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Nomenclature

A, B, C, D = state-space representation (standard form)
A oB = Schur product of matrices (element-by-element multiplication:

a = lift-curve slope
ay, a,, 4, = accelerometer components along the body axes (longitudinal,

lateral, vertical)

B. = frequency resolution (B, = Af)

B, = half-power bandwidth

b = with subscript, a bias error parameter (e.g., b, = bias error
in ¢)

C; = thrust coefficient

C, = constant to account for spectral window overlap

Co = Carpenter—Fridovich inflow constant

CR; = Cramér—Rao bound of the ith identified parameter (6;) of the
converged solution (©,)

c = rotor-blade chord

DB = matrix of gradients aye/ae, where ye = Yguu— Y

d”/dt = time derivative in an Eulerian (body-fixed) frame of reference

d'/dt = time derivative in an inertial frame of reference

dec_span = decade span, defined as dec_span = 10g(®may/ ®Omin) tO
characterize the fraction of a decade for which acceptable data
are available

e = offset of the rotor-blade flapping hinge from the center of
rotation of the rotor shaft

F = external force vector

f = frequency, Hz

Frnine Trmax = theoretical minimum/maximum frequency that can be identified

f, = resonance peak frequency

f = sampling rate (frequency), defined as 1/At

Gy Gy, Gy = input autospectrum, output autospectrum, and cross spectrum

Gsp- 5, = example of conditioned spectrum: cross spectrum between
rudder input &, and roll response p, conditioned to remove
effects of partially correlated aileron input 93,

H = Hessian matrix for the cost function J

H.(f), Ha(f) = unbiased frequency-response estimate when noise is present
only at output, unbiased frequency-response estimate when
noise is present only at input

H(f) = frequency-response function
H(s) = transfer function
h, = height of the rotor hub above the fuselage center of gravity

| = identity matrix

XXiii
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| = inertia tensor

Iy = moment of inertia of the rotor blade about the flapping axis

I, = insensitivity of the ith identified parameter ©; of the
converged solution ©,

Lixs Ly 12 =roll, pitch, yaw moments of inertia

Iy = product of inertia

J = cost function for frequency-response error

Jims = cost function for time-response error

Kg = rotor-blade flapping spring

L = number of time-history points in a spectral window

L, M, N = external moments about the aircraft center of gravity
(roll, pitch, and yaw)

Ly’ = prlmed roll derivative, defined by

[L + (Ixz/lxx)N ]/[1 xz /(Ixx zz)] for

i = U,V,W,p,q,r, 8, O, O, &,

Ly = example of stability derivative; L, = (1/1,)(dL/dp)

Lg = rotor flap-stiffness constant

LS = example of control derivative; L; = (1/IXX)(8L/86a)

M, F, G, Hy, H; = generalized equation-of-motion matrices (CIFER form)

MX = test stand rolling moment

Mg = first mass moment of rotor blade

N = number of discrete frequency points in identified spectrum

N = vehicle scale ratio

Ny’ = primed yaw derivative, defined by
Ni, = [NI + (Ixz/lzz)Ll]/[l - Ixzz/(lxxlzz)] for
i =uv,w,p,q,r,9d, &, d, J

n = noise at output accounting for both process and output
measurement noise

n = number of states in a multiple-input/multiple-output
(MIMO) linear time-invariant system

Ny, = number of rotor blades

N, = number of control inputs

Ny = number of independent time-history averages

N, = number of response outputs

Ny = number of identification parameters

Nre = number of transfer functions included in the identification

N, = number of time-history points in the verification data
record

Ny = number of windows

N, = number of frequency points included in the identification
cost function

P, p = total value and perturbation value (in this case fuselage roll
rate)

p,q, r = fuselage angular rates (roll rate, + right wing down; pitch
rate, + nose up; yaw rate, + nose right)

p/d, = example of a frequency-response pair; roll-rate response p

to aileron input 9,
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XXV
R(s) = example of a transfer function; roll-rate response p to aileron
8 input 9,
p/9, - d, = example of a conditioned frequency response: the single-input/

single-output (SISO) solution for p/3,, conditioned to eliminate
the linear effects of partially correlated aileron input §,

R = rotor radius
S(w) = signal-to-noise ratio
S = Laplace variable
T = time constant
Te = total length of concatenated records
Tmine Tmax = Minimum and maximum period of interest
Trec = length of a flight-test record
win = time duration or “width” of a spectral window
TIC = Theil inequality coefficient
T(s) = frequency-response of SISO transfer-function model
T(s) = MIMO frequency-response matrix of identification model
taouble = time to double (the amplitude)
U(s), Y(s) = Laplace transform of the input and output vectors (u and y)
u = control input vector consisting of n. control inputs
Uy, Uy, ...y Uy
u, v, w = input measurément noise, output measurement noise,
and process noise
u, v, w = velocity components (longitudinal, + forward; lateral, + right;
vertical, + down)
w = diagonal weighting matrix consisting of the weighting

parameters W,, W, and W, in the cost function calculation
Wy, W, W, =identification weighting for magnitude, phase, and coherence
functions
X, Y, Z = external forces on the aircraft center of gravity (longitudinal,
lateral, vertical)
X(f),Y(f) =Fourier coefficients of input [x(t)] and output [y(t)]
X(s), Y(s) = Laplace transform of the input and output vectors
(x, y, respectively)

X = state vector consisting of n states Xy, X5, ..., X,
Xar Yar Zo = Offsets of the accelerometer package relative to the center of
) gravity
Xb = constant acceleration bias vector (also bias)
Xnp» Yoo Znp = OFfsets of nose boom location relative to the center of gravity
X(t), y(t) = system input (excitation) and output time signals
y = measurement (or output) vector consisting of n, available
measurement signals yi, ¥, ..., ¥,
Vet = constant reference-shift vector (also yref)
o = angle of attack
o, (f) = noise-to-signal (PSD) ratio for the input
= angle of sideslip
Bn() = noise-to-signal ratio (PSD) for the output

Bos Bics B1s = rotor flap angles for coning, longitudinal, lateral tip path plane
coordinates (+ up; + flap down to left; + flap up over rear)
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XXVi

7 y* = lock number and effective (reduced) Lock number

Yiy-(ng-1) = partial coherence for frequency response (y/x;) with the

, effects of remaining (n. — 1) controls removed

Vxy = coherence function between input x and output y

Y3 s 0 = multiple coherence showing contribution of multiple

re controls (§, and &, in this case) to a single output (p in
this case)

A = variation or perturbation

Af = frequency resolution

Adye = jump in the reconverged average cost function

= control input

5,, O, O, & = control inputs for fixed-wing aircraft (roll, pitch, yaw,
and throttle controls)

Sauc, Sac = components of the secondary aileron input that are
uncorrelated correlated (uc) and correlated (c) with the
primary input

ol = lagged collective control to account for engine dynamics

Oexcitation = computer generated sweep input, enriched with white noise

S1ats Ojons Opeds Ocor = CONtrol inputs for rotorcraft (roll, pitch, yaw,
and vertical control)

S rpm = control input for engine rpm

Bsweep = computer-generated frequency-sweep input

€ = vector of magnitude and phase errors for the identified
model

€, = bias error in frequency-response estimate

€ = random error in frequency-response estimate

Egim(T) = simulation error response function:

Esim( ) = Hgim (T)/Hgigne ()
= damping ratio for second-order system
Cor Cier Cis = rotor lead-lag angles for collective, cosine, sine degrees of
freedom (+ all blades deflect clockwise; + blades deflect
to left side; + blades deflect to aft of helicopter)

(¢, o,] = shorthand notation for [s® + 2{®,s + ®,], a second-order
factor of a transfer function
(O] = identification vector © = [91 0, ... enp} consisting of all

of the parameters to be identified in the model matrices M,
F,G 7

Ocr, = scaled confidence ellipsoid vector associated with a specific
Cramér—Rao bound CR;

0, O, ¥ = fuselage attitudes (pitch, + nose up; roll, + right wing down;
yaw, + nose right)

0, = error between the current pitch of the aircraft 6 and the
commanded pitch 6,

6, = identification parameters

00, 01c, 01 = rotor swashplate deflection angles (collective, cosine, sine)

A = with subscript, a scale factor error parameter

(e.g., A, =scale factor error in ¢)
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XXVii
A = eigenvalue
An = output noise-to-excitation (PSD) ratio
p = atmospheric density
Pij = correlation coefficient between the two identified parameters 6; and

0; of the converged solution ©,

c = rotor solidity

c =rms value

o = rms noise level

T = time delay

T, = engine time constant

Teq = equivalent time delay

T = rotor flap time constant

Ty = phase delay

) = rotor inflow velocity

Vg = trim inflow ratio

V¢ = rotor lead-lag natural frequency in the rotating frame normalized by
the rotor rotational speed Q

20480 = phase value at twice frequency of —180 deg phase lag
= phase shift

Q = rotor rotation speed, rad/s (U.S. convention is counter-clockwise as
viewed from above)

0} = frequency, rad/s

(0] = angular velocity vector of the body-fixed axis system

Wgw = bandwidth frequency (handling-qualities definition)

