0.640 0.461 0.799 0.395
Spin 0.078 0.123 0.068 0.126 0.115 0.138

a0 indicates perfect model fit.

a) Force and moment coefficient prediction b) Output prediction

Fig. 8 Validation results for nominal glide model for nominal glide maneuver with multisine inputs.
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aircraft is in a spin. This indicates the nominal glide model is not a
good predictor of spin dynamics.

V. Conclusions

In the investigation described here, a nonlinear, quasi-steady,
coupled aerodynamic model was developed for a fixed-wing aircraft
in a nominal glide as well as a spinning descent. New methods were
proposed to adequately describe the aircraft dynamics and control
authority in the neighborhood of a stable, oscillatory spin. Orthogo-
nal phase-optimized multisine inputs were used as excitation signals
while collecting spinning flight data, and a new decomposition of
explanatory variables led to an effective model structure for spin
flight data analysis. The results show that the nominal glide flight
dynamic model predictions matched validation data well for conven-
tional flight, although not for a spinning descent. Predictions using the
model developed for spinning flight, on the other hand, adequately
matched validation data for a spinning descent excited with indepen-
dent multisine inputs.
A model-based spin path control law developed using the more

accurate spinning flight model should perform better than one devel-
oped using the nominal glide flight model. As illustrated here, how-
ever, developing a spinning flightmodel is not a trivial exercise due to
the nonlinear, unsteady, and coupled aerodynamics, including the
necessity to place the aircraft in a stall spin formodel development. A
parallel research effort in Ref. [2] demonstrated an effective robust
control law designed using the nominal envelope gliding flight
dynamic model developed in this paper to adjust the flight path while
in a spinning descent. Future efforts aim to improve on flight path
control for an aircraft in a terminal spin using the methods and
spinning flight model developed in this paper. Regardless of the
model used for spin control design, the spinning flight model can
be used to assess and tune performance in simulations in advance of
flight tests involving closed-loop control.

Acknowledgments

The authors gratefully acknowledge financial support from the
U.S. Air Force (USAF) Test Pilot School under USAF contract
no. FA9302-18-P-5227 and from NASA under grant no. 80NSSC
20M0162. The first author is grateful to the U.S. Air Force and the

Dominion Energy Research Fellowship at Virginia Tech for financial
support. The authors thank Jean-Michel Fahmi and Mekonen Hale-
fom for flight-test experiment support.

References

[1] Gresham, J. L., Simmons, B. M., Hopwood, J. W., and Woolsey, C. A.,

“Spin Aerodynamic Modeling for a Fixed-Wing Aircraft Using Flight

Data,” AIAA SciTech 2022 Forum, AIAA Paper 2022-1160, Jan. 2022,

pp. 1–15.

https://doi.org/10.2514/6.2022-1160
[2] Hopwood, J.W., Gresham, J. L., andWoolsey, C. A., “Robust Stall Spin

Flight Path Control with Flight Test Validation,” Journal of Guidance,

Control, and Dynamics, Vol. 46, No. 3, 2023, pp. 553–559.

https://doi.org/10.2514/1.G007016
[3] Morelli, E. A., andKlein, V., Aircraft System Identification: Theory and

Practice, 2nd ed., Sunflyte Enterprises, Williamsburg, VA, 2016.
[4] Morelli, E. A., “Multiple Input Design for Real-Time Parameter Esti-

mation in the FrequencyDomain,” IFACProceedings Volumes, Vol. 36,

No. 16, 2003, pp. 639–644.

https://doi.org/10.1016/S1474-6670(17)34833-4
[5] Kinzig, B., “Global Hawk Systems Engineering Case Study,”Air Force

Inst. of Technology TR 8844, Wright–Patterson AFB, OH, Jan. 2010.

https://doi.org/10.21236/ADA538761
[6] Stansbury, R. S., Tanis,W., andWilson, T. A., “ATechnology Survey of

Emergency Recovery and Flight Termination Systems for UAS,” AIAA

Infotech, AIAA Paper 2009-2038, 2009, pp. 1–8.