[OR = crossover frequency

Weo = pilot operating frequency or cutoff frequency

O = filter cutoff frequency (also referred to as the filter bandwidth)

Omin» Omax = Minimum and maximum frequency of interest (and of excitation)

Opyq = nyquist frequency

o, = undamped natural frequency for second-order system

N = sample rate

W10 = frequency at which the phase of the attitude response is —180deg

1/T) = shorthand notation for (s + 1/T), a first-order factor of a transfer
function

|| = magnitude, dB

Z = phase, deg

Subscripts

ave = average value

CF = crossfeed (piloted or via control system)

c = composite window value

cg = value at center of gravity

data = flight data value

dB = magnitude of a complex function expressed in decibels (e.g.,

Hys = 201log,0|H(jm)); power variables are expressed in “power
decibels” [e.g., G, (f) = 10l0gy,G,,(f)]

deg = argument of a comp?ex function expressed in degrees

dr = Dutch roll mode
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XXViii

e = estimated, or corrected, value of a flight measurement
effective = effective (or quasi-steady derivative) value

err = error value

f., f,, f. = rotor flapping modes (regressing, advancing, coning)
I, I, ll; =rotor lead-lag modes (regressing, advancing, collective)

m = flight measurement

max = maximum value

min = minimum value

mod = model value

mx = mixer input value

nb = measurement made at the nose boom
R, | = real/imaginary parts of a complex number
r =roll mode

S = spiral mode

tot = total value

0 = trim value, converged value

Superscripts and Overmarks

T = the transpose of a matrix

* = complex conjugate value
= weighted average

R = normalized value

- = smooth spectral estimate
= rough spectral estimate
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Acronyms
ACAH = attitude command, attitude hold
ADOCS = Advanced Digital Optical Control System
AFCS = Automatic Flight Control System
AFDD = U.S. Army Aeroflightdynamics Directorate (Ames Research
Center)
AGARD = Advisory Group for Aerospace Research and Development
AlAA = American Institute of Aeronautics and Astronautics
ARI = aileron-to-rudder interconnect
ASE = aeroservoelastic, also automatic stabilization equipment
(SH-2G)
CIFER® = Comprehensive ldentification from Frequency Responses

software package

COMPOSITE = CIFER® program that combines multiple spectral windows to
achieve a final frequency response

CONDUIT® = Control Designer’s Unified Interface software package

CzT = chirp z-transform

DERIVID = CIFER® program used to identify a state-space model
structure that best fits the MIMO frequency-response database

DFT = discrete Fourier transform

DLR = Deutsche Forshungsanstalt fur Luft- und Raumfahrt
(until 1989: DFVLR)

DOF = degree(s) of freedom

FCS = Flight control system

FFT = fast Fourier transform

FRESPID = CIFER® program that calculates SISO frequency responses
using a chirp z-transform (an advanced FFT)

GENHEL = Sikorsky general helicopter flight dynamics simulation
program

GTR = generic tilt-rotor simulation

HQR = Cooper—Harper handling-qualities rating

IMU inertial measurement unit

LOES lower-order equivalent system

LTI = linear time invariant

MCLAWS = modernized control laws

MIL-STD-nnnn = military requirements standard

MIMO = multiple-input/multiple-output

MISO = multiple-input/single-output

MISOSA = CIFER® program that determines frequency responses when
multiple inputs are present

MUAD = maximum unnoticeable added dynamics

NASA = National Aeronautics and Space Administration (US)

XXiX
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XXX

NAVFIT = CIFER® program used to a identify a pole-zero transfer-function

model
PIO = pilot-induced oscillations
PM = phase margin
PSD = power spectral density

RASCAL = Rotorcraft Aircrew Systems Concepts Airborne Laboratory, a
JUH-60 Black Hawk helicopter with digital fly-by-wire control
system (operated by AFDD)

rms = root mean square

rpm = revolutions per minute

SAS = stability augmentation system

SBMR = Sikorsky bearingless main rotor

SCAS = stability and control augmentation system
SISO = single-input/single-output

SMACK = smoothing from aircraft kinematics program, used to check the
time-history data prior to identification
STOVL = Short take-off/vertical landing aircraft

TIC = Theil inequality coefficient
™ = real-time telemetry
UAV = unmanned air vehicle

VERIFY =CIFER® program (state-space model verification) used to check the
time-domain predictive accuracy of an identified model

VMS = vertical motion simulator

VSRA  =V/STOL (vertical/short takeoff and landing) system research aircraft

XV-15  =tilt-rotor demonstrator aircraft
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Preface

Aircraft system identification is a highly versatile procedure for rapidly and effi-
ciently extracting accurate dynamic models of an aircraft from the measured
response to specific control inputs. Models might be desired to characterize the
aircraft dynamics as a whole or to characterize an aircraft subsystem, such as an
actuator, rotor system, or the engine. Key applications of aircraft system-identifi-
cation results include piloted simulation models, comparison of wind-tunnel vs
flight measurements, validation and improvement of physics-based simulation
models, flight-control system development and validation, and handling-qualities
specification compliance testing.

As indicated by the title, this book addresses the system identification of both
aircraft and rotorcraft, focusing on engineering methods and flight-test examples.
Specialized testing and data-analysis methods, as well as considerable physical
insight, are required to obtain models that are accurate and reasonable in terms of
the underlying physics. This book presents the frequency-response method for
system identification as developed by the leading author and his colleagues from
the U.S. Army Aeroflightdynamics Directorate (AFDD) and NASA at Ames
Research Center over the past more than 20 years, drawing on practical experi-
ence from many and varied individual flight projects cited in the reference list.
The analysis methods are embodied in the software package Comprehensive
Identification from Frequency Responses (CIFER®), also developed at Ames
Research Center (and distributed commercially). System-identification projects
have ranged from small (9-in. diam) ducted-fan unmanned air vehicles (UAVS) to
large (100-ft wing span) solar-powered UAVs, including a wide range of manned
fixed-wing aircraft and rotary-wing aircraft (rotorcraft) configurations. There
have also been many applications involving the extraction of subsystem models
from wind-tunnel data (e.g., rotor system response) and bench-test data (e.g.,
actuators and other flight control components). Examples are given in the over-
view of Sec. 2.4 and throughout the book.

The identification of dynamics models of flight vehicles from flight-test data is
made difficult by many factors, as explained in this book. These are associated
with the limitations of the flight-data measurement system, test inputs, signal-to-
noise ratio, and test record length. The determination of rotorcraft response mod-
els is perhaps the most challenging application of system identification. These
vehicles have a wide range of possible configurations—from small ducted fans to
tilt-rotor aircraft, single and tandem helicopters, and helicopter/sling-load config-
urations. Many rotorcraft exhibit a high-order dynamic response because of the
tightly coupled dynamics of the fuselage/rotor/inflow/engine, so that typical
lower-order approximations of fixed-wing aircraft responses often do not apply.
Inputs in one axis generally produce responses of comparable magnitude in all
axes—referred to as cross coupling—in which case the fixed-wing assumption of
decoupled longitudinal and lateral/directional responses is no longer valid.
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Additional complicating factors in the case of rotorcraft are the typically very
low signal-to-noise ratios for near-hovering flight maneuvers, unstable pitch and
roll dynamics, and high levels of noise in the measurements (e.g., caused by
vibration and atmospheric disturbances). System-identification techniques and
typical results for rotorcraft are emphasized in this book and presented through-
out for comparison with the fixed-wing examples.

Many excellent books are available that cover the theory of system identifica-
tion with some general applications and example results. The analysis methods
and software tools are often demonstrated with simple examples commonly
drawn from lower-order systems and numerical simulations. In most cases, a new
analyst has little guidance on the important practical aspects of instrumentation,
flight-testing methods, flight-data conditioning, model structure determination,
and model validation. For the difficult and highly specialized problem of aircraft
and rotorcraft system identification from flight-test data, it is most certainly true
that the “devil is in the details.” System identification of flight vehicles has long
had the reputation of being “more art than science.” This is caused in large part
by the uncertainty in how to properly set the many “knobs” in the analysis in
order to obtain a satisfactory model from real flight-test data. Despite the
immense power of system identification to help rapidly solve dynamics and con-
trols problems, expertise tends to be concentrated at only a handful of research
centers worldwide.

This book presents validated methods and guidelines for the specialized appli-
cation of aircraft and rotorcraft system identification. The frequency- response
method developed at Ames Research Center (and embodied in the CIFER® anal-
ysis tool) provides a robust and systematic approach that is highly effective in
addressing the difficult problems of flight-vehicle system identification from
flight-test data. Engineering methods and flight-test results are demonstrated
herein with a wide range of flight examples worked on at the Ames Research
Center, including UAVS, aircraft, rotorcraft, and vehicles subsystems. Through-
out the book—and summarized in an appendix—are many specific guidelines for
flight vehicle testing, data analysis, modeling, and interpretation of results. This
book emphasizes the importance of physical insight in model development and
interpretation. Many specialized identification techniques that allow a significant
improvement in the quality of the results are discussed in the book These meth-
ods and much of the practical guidance are embodied in CIFER®, which is used
to obtain all of the results presented herein. A student version of the software and
user’s manual is available with this book via the AIAA Web site. The student ver-
sion provides all of the functionality of the professional version (http://
uarc.ucsc.edu/flight-control/cifer) but only allows the identification of models of
limited complexity (two control inputs, four dynamics states), which is sufficient
for the student exercises that follow each chapter. Also included is access to the
flight-test data for the XV-15 tilt-rotor aircraft and simulated data for a typical
helicopter as needed to complete the student exercises.

This book grew out of a short course on aircraft and rotorcraft system identifi-
cation taught by the leading author for several years. The book addresses the
entire process from instrumentation and flight testing to model determination and
validation. The emphasis is placed on the fundamental principles, engineering
methods, and interpretation of the flight-test results, with ample citations of more
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in-depth theoretical treatments. Two detailed case studies are tracked throughout
the identification process in order to address the specific problems of aircraft and
rotorcraft. Many additional examples are included in each chapter to illustrate the
wide-ranging roles of system identification, including the analysis of flight
mechanics, automatic control, vibration, structural analysis, handling qualities,
and simulation. This book is intended for use in an advanced undergraduate or
graduate level course on system identification. The exercises give the student
hands-on experience with a wide range of aircraft and rotorcraft applications
using flight-test and simulation data. The material herein assumes some familiar-
ity with basic concepts of aeronautics, Laplace transforms, flight dynamics, and
classical control, as presented at a typical undergraduate level.

The main concepts of system identification and a historical overview are pre-
sented in Chapter 1. A schematic diagram (road map) of the frequency-response
method and typical flight-test results for aircraft and rotorcraft are presented in
Chapter 2. The succeeding chapters trace the steps of the roadmap from flight-
test planning and instrumentation to data checking, appropriate choice of model
structure, and then the central topics of model identification and verification.
Each chapter presents the theory, engineering methods, practical guidelines for
application, examples, and flight-test results for the particular step in the road
map. A sectlon of each chapter discusses the implementation of the methods in
the CIFER® software, but the methods and guidelines in the book are meant to be
useful independently from this tool and they can also be implemented in other
software tools, such as MATLAB®

The basic methods and results are first illustrated using a numerical simulation
of an inverted pendulum to provide a simple example with known (theoretical)
dynamic response results. Most of the examples in the book, however, are based
on flight-test results because it is the authors’ experience that many methods and
guidelines which work well using simulated data break down for real flight-test
applications. Flight-test results for the XV-15 tilt-rotor aircraft are used to illus-
trate the methods in each chapter, thereby providing a consistent example from
the start to the finish of the system-identification road map. The results for the
XV-15 in forward flight illustrate typical results for an aircraft configuration,
whereas the results for the same vehicle in hovering flight illustrate typical results
for a helicopter configuration. Many additional flight-test examples—including
those of the solar Pathfinder, the Fire Scout P2 demonstrator (based on the Sch-
weitzer 333 helicopter), the Shadow™ 200 fixed-wing UAV, and the SH-2G heli-
copter—demonstrate the utility of system-identification methods for a broad
scope of dynamics and control applications.

The material in Chapters 1-11 covers basic identification concepts, instrumen-
tation and flight testing, frequency-response identification for multi-input/multi-
output and closed-loop systems, and transfer-function modeling. This material is
at a technical level that is suitable for a one-semester course for undergraduate
students. These methods and many example applications also cover the needs for
system identification by many practicing engineers. Chapters 12—14 present the
advanced topics of state-space model identification and verification for aircraft
and rotorcraft. Chapter 15 discusses the identification of higher-order models for
helicopters; these models are needed to accurately characterize more agile
manned rotorcraft configurations and, especially, for small UAV helicopters.
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The complete book is suitable for a more advanced undergraduate or graduate
level course in system identification and as a resource for practicing engineers
and researchers. There are extensive problem sets to be worked at the end of each
chapter that give the reader (and student) hands-on experience with the system-
identification methods and interpretation of the results. These are based on the
numerical simulation of the inverted pendulum, XV-15 flight-test data, and simu-
lated flight data for a typical helicopter (provided via the AIAA website). A solu-
tions manual is also available by contacting the publisher.

A frequency-response perspective is at the center of the system-identification
approach presented herein and embodied in the CIFER® software. The genesis
for this was based on a wonderful period spent by the leading author at Systems
Technology, Inc., from 1980-1982. Aircraft and rotorcraft system identification
has been a passion and focus of this author since coming to the AFDD in 1983.
The AFDD laboratory, part of the U.S. Army Aviation Missile Research Develop-
ment and Engineering Center (AMRDEC), has provided an ideal environment to
pursue and apply this technology to a wide range of projects, both at the Ames
Research Center and in cooperative efforts with U.S. and international industry
and research colleagues. The support and encouragement of the AFDD Director,
Andrew W. Kerr, and the Chief of the AFDD Flight Control and Cockpit Integra-
tion Branch, Barry R. Lakinsmith, has made possible the long-term pursuit of this
research topic. Their support and encouragement for writing this book is also
greatly appreciated. The CIFER® software has been developed and supported
over the years thanks to the outstanding effort and dedication of Joseph G.M.
Leung, Mavis G. Cauffman, Gary L. Villere, Lawrence E. Pierce, Dexter L.
Hermstad, and Paul S. Salchak. A special thanks go to my father, Morris Tischler,
for his lifelong encouragement and for being my greatest fan.

The second author came to the subject matter of this book from a very different
direction. The experience gained while teaching mathematics to undergraduate
and graduate students provided invaluable insights into how to explain difficult
subjects to students with varying levels of education. His work at Ames Research
Center over a period of more than 26 years on a wide variety of projects produced
an eclectic background that was well suited to the task of helping to distill the
technical knowledge and experience of the leading author into a book that would
convey the concepts to as wide an audience as possible, both students and estab-
lished engineers. A key role for this author was to be the “reality check” on
whether the information was written in a manner that would be clear and under-
standable to the target audience.

The ideas and results presented herein draw heavily on many research collabo-
rations over the years. Thanks go foremost to the many AFDD and NASA col-
leagues that have worked with the leading author and whose results are presented
and referenced throughout this book. Especially important international research
collaborations were with Juergen Kaletka (DLR) under the U.S./FRG Memoran-
dum of Understanding (MOU) and with the AGARD Flight Mechanics Panel
Working Group 18 and Lecture Series 178 on Rotorcraft System Identification
(under the outstanding leadership of Peter G. Hamel). In addition, many photos
and results presented herein reflect long and successful research collaborations
with numerous companies and research organizations in the United States and
internationally.
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Special thanks go to several individuals for their help in the development of
this text. Howard C. (“Pat”) Curtiss, Jr., spent many hours reviewing the draft and
providing a wealth of feedback and perspective. The leading author has benefited
from a career-long close working relationship with Pat, who has been a wonder-
ful colleague and mentor. A careful and detailed review was also provided by M.
Hossein Mansur, a close colleague and friend. The suggestions of Jeffery A.
Schroeder in the early stage of the book were very valuable. Many excellent con-
tributions to the exercise sections were made by Christina M. lvler, who also
authored the instructor’s solution manual. Thanks go to Thomas J. Esposito for
his care in preparing all of the final graphics material. Special thanks go to
Jeffery A. Lusardi and Colin R. Theodore for their help in proofing the final gal-
leys. Thanks again from both of us to everyone that helped and encouraged us in
this project.

The second author expresses deep gratitude to a number of people who were
critical to his successful participation in writing this book. Management support
from the University of California at Santa Cruz and Ames Research Center, espe-
cially Bassam Musaffar and Larry Hogle, created ideal conditions for working on
the book while balancing the scheduling demands of other important projects. A
special thanks goes to Mark Tischler for the invitation to collaborate in writing
the book and for being an outstanding mentor, a stimulating colleague, and a
good friend. Finally, the second author wishes to thank his wife, Evelynn Brown
Remple, and their son, Jonathan Remple, for the support, encouragement, and
understanding that he received from them while working on this book. They both
tolerated with good spirits the long hours of work and the stacks of papers that
sometimes intruded on the family's time and space.

Mark B. Tischler
Robert K. Remple
December 2005
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1
Introduction and Brief History of System
Identification in the Frequency Domain

This chapter presents both a general introduction to system identification and a
brief history of the development of frequency-domain-based methods. The follow-
ing topics will be covered in this chapter: 1) basic terminology and concepts of
system identification of aircraft and rotorcraft, 2) special challenges of rotorcraft
system identification, 3) role of nonparametric vs parametric models, 4) how sys-
tem identification supports the aircraft development process, 5) comparison of fre-
quency-response vs time-response methods, 6) brief history of the development of
frequency-domain methods for aircraft and rotorcraft system identification, and
7) organization of this book.