https://doi.org/10.2514/6.2009-2038
[7] Carney, E., Castano, L., and Xu, H., “Determination of Safe Landing

Zones for an Autonomous UAS Using Elevation and Population

Density Data,” AIAA SciTech Forum, AIAA Paper 2019-1060, 2019,

pp. 1–16.

https://doi.org/10.2514/6.2019-1060
[8] Shukla, P., and Woolsey, C. A., “Active Flight Path Control for an

Induced Spin Flight Termination System,” 2018 AIAA Atmospheric

Flight Mechanics Conference, AIAA Paper 2018-0528, 2018,

pp. 1–18.

https://doi.org/10.2514/6.2018-0528.
[9] Simmons, B. M., McClelland, H. G., and Woolsey, C. A., “Nonlinear

Model Identification Methodology for Small, Fixed-Wing, Unmanned

Aircraft,” Journal of Aircraft, Vol. 56, No. 3, 2019, pp. 1056–1067.

https://doi.org/10.2514/1.C035160
[10] Gresham, J. L., Simmons, B.M., Fahmi, J.-M.W., Hopwood, J. W., and

Woolsey, C. A., “Remote Uncorrelated Pilot Input Excitation Assess-

a) Nominal glide model b) Spin model

Fig. 9 Comparison of validation results for a spin maneuver with multisine inputs (note the same spin flight data with different scales).

138 GRESHAM ETAL.

https://doi.org/10.2514/6.2022-1160
https://doi.org/10.2514/1.G007016
https://doi.org/10.1016/S1474-6670(17)34833-4
https://doi.org/10.21236/ADA538761
https://doi.org/10.2514/6.2009-2038
https://doi.org/10.2514/6.2019-1060
https://doi.org/10.2514/6.2018-0528
https://doi.org/10.2514/1.C035160


ment for Unmanned Aircraft Aerodynamic Modeling,” Journal of Air-

craft, Vol. 60, No. 3, 2023, pp. 955–967.

https://doi.org/10.2514/1.C036942
[11] Gresham, J. L., Fahmi, J.-M., Simmons, B.M., Hopwood, J. W., Foster,

J. W., and Woolsey, C. A., “Flight Test Approach for Modeling and

Control Law Validation for Unmanned Aircraft,” AIAA SciTech 2022

Forum, AIAA Paper 2022-2406, Jan. 2022, pp. 1–23.

https://doi.org/10.2514/6.2022-2406
[12] Simmons, B. M., Gresham, J. L., and Woolsey, C. A., “Flight-Test

System Identification Techniques and Applications for Small, Low-

Cost, Fixed-Wing Aircraft,” Journal of Aircraft, June 2023, pp. 1–19

(Article in Advance).

https://doi.org/10.2514/1.C037260
[13] Tischler, M. B., and Barlow, J. B., “Determination of the Spin and

Recovery Characteristics of a General Aviation Design,” Journal of

Aircraft, Vol. 18, No. 4, 1981, pp. 238–244.

https://doi.org/10.2514/3.57487
[14] Bihrle, W., and Barnhart, B., “Spin Prediction Techniques,” Journal of

Aircraft, Vol. 20, No. 2, 1983, pp. 97–101.

https://doi.org/10.2514/3.44837
[15] Murch, A., and Foster, J., “Recent NASA Research on Aerodynamic

Modeling of Post-Stall and Spin Dynamics of Large Transport Air-

planes,” 45th AIAA Aerospace Sciences Meeting and Exhibit, AIAA

Paper 2007-0463, 2007, pp. 1–20.

https://doi.org/10.2514/6.2007-463
[16] Farcy, D., Khrabrov, A. N., and Sidoryuk, M. E., “Sensitivity of Spin

Parameters to Uncertainties of the Aircraft Aerodynamic Model,” Jour-

nal of Aircraft, Vol. 57, No. 5, 2020, pp. 922–937.

https://doi.org/10.2514/1.C035882
[17] Craig, A., and Romani, D., Jr., “Unsteady Aerodynamics in Airplane