1.1 Basic Concepts of System Identification of Aircraft
and Rotorcraft

This section introduces the basic terminology and concepts of system identifi-
cation (as highlighted in italics), with special emphasis on aircraft and rotorcraft
applications. An aircraft can be considered as an input-output system, as shown
in Fig. 1.1. The vehicle dynamics are excited by the control inputs, which in the
current case are the conventional aerodynamic surfaces: aileron 8, for roll con-
trol, elevator &, for pitch control, rudder 3, for yaw control, and throttle §, for
speed control. We can record the aircraft dynamic response to the control inputs
in numerical form using an onboard measurement system. Typical flight-vehicle
measurements for flight dynamics consideration are shown in the figure: transla-
tional velocities, angular velocities, attitudes, linear accelerometers, and aerody-
namic angles. Additional measurements could include the engine response, wing
strain, and aircraft position.

A dynamic model relates the control inputs to the vehicle dynamic response. This
model can be as simple as a graph of the input-to-output response or as complex as
aset of differential equations of motion. Dynamic models are needed for many appli-
cations, including analysis of aircraft stability and control, pilot simulations, flight-
control design, and analysis of aircraft handling characteristics (handling qualities).

An analogous illustration of the input-output process for a helicopter is shown
in Fig. 1.2. Now the inputs are the controls for the main rotor and tail rotor: lateral
cyclic 6y, for roll control, longitudinal cyclic §,,, for pitch control, pedal 6,4 to
command tail rotor collective for yaw control, and collective pitch &, for vertical
speed control. The output signals listed for flight dynamics considerations are the
same as in the aircraft case, although aerodynamic angle measurement is not used
at low-speed (and hover). Again, additional measurements that might be available
include rotor-blade deflections, main rotor shaft rpm, and structural strains.

1
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2 AIRCRAFT AND ROTORCRAFT SYSTEM IDENTIFICATION
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Fig. 1.1 Aircraft as an input-output system.

Aircraft system identification is a highly versatile procedure for rapidly and effi-
ciently extracting accurate dynamic models of the aircraft from the measured
response to specific control inputs. Models might be desired to characterize the air-
craft system as a whole (e.g., as shown in Figs. 1.1 and 1.2) or to characterize an
aircraft subsystem, such as an actuator or the engine. So at its most simple definition,
system identification is a process that provides a model that best characterizes (in
some least-squares sense) the measured responses to controls. Specialized flight-
test maneuvers are used to excite the dynamics of concern for a particular applica-
tion, such as the study of flight dynamics and control (low frequencies of interest) or
structural stability (higher frequencies of interest). Typical excitations for system-
identification purposes are frequency sweeps (Fig. 1.3) and doublets (Fig. 1.4).

1.1.1 Frequency-Response Model

A frequency response is a data curve identified from the flight-test data that
displays the ratio of the response (e.g., roll rate) per unit of control input (e.g.,
aileron) as a function of control input frequency. The frequency response is
obtained using the fast Fourier transform and associated windowing techniques.
We are concerned with both the output/input amplitude ratio and the phase shift. An

| — » 3translational

velocities,
lateral UV, W
oyetie, Slat — 3 angular
longitudinal \’;elqor}ltles,
cyclic, Ojop, +a
— 3 at}itude
angles,
—
pedal, §eq 0. 6, v
collective —— 3 linear
K accelerometers,
col ay, a, a,
— 2 aerodynamic
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Fig. 1.2 Helicopter as an input-output system.
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Fig. 1.3 Typical frequency-sweep input.

effective format, used exclusively herein for presenting identification results in the
frequency domain, is the Bode plot of the frequency-response function H, which
displays log-magnitude (20 log,o|H|, dB) and phase (£H, deg) vs log-frequency
(w, rad/s herein) on a semilog scale. A typical example is the Bode plot for aircraft
sideslip response to rudder 3/3, obtained from flight-test data shown in the solid
curve of Fig. 1.5. The bottom plot is the associated coherence function yxy, which
is an excellent mdlcator of the frequency response accuracy. A coherence value
greater than 0.6 (yX 0.6), which in this example is true for all but the highest
frequencies, |nd|cates an accurate frequency-response identification result.

A frequency-response data curve that characterizes a single-input/single-output
(SISO) subsystem such as an actuator can easily be obtained from the measure-
ment data of the excitation (electrical input) and response (actuator displacement).
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Fig. 1.4 Typical doublet input.
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Fig. 1.5 Typical Bode plot and transfer-function model.

However, flight tests of aircraft and helicopters usually involve multiple inputs and
multiple outputs (also denoted as multi-input/multi-output, or MIMO), and special
conditioning techniques are required to obtain a MIMO frequency-response
matrix that characterizes the overall dynamic system response. The frequency-
response data fully characterize the dynamics of the complete input-to-output
system. In the terminology of system identification, the frequency-response data
curve constitutes a nonparametric model*? because it characterizes the input-
to-output process at a large number of data points (i.e., discrete frequencies). For
this type of model, there is no need for a set of model parameters, such as the
coefficients of the differential equations of motion.
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1.1.2 Transfer-Function Model

With some additional effort, we can extract a closed-form equation that is a
good representation (i.e., an accurate curve fit) of the frequency-response data.
One such example is a transfer-function model

m m-1 “TeqS
T(s) = LS *¥DiS  +- ¥ bye (1.1)

n n-1
(s'+a;s "+--+ay)

where the system identification determines the values of the numerator coeffi-
cients ( bg, by,..., b,,) and denominator coefficients (a,,..., a,). An example of
a transfer-function representation for the frequency-response /9, is shown in
the dashed curve of Fig. 1.5. The transfer function is one type of parametric
model*? because it is composed of a limited set of characteristic quantities, or
parameters—in this case the numerator and denominator coefficients of the
transfer function.

1.1.3 State-Space Model

The ultimate product of a more intensive system-identification effort can be a
parametric model composed of the complete differential equations of motion that
characterize the MIMO behavior of a fixed-wing or rotary-wing aircraft. The lin-
ear equations of motion for small perturbations about a trim flight condition are
represented in state-space form as

X = AX+ Bu(t-1) (1.2)

where the control vector u is composed of the control-surface deflections (inputs)
of Figs. 1.1 or 1.2, and the vector of aircraft states x is composed of the response
quantities (speeds, angular rates, and attitude angles). The time-delay vector t
allows a separate time-delay value for each control axis as a lumped representation
of the higher-order dynamics (e.g., actuators, linkages, etc.) that are not explicitly
included in the state-space model. Typically, the set of available flight-test mea-
surements y is composed of a subset of the states; y can also include combina-
tions of the states, such as the angles of attack and sideslip as measured by a nose
boom sensor. The measurement vector can also include additional quantities, such
as the accelerometers shown in (Fig. 1.1), which respond directly to control
inputs. The general form of the measurement vector can therefore be written as

y = Cx+Du(t-1) (1.3)

System identification determines the values of the matrices A, B, C, D and the
vector T that define the state-space model.

The level of complexity of the state-space model required to characterize the air-
craft response depends on the vehicle configuration and intended application of the
model result. Tables 1.1 and 1.2 show that models can range from three degrees of free-
dom (DOF) for a typical fixed-wing configuration to 13 DOF for an agile rotorcraft
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6 AIRCRAFT AND ROTORCRAFT SYSTEM IDENTIFICATION

Table 1.1 Models of fixed-wing aircraft dynamics

Applications/examples

Model DOF Assumptions in book (*)
Fully-coupledrigid  Six DOF: \ehicle is treated as a Asymmetric trim
body Three translations single rigid-body flight condition
(longitudinal, (fuselage/wing/tail) Asymmetric
lateral, vertical) Significant coupling configuration
Three rotations among all degrees-of- (e.g., yawed
(pitch, roll, yaw) freedom wing)
Decoupled Three DOF: \ehicle is treated as a Most conventional
longitudinal Two translations single rigid-body fixed-wing
(longitudinal, (fuselage/wing/tail) aircraft
vertical) Longitudinal and XV-15 cruise flight*

One rotation (pitch)

lateral-directional
degrees-of-freedom

Pathfinder UAV*
Shadow™ 200

Dec_oupl_ed lateral Three DOF: _ have little or no fixed-wing UAV*
directional One translation coupling STOVL*
(lateral) Aircraft has planar
Two rotations symmetry
(roll, yaw) Symmetric trim flight
condition

configuration. The tables summarize the key applications of the various levels of
model complexity and specific examples presented in this book. These models are
explained in greater detail in the context of various examples throughout this book.

1.2 Relationship Between Simulation and System Identification

In contrast to system-identification-based modeling, the simulation-based
approach to aircraft modeling involves adopting many a priori assumptions about
the vehicle characteristics. The model is typically built up from aerodynamic,
inertial and structural characterizations of the aircraft’s individual component
elements, such as the wing, tail, fuselage, rotor, etc. A simple approach to aero-
dynamic modeling can be based on first principles such as finite-wing theory or
from empirical data of similar aircraft components using DATCOM (Data Com-
pendium).® More complex aerodynamic models might make use of wind-tunnel
data or computational-fluid-dynamics (CFD) calculations. Estimates of the mass
and inertia properties of the aircraft components can involve coarse approxima-
tions or accurate CAD/CAM drawings. More complex structural models may be
based on NASTRAN calculations. A mathematical model is thus built up in
modular fashion. When incorporated into a simulation, the model is expected to
predict the aircraft dynamic response that results from given control inputs.