Stall-Spin Departure,” 31st Aerospace Sciences Meeting, AIAA Paper

1993-0622, 1993, pp. 1–7.

https://doi.org/10.2514/6.1993-622
[18] Owens,B., Brandon, J., Croom,M., Fremaux,M.,Heim,G., andVicroy,

D., “Overview of Dynamic Test Techniques for Flight Dynamics

Research at NASA LaRC,” 25th AIAA Aerodynamic Measurement

Technology and Ground Testing Conference, AIAA Paper 2006-

3146, 2006, pp. 1–22.

https://doi.org/10.2514/6.2006-3146
[19] Barnstorff, K., “NASALangley Puts Research into a Spin for 75Years,”

NASA History, online publication, 31 March 2016, https://www.nasa.

gov/feature/langley/nasa-langley-puts-research-into-a-spin-for-75-years

[retrieved 20 Nov. 2021].
[20] Dias, J. N., “Identification ofHighAngle ofAttackAerodynamicModel

Using Flight Data from Spin Tests,” 2013 SFTE 44th Annual

International Symposium, Soci. of Flight Test Engineers, Lancaster,

CA, 2013, pp. 1–26.
[21] Mokhtari, M., and Sabzehparvar, M., “Identification of Spin

Maneuver Aerodynamic Nonlinear Model by Applying Ensemble

Empirical Mode Decomposition and Extended Multipoint Model-

ing,” Proceedings of the Institution of Mechanical Engineers, Part

G: Journal of Aerospace Engineering, Vol. 233, No. 5, 2019,

pp. 1865–1878.

https://doi.org/10.1177/0954410018764937
[22] Brandt, S. A., Stiles, R. J., Bertin, J. J., and Whitford, R., Introduction

to Aeronautics: A Design Perspective, 3rd ed., AIAA, Reston, VA,

2015, p. 361.
[23] Taha, H. E., Hassan,A., and Fouda,M., “Nonlinear Flight Physics of the

Lie Bracket Roll Mechanism,” Nonlinear Dynamics, Vol. 106, No. 3,

2021, pp. 1627–1646.

https://doi.org/10.1007/s11071-021-06940-z

[24] Martin, C., “The Spinning of Aircraft—A Discussion of Spin Predic-
tion Techniques Including a Chronological Bibliography,” Dept.
of Defence, Defence Science and TechnologyOrganisation, Aeronaut-
ical Research Lab., Aerodynamics Rept. 177, Melbourne, VIC,
Australia, Aug. 1988.

[25] Tischler, M. B., and Barlow, J. B., “Dynamic Analysis of the Flat Spin
Mode of a General Aviation Aircraft,” Journal of Aircraft, Vol. 19,
No. 3, 1982, pp. 198–205.
https://doi.org/10.2514/3.57376.

[26] Ljung, L., System Identification: Theory for the User, 2nd ed., Prentice–
Hall PTR, Upper Saddle River, NJ, 1999.

[27] Morelli, E. A., “Global Nonlinear AerodynamicModelingUsingMulti-
variateOrthogonal Functions,” Journal of Aircraft, Vol. 32,No. 2, 1995,
pp. 270–277.
https://doi.org/10.2514/3.46712

[28] Morelli, E., “Efficient Global Aerodynamic Modeling from Flight
Data,” 50th AIAA Aerospace Sciences Meeting Including the New

Horizons Forum and Aerospace Exposition, AIAA Paper 2012-1050,
2012, pp. 1–21.
https://doi.org/10.2514/6.2012-1050

[29] Jategaonkar, R., Flight Vehicle System Identification: A Time Domain

Methodology, 2nd ed., AIAA/Aerospace Press, Reston, VA, 2015.
https://doi.org/10.2514/4.102790

[30] Gresham, J. L., Simmons, B. M., Fahmi, J.-M. W., and Woolsey, C. A.,
“Remote Uncorrelated Pilot Inputs for Nonlinear Aerodynamic Model
Identification from Flight Data,” AIAA AVIATION 2021 Forum, AIAA
Paper 2021-2792, Aug. 2021, pp. 1–26.
https://doi.org/10.2514/6.2021-2792

[31] Miller, M. P., “An Accurate Method of Measuring the Moments of
Inertia of Airplanes,” NACA TN-351, 1930.