This physics-based modeling approach can be very labor intensive, requiring
the estimation or measurement of the aerodynamic, inertial, and structural proper-
ties of the many elements of the aircraft, but certainly it is a significant advantage
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Table 1.2 Models of rotary-wing aircraft dynamics

Applications/examples

Model DOF Assumptions in book (*)
Hybrid fully 13 DOF: Short-term regressive Applicable to all
coupled Coupled fuselage/ flap/coning/inflow rotorcraft
regressive-flap dynamics are modeled Required for
dynamics using first-principles configurations with
(eight DOF) physics equations. high flap stiffness

Coupled coning-
inflow dynamics

Lead-lag modeled in
canonical form

(i.e., low roll inertia
and/or large flap

(two DOF) Advancing rotor flap/lag hinge-offsets)
Lead-lag dynamics modes are beyond Bo-105*
(two DOF) frequency of interest. UH-60*
Engine torque Low-frequency rotor OH-58D*
response response is captured SH-2G*
(one DOF) using quasi-steady S-92*
derivatives.
Quasi steady Six DOF: Transient rotor dynamics Applicable to
Three translations are modeled as helicopters with
(longitudinal, equivalent time delays. small effective flap

lateral, vertical)
Three rotations

Rotor steady-state
response is modeled

stiffness
Fire Scout P2

(pitch, roll, yaw) as equivalent quasi- demonstrator*
steady fuselage UH-1H*
derivatives.

Quasi-steady Three DOF: Transient rotor dynamics Tilt-rotor
longitudinal Two translations are modeled as configuration:

(longitudinal, equivalent time delays V-22

vertical) Rotor steady-state XV-15 hover*

One rotation (pitch)

Quasi-steady
lateral
directional

Three DOF:

One translation
(lateral)

Two rotations
(roll, yaw)

Rotor dynamics are
treated as
uncoupled from
the fuselage.

response is modeled as
equivalent quasi-steady
fuselage derivatives.

Longitudinal and lateral-
directional degrees of
freedom are not
coupled.

Aircraft has planar
symmetry.

Tandem-rotor
configuration:
CH-47
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Fig. 1.6 Simulation vs system identification.

that this can be done before the aircraft has been built. In some cases the agree-
ment between the predicted and measured dynamic behavior is unsatisfactory, at
least initially, before “tuning,” because of the accumulated uncertainties and mod-
eling simplifications. The approach is less suitable for small unmanned air vehi-
cles (UAVs), which often have unique designs that are not similar to any existing
database.

System identification and simulation modeling can be seen as inverse proce-
dures, as shown in Fig. 1.6. In system identification the aircraft response is mea-
sured, and a dynamic model is extracted from the data, the reverse of developing
a simulation. This extracted model can be compared directly with the simulation
model, thereby providing greatly increased physical understanding about the
nature of the characteristics of the physical systems that are being modeled. One
role of system identification is to quantify where the actual and predicted motions
do not match and to provide information on proper tuning for improved predic-
tion accuracy. In that respect the two procedures, one forward and one inverse,
are highly complimentary.

Key applications of system-identification results include piloted simulation
models, comparison of wind-tunnel vs flight measurements, validation and
improvement of physics-based simulation models, flight-control system develop-
ment and validation, and handling-qualities specification compliance testing. For
example, the U.S. Army’s modern specification for the handling qualities of
rotorcraft (ADS33E Ref. 4) requires the use of system-identification procedures
to extract parameters such as bandwidth and phase delay directly from flight-test
frequency-response data. Handling-qualities criteria acceptance testing for U.S.
fixed-wing aircraft (MIL-STD-1797 Ref. 5) involves using system identification
to extract transfer-function models, also referred to as equivalent system models,
from flight-test frequency responses. System-identification procedures and exam-
ple results of handling-qualities and flight-control analyses of rotorcraft and
fixed-wing aircraft are presented extensively in this book.

1.3 Special Challenges of Rotorcraft System Identification

There are special problems and challenges in system identification from rotor-
craft flight data as compared to data from fixed-wing aircraft. Rotorcraft data
generally exhibit a reduced signal-to-noise ratio in the measurement data, espe-
cially for low-speed and hovering flight regimes. In such regimes, the com-
manded vehicle motions (signal) are often the same order of magnitude as the
noise contributions to the measurements arising from vibrations (rotor, engine,
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and drive train), fuselage structural response, and unsteady air mass (inflow)
passing through the rotor.

Further complications for rotorcraft applications arise from the high-order
nature of the vehicle dynamics as compared to a fixed-wing aircraft. The rotorcraft
cannot generally be considered as a single rigid body (i.e., fuselage/wing/tail) and
must be modeled as a coupled multibody dynamics system. There is strong cou-
pling between the dynamics of the rotor blades and the dynamics of the air flow
passing through the rotor (inflow) with those of the fuselage, control system, and
engine, so that as many as 13 degrees of freedom (or even more) are often neces-
sary to model the dynamic response accurately. The planar symmetry of a fixed-
wing aircraft also leads to considerable simplification of system-identification
model structures, decoupling into a three-DOF model for the longitudinal dynam-
ics and a separate three-DOF model for lateral/directional dynamic characteristics.
Such simplifying assumptions are generally not possible with single-rotor helicop-
ters, and the fully coupled lateral/longitudinal dynamic system must be taken into
account in order to extract a model that is accurate for predicting the responses to
control inputs. The various assumptions for fixed-wing aircraft and rotorcraft lead
to the range of state-space models as summarized in Tables 1.1 and 1.2.

A last and very important characteristic of both rotorcraft and many modern and
high-performance fixed-wing aircraft is that these vehicles generally exhibit
dynamically unstable response characteristics. This is reflected by important
eigenvalues of the short-term response in the right half-plane. As a result, the flight
tests have to be completed with feedback by the pilot or with the automatic flight-
control system active (closed-loop testing) to keep the responses within a reason-
able range of amplitudes. As will be discussed later, this aspect can impact the
suitability of the identification methodology selected: time domain vs frequency
domain.

The AGARD Flight Mechanics Panel Working Group 18, under the able lead-
ership of Peter G. Hamel (DLR), researched and developed system-identification
methods suitable for the rotorcraft. The product of this effort was the comprehen-
sive report AR 280 (Hamel™) that covers international activities, flight-test and
identification techniques, detailed results, and key applications. There is a wealth
of useful information in this report for further study on rotorcraft applications of
system identification.

1.4 More About the Role of Nonparametric vs Parametric Models
in Flight-Vehicle System Identification

As we introduced in Sec. 1.1, there are two types of models to consider when
discussing system identification: nonparametric and parametric models. This sec-
tion describes the key roles for each type of model and some important distinc-
tions, as summarized in Table 1.3.

In the case of nonparametric models, we are concerned with characterizing
only the measured input-to-output behavior of the aircraft dynamics, not the
nature of the aircraft equations of motion. Examples of nonparametric modeling
are impulse responses (time domain) and frequency responses (frequency
domain), which are both derived directly from the test data. In either case no
assumptions are required about the structure of the dynamic model.
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Table 1.3 Nonparametric vs parametric models

Characteristic

Nonparametric models

Parametric models

Examples

SISO systems

MIMO coupled
systems

A priori
assumptions

Frequency-response
method of system
identification

Include impulse responses (time
domain) and frequency
responses (frequency
domain)

Fully characterized by the
frequency-response curve

Fully characterized by the
frequency-response matrix

Nonparametric models are
based on measured input-to-
output behavior of the
aircraft dynamics. No other
a priori assumptions about
the model are required.

Starts by identifying a non-
parametric model
(a frequency response
or a matrix of frequency
responses)

Include transfer-function and
state-space models (time and
frequency domain)

Fully characterized by the transfer-
function model

Fully characterized by the state-
space model

Parametric models require a priori
assumptions about the model,
such as its order, degree of
coupling, structure of the equations
of motion, and initial estimates of
key parameters.

Uses the information obtained from
the nonparametric models as the
basis for identifying parametric
models (either a transfer-function
model or a state-space model)

Applications
include

Handling-qualities analysis in
terms of the bandwidth and
phase-delay parameters

Pilot-in-the-loop analysis

Stability margin determination

Classical control system
design

Validation and tuning of
physics-based simulation
models.

For transfer function (SISO):

Short-term response to control
inputs (e.g., roll-rate response to
aileron input)

Obtaining information about the
stability, transient behavior, and
key time constants of a system

Control system synthesis based on
root-locus techniques applied to
bare-airframe response

Handling-qualities analysis using
equivalent system models of the
closed-loop response of an
aircraft to piloted inputs with the
AFCS active

For state-space model (MIMO):

Determination of simulation
models for piloted simulation

MIMO control system design

Comparison of wind-tunnel vs
flight values of stability/control
derivatives

Direct determination of correction
factors for tuning physics-based
simulation models
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In contrast, parametric modeling requires that certain assumptions must be
made, including the following:

1) What model order is necessary to capture the key dynamics?

2) How highly coupled are the dynamics degrees of freedom?

3) What is the proper structure of the equations of motion?

4) What are good initial guesses for identification parameters?

For new or unconventional aircraft configurations, there might not be a good
basis for making these modeling assumptions at the start of system identification.
But once a model structure is known, what remains is to determine the values of
the unknown coefficients in the model equations. Here the general problem of
system identification reduces to the more restricted problem of parameter
estimation.®

Nonparametric system-identification modeling provides excellent insight into
the key aspects of the aircraft dynamics before moving on to the more complex
parametric modeling stage. For example, the nonparametric results can be used to
great benefit in selecting the appropriate order of the transfer-function and/or state-
space models. The frequency-response identification method presented in this
book is an integrated two-stage process of nonparametric followed by parametric
modeling.

There are many applications based solely on the frequency-response character-
izations, including handling-qualities analysis in terms of the bandwidth and
time-delay parameters, pilot-in-the-loop analysis, stability margin determination,
classical control system design, and validation and tuning of physics-based simu-
lation models. For these and many other applications, the nonparametric model is
often sufficient.

The parametric modeling stage generally involves a more intensive effort, with
added focus on the physical understanding of the system being modeled to ensure
that the appropriate model structure is adopted. Parametric modeling in the fre-
quency domain can take two forms: transfer-function and state-space models. The
simplest form uses transfer functions, which are the pole-zero representations of
individual SISO frequency-response pairs. For example, simple low-order transfer
functions can often be used in fixed-wing applications to accurately model the
short-term response to control inputs (e.g., roll-rate response to aileron). These
transfer-function models provide the key dynamic modes and control sensitivities.
Transfer-function models of the bare-airframe response can be used directly for
control system synthesis based on root-locus techniques, whereas equivalent sys-
tem models of the closed-loop response with the automatic flight-control system
(AFCS) active are widely used for handling-qualities analyses.

In some applications, it might be necessary to proceed to the ultimate identifi-
cation step of extracting a state-space description in terms of identified stability and
control derivatives. An example of a stability derivative L, is the rolling moment
caused by roll rate, normalized by the roll moment of mertla [Lp =(1/1,,)(d L/ap)]
The units of this angular response derivative are (rad/s )/ (rad/s) = s ! which is
the response inverse time constant 1/T . An example of a control derlvatlve (LfS )
is the rolling moment caused by aileron deflection, normallzed by the roll moment
of inertia [L6 = (1/1,,)(dL/95,)]. This has units of (rad/s )/ deg-ail, which is the
initial angulat acceleration response per deg of aileron deflection. System identi-
fication canalso provide aphysical model given in terms of basic vehicle mechanical
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and aerodynamic quantities such as spring constants or the aerodynamic lift-curve
slope that appear in the physical equations of motion of the aircraft. State-space
model determination is the most sophisticated and labor intensive of the modeling
techniques, and much of the CIFER® system-identification facility is designed to
support this step. Applications requiring identification of state-space models
include the determination of simulation models for piloted simulations, MIMO con-
trol system design, the comparison of wind-tunnel vs flight values of stability and
control derivatives, and the direct determination of correction factors for tuning
physics-based simulation models.

A tradeoff exists for model complexity vs model variability.? Retaining extra-
neous parameters in a model can incrementally reduce the fitting error, but result
in a higher variability of the estimated parameters. Further, models that are over-
parameterized or overmodeled can result in a model with poorer predictive capa-
bility.” This tradeoff reflects the general principle of parsimony,? for which
we quote a good definition given by Klein and Morelli®: “Given two models fitted
to the same data with nearly equal residual variances (i.e., errors), choose the
model with the fewest parameters.” Considerable emphasis is given in this book
to systematic methods of model structure reduction that achieve this goal.

1.5 Frequency-Response Identification Method Is Well Suited
to Flight-Vehicle Development

System identification is a key technology for modern fly-by-wire flight-vehicle
development and integration. Frequency-response-based methods in particular
provide a unified flow of information regarding system performance around the
entire life cycle from specification and design through development and flight
test, as seen in Fig. 1.7.

This theme is addressed at length by Tischler,” with examples based on many
flight- and ground-based applications. Specific roles are shown in the highlighted
boxes at each step in the cycle, including the definition of system requirements,
specification and analysis of handling qualities, evaluation of proposed control-
law concepts, validation and improvement of complex simulation models, valid-
ation of subsystem components and development facilities, and flight-test
optimization of control laws. A similar road map for the application of system-
identification methods to rotorcraft development was previously proposed by
Schrage (Ref. 10, Section 3.1). Examples of system-identification applications in
recent international manned flight-vehicle programs are described in Tischler’s
volume on aircraft flight control.** System-identification techniques have proven
highly effective in supporting UAV development for a wide range of vehicle sizes
and configurations, including the important role for modeling and flight-control
development when schedules are highly compressed, as is often the case for
smaller-sized vehicles. When significant modifications to vehicle inertia charac-
teristics and configuration are made on an almost daily basis, physics-based mod-
eling become impractical. Instead, a quick frequency-sweep test and system
identification can rapidly provide the needed dynamic models for flight mechan-
ics characterization and control law tuning. This is discussed in a survey paper by
Theodore et al.,*> which covers UAV experience at the Ames Research Center
during the period 1995-2003.
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Sensor accuracy / kinematic consistency

Drastic time reduction wrt dwell-decay methods FCS specs from sim/flight data
Accurate models of all systems/subsystems Stab margins for notch filter design
Real-time envelope expansion / control optimization Sensor placement
Elimination of hunt and peck solution methods Select model-following dynamics
Rapid solution to integrated problems Starting point for ‘paper trail’
Spec compliance

Specifications

Flight test

UNITED STATES ARMY

Development Simulation

FCS Software validation
Accurate hardware models
Dynamic analysis of WT data
Integrated system perf / delays
Nonlinearities

Complex distributed model verification
Linear model determ/valid
Accurate sim model from prototypes
Control system tuning & evaluation
Lower-order models

Visual / motion fidelity
Math model fidelity
Engineering approach to model improvement
Characterize pilot workload
Determine hardware bandwidth requirements
Validate control law implementation
Effects of higher-order dynamics

Fig. 1.7 Roles of system identification in the flight-vehicle development process
(Ref. 9).

This book presents a frequency-response-based approach illustrated in
Fig. 1.8. As discussed in the detailed presentation of the approach (Chapter 2),
there are fundamental aspects of the frequency-response identification method
that make it especially well suited for system identification of aircraft and rotor-
craft dynamics models from flight-test data. Although many system-identification
methods can be shown to produce satisfactory results using simulation (i.e., syn-
thesized) data or test data from simple second-order systems, they often prove
unreliable when applied to real flight data of aircraft and rotorcraft. The fre-
quency-response identification method was developed and refined in numerous
applications to aircraft and rotorcraft flight data, as illustrated in the many exam-
ples and references in this book.

Differences between the frequency-response and time-response methods that
are especially significant for aircraft and rotorcraft applications are summarized
in Table 1.4. Similarities between the methods are as follows: good results
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Fig. 1.8 Flowchart of frequency-response method for system identification.

depend on satisfactory excitation of key dynamic modes; multiple inputs must
not be fully correlated; identification of parametric models—transfer-function
models (SISO) and state-space models (MIMO); and models are ultimately veri-
fied in the time domain. These aspects are discussed in more detail in Sec. 2.2
and throughout the book. Comparative studies of time- and frequency-domain
methods were conducted under a U.S./German memorandum of understanding
(MOU) using flight-test data from the XV-15 tilt-rotor aircraft'® and the Bo-105
helicopter.*

The frequency-response identification method is particularly well suited to
support the development and validation of flight-vehicle dynamic systems. The
direct comparison between flight-test frequency responses and those from simu-
lation models provides an excellent means of model validation and update for the
system components (e.g., actuators, sensors, airframe, flight-control software) as
well as the end-to-end behavior. Feedback stability and noise amplification prop-
erties are determined from the broken-loop frequency response and characterized
by metrics such as crossover frequency and associated gain-and-phase margins.
Command tracking performance is determined from the closed-loop frequency
response and characterized by metrics such as bandwidth, time delay, and
equivalent-system eigenvalues. The system-identification approach presented in
this book allows the direct and rapid (including real-time) identification of these
frequency responses and metrics without the need to first identify a parametric
(state-space) model structure, as is required when applying time-domain meth-
ods. Careful tracking of the broken-loop and end-to-end closed-loop frequency-
response behavior, from the preliminary design studies through detailed design
and simulation and into the flight test, provides an important “paper trail” for
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Table 1.4 Comparison of frequency-response and time-response methods

Characteristic

Frequency-response methods

Time-response methods

Method for linear and
nonlinear models

Initial data

How models are
identified

Starting the method

Noise

Independent measure
provided

Responses

Time delays

Bias or reference shifts

Frequency-response methods
provide a linearized
characterization of system
dynamics. For nonlinear
systems, this produces a
describing function model.

Consist of frequency responses
(derived from time-history data)

By matching predicted frequency
responses against measured
frequency responses

Frequency-domain methods start
by calculating frequency
responses, getting some
preliminary information about
the model structure, and then (if
necessary) identifying a more
detailed and accurate parametric
model structure.