[32] Morelli, E. A., “Practical Aspects of Multiple-Input Design for Aircraft
System Identification Flight Tests,” AIAA AVIATION 2021 Forum,
AIAA Paper 2021-2795, Aug. 2021, pp. 1–25.
https://doi.org/10.2514/6.2021-2795

[33] MATLAB, MATLAB Documentation, Software Package Version

9.9.0.1538559 (R2020bUpdate 3),MathWorks Inc., Natick,MA, 2020.
[34] Morelli, E. A., “Real-Time Global Nonlinear Aerodynamic Modeling

for Learn-to-Fly,” AIAA Atmospheric Flight Mechanics Conference,
AIAA Paper 2016-2010, 2016, pp. 1–22.
https://doi.org/10.2514/6.2016-2010

[35] Grauer, J. A., Morelli, E. A., and Murri, D. G., “Flight-Test
Techniques for Quantifying Pitch Rate and Angle-of-Attack Rate
Dependencies,” Journal of Aircraft, Vol. 54, No. 6, 2017, pp. 2367–
2377.
https://doi.org/10.2514/1.C034407

[36] Morelli, E. A., and Klein, V., “Accuracy of AerodynamicModel Param-
eters Estimated from Flight Test Data,” Journal of Guidance, Control,
and Dynamics, Vol. 20, No. 1, 1997, pp. 74–80.
https://doi.org/10.2514/2.3997

[37] Morelli, E. A., “Autonomous Real-Time Global Aerodynamic Model-
ing in the FrequencyDomain,”AIAA SciTech 2020 Forum, AIAAPaper
2020-0761, 2020, pp. 1–24.
https://doi.org/10.2514/6.2020-0761

[38] Young, H. D., Statistical Treatment of Experimental Data, McGraw–
Hill, New York, 1962. Chap. 4.

[39] Morelli, E. A., “Practical Aspects of the Equation-Error Method for
Aircraft Parameter Estimation,” AIAA Atmospheric Flight Mechanics

Conference, AIAA Paper 2006-6144, Aug. 2006, pp. 1–18.
https://doi.org/10.2514/6.2006-6144

[40] Simmons, B.M., “System Identification for Propellers at High Incidence
Angles,” Journal of Aircraft, Vol. 58, No. 6, 2021, pp. 1336–1350.
https://doi.org/10.2514/1.C036329

GRESHAM ETAL. 139

https://doi.org/10.2514/1.C036942
https://doi.org/10.2514/6.2022-2406
https://doi.org/10.2514/1.C037260
https://doi.org/10.2514/3.57487
https://doi.org/10.2514/3.44837
https://doi.org/10.2514/6.2007-463
https://doi.org/10.2514/1.C035882
https://doi.org/10.2514/6.1993-622
https://doi.org/10.2514/6.2006-3146
https://www.nasa.gov/feature/langley/nasa-langley-puts-research-into-a-spin-for-75-years
https://www.nasa.gov/feature/langley/nasa-langley-puts-research-into-a-spin-for-75-years
https://doi.org/10.1177/0954410018764937
https://doi.org/10.1007/s11071-021-06940-z
https://doi.org/10.2514/3.57376
https://doi.org/10.2514/3.46712
https://doi.org/10.2514/6.2012-1050
https://doi.org/10.2514/4.102790
https://doi.org/10.2514/6.2021-2792
https://doi.org/10.2514/6.2021-2795
https://doi.org/10.2514/6.2016-2010
https://doi.org/10.2514/1.C034407
https://doi.org/10.2514/2.3997
https://doi.org/10.2514/6.2020-0761
https://doi.org/10.2514/6.2006-6144
https://doi.org/10.2514/1.C036329