Bias effects of noise in response
measurements and process noise

are eliminated from the analysis.

Coherence function provides a
direct and independent measure
of system excitation, data
quality, and system response
linearity.

Response pairs are fit only in the
frequency range over which the
data are accurate.

Direct and precise identification of
time delays caused by linear
phase shift with frequency

No biases or reference shifts to be
identified

Time-response methods can be
used to obtain linear or
nonlinear models.

Consist of time-history data

By matching predicted time
histories against measured
time histories

Time-domain methods must start
by assuming or otherwise
identifying the parametric
model structure.

Noise models must be identified.
If the presence of noise is
ignored (either output error or
equation error formulation), it
will introduce biases in the
identification results.

No independent metric to assess
system excitation and linearity.

Fit over the same time (and
frequency) ranges

Not identified directly

Must be identified and can be
correlated with aerodynamics
parameters

(Continued)
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Table 1.4 (continued)

Characteristic

Frequency-response methods

Time-response methods

Number of points

Algorithms or
equations used

Small number of points are
included in iterative
identification criterion, which
improves computational
efficiency.

Identification algorithms are very
efficient because frequency
responses are determined

Large number of points are
included in iterative
identification criterion
(e.g., factor of 30 increase).

Equations of motion must be
numerically integrated in time
for each iterative update in the

Unstable systems

Typical input

Parameter accuracy
bounds

algebraically from updated
parameters.

parameters.

Good results are obtained with
unstable systems (e.g.,
rotorcraft, high-performance
fighter aircraft).

Special techniques for
application to unstable
systems can degrade the
quality of the results.

Frequency sweep (broadband
input) involving longer flight-
test records than multistep
inputs

Multistep (e.g., doublets,
3-2-1-1) involving shorter
record lengths

Accurate estimates Very optimistic estimates

(factor of 5-10)

documenting system performance and solving problems that might appear in the
later phases of development.

The availability of comprehensive and reliable computational tools has sub-
stantially enhanced the acceptability of frequency-domain techniques in the
flight-control and flight-test communities. Benefits derived from applying these
techniques include the reduction of flight-test time required for control-system
optimization and handling-qualities evaluation, especially for complex control-
law architectures, as well as improvements in the final system performance.
Frequency-domain methods offer a transparent understanding of component and
end-to-end response characteristics that can be critical in solving system integra-
tion problems encountered in flight test.

The Army/NASA Rotorcraft Division (Ames Research Center) jointly devel-
oped the Comprehensive Identification from Frequency Responses (CIFER®;
Ref. 15) integrated facility for system identification based on the frequency-
response approach of Fig. 1.8. This tool is composed of six core analysis pro-
grams built around a sophisticated database, along with a set of user utilities to
provide a highly interactive, graphics-oriented environment for dynamics studies.
The foundation of the CIFER® approach is the high-quality extraction of a com-
plete MIMO set of nonparametric input-to-output frequency responses. These
responses fully characterize the coupled characteristics of the system without a
priori assumptions. Advanced chirp z-transform (CZT) (Chapter 7), multi-input
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conditioning (Chapter 9), and composite window techniques (Chapter 10), devel-
oped and exercised with over 20 years worth of flight project applications, provide
significant improvements in frequency-response quality relative to standard fast
Fourier transforms (FFTs). Sophisticated nonlinear search algorithms are used to
extract parametric models of varying complexity from this MIMO frequency-
response database that are used in simulation, handling-qualities, and flight-
control studies.

The key features of the CIFER® tool are as follows: 1) identification algorithms
that have been extensively applied and proven on many flight projects; 2) imple-
mentation of frequency-response identification in a step-by-step sequence of core
programs; 3) checks of user inputs against key guidelines (as summarized in
Appendix A); 4) chirp z-transform and composite window optimization for high-
quality frequency-response identification; 5) multi-input frequency-response solu-
tion; 6) highly flexible and interactive definition of identification model structures;
7) fully automated weighting-function selection based on frequency-response
accuracy; 8) reliable parameter accuracy metrics; 9) integrated procedure for iden-
tification and model-structure determination; 10) time-domain verification of
models, including identification of offsets and biases; and 11) a suite of specialized
utilities that support many of the applications just mentioned, which is uniquely
suited to the difficult problems associated with flight-test data analysis.

CIFER® is the first such integrated package for the end-to-end frequency-
response identification method, and it has proven to be a very effective tool for
the difficult problems of rotorcraft system identification. CIFER® has seen wide
use for a range of fixed-wing, rotary-wing, and UAV programs.

1.6 Role and Limitations of Flight-Mechanics Models Determined
with the System-ldentification Method

Physics-based simulation models provide the first estimates of vehicle
response prior to first flight. Developing a simulation model entails a comprehen-
sive effort to determine the many geometric, aerodynamic, and mechanical
parameters required for the input deck. As demonstrated herein and in many
other validation studies (e.g., Ref. 10, 16, and 17), key physical parameters (such
as inertias) or physical effects (such as cross coupling or rotor/fuselage aerody-
namic interaction) are poorly known. Thus, for example, even after the comple-
tion of an expensive blade-element-type modeling effort for a helicopter
simulation, there ensues an intensive “validation effort” to bring the simulation
closer to flight. The accurate determination of flight-control parameters and the
rapid solution of complex flight-control interactions on modern aircraft demand a
degree of model precision that can quickly (and perhaps only) be achieved using
system identification (e.g., Refs. 17-20) in the early flight-test stage. System-
identification results can then be used to update the physics-based simulation
models (as in Tischler et al.™").

The compressed development schedule of UAV compared to manned aircraft
(e.g., 6-12 months rather than 5-10 years) and unusual configurations often pre-
clude the physics-based modeling approach; as a consequence, flight-control
development can depend entirely on system-identification models obtained from
dedicated flight tests at the start of the program, as was the case in the development
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of the Northrop-Grumman vertical takeoff UAV (VTUAV) demonstrator®® and
other recent UAV projects.*?

An often-cited deficiency of the system-identification approach is that the
identified parameters reflect the “lumped” contributions of numerous physical
mechanisms. For a rotorcraft application, the identified rotor flap stiffness Lg B
has key contributions as a result of hinge offset, rotor hub height above the c.g.,
and roll inertia. The identified stability derivative parameters such as X, or M,
reflect even more numerous and offsetting contributions. This lumping of aerody-
namics and dynamics contributions in a single effective parameter often makes it
difficult to track down the individual physical contributions as a means to
improve the fidelity of physics-based simulation models. However, as far as the
pilot or the flight-control system is concerned, the dynamic response characteris-
tics depend solely on these lumped parameters, such as the dependency of
response bandwidth and other handling-qualities metrics on the rotor flap stiff-
ness Lg (Ref 21). Pilot opinion of the dynamic response is largely a function of
the crossover characteristics, which emphasize the importance of input-to-output
frequency-response accuracy rather than the individual contributions of modular
elements of the aircraft.

Another concern often raised in conjunction with system identification is the
range of variations in flight condition over which the models are accurate. The fre-
quency-response identification method produces a describing function that is a
linear model which best models the nonlinear responses. The aircraft and rotor-
craft results presented herein show that these identified models accurately predict
the response for fairly large aircraft motions (e.g., as large as 30 deg/s in roll) and
thus are not small-perturbation models in the classical sense. Therefore, models
identified at a limited number of conditions with a common model structure might
be sufficient to characterize the dynamic variations for flight-control design and
allow interpolation for continuous flight simulation and control system gain
scheduling at intermediate speeds. This approach to simulation model determina-
tion has been used widely in the fixed-wing community.?? Ultimately, the integra-
tion of physics-based simulation modeling and system-identification-based model
extraction will yield the high-fidelity full-flight envelope predictions needed for
flight control and handling-qualities applications.?

1.7 Brief History of the Development of Frequency-Domain
Methods for Aircraft and Rotorcraft System Identification

This section summarizes key milestones in the development of frequency-
domain methods for aircraft and rotorcraft system identification. An excellent
and in-depth historical survey that covers the development of both time- and
frequency-domain methods of flight-vehicle system identification was published
by Hamel and Jategaonkar.?*

The earliest reported research in frequency-response identification of aircraft
dynamics from flight-test data was conducted at the Cornell Aeronautical Labora-
tory beginning in 1945 (summarized in Milliken®). Steady-state sine-wave
inputs were used to (laboriously) extract the frequency responses of the North
American B-25J fixed-wing aircraft. Lower-order transfer-function models were
then derived from a least-squares fit of the frequency responses displayed on a
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polar plot. Fourier transform methods were subsequently developed®?® to allow
frequency-response identification from shorter-duration discrete maneuver data,
such as those obtained from step and pulse inputs. These techniques were applied
in flight research activities at the Air Force Flight Test Center (Edwards Air Force
Base) during the 1950s (see Schofield et al.?” for a list of references). Various
methods for determining frequency responses and transfer functions from aircraft
flight-test data were also developed in the same time period at the NASA Langley
Research Center.?® These methods included steady sine waves, Fourier analysis,
and a mechanical rolling sphere harmonic analyzer. Donegan et al.?® used a fitting
method to extract aircraft lateral-directional stability derivatives from the identi-
fied frequency responses. Early experience with helicopter frequency-response
identification was reported by Kaufman and Peress,*® who used a constant fre-
quency flight-test method to (laboriously) obtain frequency responses of the S-55
helicopter. Schultz®* mentions the use of the rolling sphere harmonic analyzer to
extract frequency responses from transient-response flight data of the XHO03S-2
helicopter. The helicopter stability derivatives for longitudinal motion were then
determined from these frequency responses using fitting methods. As pointed out
by Schofield et al.,?" all of the early efforts in frequency-response identification
suffered from the lack of large-scale computing power. The development of the
FFT algorithms in the 1960s and the significantly improved computing capabili-
ties of this period led to much greater interest and success in frequency-response
identification.

Marchand and Koehler,®? of the Institute for Flight Mechanics (DFVLR, now
DLR) in Braunschweig, Federal Republic of Germany, developed an equation-
error method for state-space model identification from frequency-transformed
data. Flight data were obtained with prescribed multistep control inputs known as
the “3-2-1-1” excitation, developed by the DFVLR and now widely used, in a key
outgrowth of research in optimal input design. Klein,*® from the George Washing-
ton University Joint Institute for Advancement of Flight Sciences at the NASA Lan-
gley Research Center, formalized a frequency-domain-based maximum-likelihood
(ML) method for aircraft parameter identification. The frequency-domain ML
method was further developed by Marchand and Fu®* at the DLR and applied in
many flight-vehicle programs, including the X-31 fixed-wing® and the Bo-105
helicopter.®**” Rotorcraft identification in the frequency domain using equation-
error and output-error methods has also been a dedicated focus in the United
Kingdom,®* including unique flight-test applications to autogyros.* Morelli, a
colleague of Klein at the NASA Langley Research Center, advanced equation-
error/output-error methods in the frequency domain and compared his lower-order
system identification results on the Tu-144LL with those of CIFER® (Ref. 41).
Morelli has also developed methods for optimal input design and recursive methods
for online frequency-response determination and parameter estimation.®

A comprehensive tool for multivariable frequency-response (matrix) identifica-
tion and analysis (frequency-response analysis, or FRA) was developed by Twis-
dale and Ashurst* of the Air Force Flight Test Center at Edwards Air Force Base.
One key feature of the FRA identification approach was the incorporation of the
ordinary, partial, and multiple coherence function calculations, which provide
important measures of spectral estimation accuracy for multi-input excitations (see
Chapter 9). Twisdale’s flight-testing approach, system identification from tracking
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(SIFT), achieved frequency-response identification from handling-qualities eval-
uations of air-to-air tracking and flight refueling. Frequency-response identifica-
tion from flight data obtained with the prescribed frequency-sweep input was
pioneered by Systems Technology, Inc. (STI) for applications that included
research aircraft,*® manned-powered aircraft,** and simulators.”® The STI fre-
quency-sweep testing technique was a simplification of an earlier flight-test
method by Hall,*® which used a metronome-like paced command (via earphones)
to signal the pilot to reverse the control input with variable duration square waves.
STI also developed specialized packages for frequency-response identification
(Frequency Domain Analysis Routine, FREDA; Magdaleno*’) and for extracting
parametric state-space models by simultaneously fitting several frequency-
response data curves (Multiple-Response Fitting Program, MFP; DiMarco and
Magdaleno®®). Advancements in lower-order transfer-function modeling were also
made by Hodgkinson et al.,*® Bischoff and Palmer,® and Mitchell and Hoh®! in
support of the development of an updated handling-qualities specification for
military fixed-wing aircraft.>

Tischler of the U.S. Army Aeroflightdynamics Directorate (Ames Research
Center) was the first to extensively identify frequency-response and transfer-func-
tion models of rotorcraft from flight tests using frequency-sweep inputs. The initial
applications were to the XV-15 tilt-rotor aircraft> and the Bell 214ST helicopter.>
Tischler and Cauffman®® developed CIFER® (Comprehensive Identification from
Frequency Responses), an integrated facility for system identification using a fre-
quency-response method that embodies several key innovations. Significant
improvements in frequency-response identification accuracy were achieved with
the chirp z-transform and a numerical optimization procedure that combines the
results of individual spectral window calculations. The use of a robust secant-pat-
tern search algorithm, rather than a gradient search method, allows the extraction
of complex models of up to 100 unknown parameters, simultaneously matching up
to 80 multi-input/multi-output frequency responses, with constraints among the
identification parameters easily included. Another unique innovation in CIFER® is
the integration of coherence function information and theoretical-accuracy metrics
into a powerful unified approach for parametric model-structure determination and
identification.

1.8 Organization of this Book

The frequency-response method for system identification flowchart in Fig. 1.8
is also the road map for the organization of the remainder of this book. Each
block in Fig. 1.8 is covered sequentially by one or more chapters and is also sup-
ported by a specific function in CIFER®. At the end of each chapter is an exercise
set intended to give the students hands-on experience with a wide range of appli-
cations of the techniques covered therein. The flight-test and simulation data for
aircraft and rotorcraft configurations needed for these exercises can be down-
loaded from the publisher’s website along with a student version of CIFER®.

Chapter 2 explains in detail the frequency-response method for system
identification, which is the focus of this book, and is implemented in CIFER®.
Typical results of the frequency-response identification method as obtained for
the XV-15 tilt-rotor aircraft are presented for hover and cruise flight conditions.
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The system-identification methods presented throughout this book make use of
three case study examples, which are introduced in Chapter 3. The first case
study is of a simple inverted pendulum, and it provides a convenient demonstra-
tion of the system-identification methods, accuracy, and interpretation of the
results for a known set of dynamics. The main case studies of system identifica-
tion of flight vehicles are based on flight-test data for the XV-15 tilt-rotor aircraft
in hover and cruise conditions. The hover results are typical of rotorcraft applica-
tions, whereas the cruise results are typical of fixed-wing aircraft applications.
The XV-15 presents a useful case study, using a single vehicle, to illustrate key
aspects of aircraft and rotorcraft system identification as presented in this book.
Many other examples, drawn from the leading author’s system identification
experience with a broad range of flight-test, bench-test, simulation, and wind-
tunnel programs, are also presented throughout the book.

Chapter 4 serves as an introduction to the CIFER® software, which is used
throughout the book to develop and illustrate the example results. The material
in this chapter is not intended to be a user’s manual. A student version of the
CIFER® software and a primer are available without charge via the AIAA web-
site or by contacting the leading author. Chapter 5 focuses on the first step in
the system identification process of Fig. 1.8: the collection of a well-suited time-
history database. The ultimate quality of the identification results is highly
dependent on 1) properly designed and executed flight tests of the aircraft being
studied and 2) properly selected and well-documented characteristics of the
instrumentation system. Regardless of how much care is taken in instrumenta-
tion and flight testing, there will often exist kinematic inconsistencies between
independent measurements of dynamically related variables. Chapter 6 covers
typical sources of data inconsistencies and presents both sophisticated and sim-
ple methods for isolating and correcting for such errors. The basic concepts of
single-input/single-output (SISO) frequency-response identification theory are
presented in Chapter 7. The importance of windowing and the tradeoff associ-
ated with window length selection is discussed at length. An understanding of
these concepts is an important prerequisite to the success of the system identifi-
cation process.

Chapter 8 addresses the identification of bare-airframe dynamics from flight-
test data with feedback regulation active. The greatest concern here is that the
stability and control augmentation system (SCAS) feedback introduces correla-
tion between the output noise and the bare-airframe excitation signal. Depending
on the noise-to-signal ratio, this correlation can cause significant bias errors in
the frequency-response estimate. Chapter 9 discusses the identification of
MIMO systems from flight-test records where there is excitation from more than
one control surface (input) and coupling between the multiple inputs and out-
puts. In this case the use of SISO identification methods can result in consider-
able errors in the frequency-response identification results. Instead, the MIMO
frequency-response matrix must be determined. The composite window tech-
nique presented in Chapter 10 combines the frequency-response results obtained
with various window sizes into a single, MIMO frequency-response matrix of
exceptional quality and dynamic range. This optimization-based technique is
unique to the CIFER® identification procedure. The need for manual optimiza-
tion of window size and the compromise involved in selecting a single window
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size are drawbacks of other frequency-domain methods, drawbacks that are
overcome by CIFER®.

Chapter 11 discusses the determination of transfer-function representations,
which are input-to-output descriptions of the dynamic system. For many applica-
tions these rather simple transfer-function models are found to be quite sufficient,
including handling-qualities analysis, actuator and other subsystem models,
aeroelastic mode determination, and models for root-locus-based control system
design. Even if the ultimate goal is the determination of a fully coupled state-
space representation, the transfer-function models are a useful intermediate step
in that they provide information on the fundamental dynamic characteristics and
good estimates of key parameter values.

Direct identification of state-space models is covered in two chapters (Chap-
ters 12 and 13). Chapter 12 presents the basic concepts, the implementation
method in CIFER®, and applications to canonical representation of SISO sys-
tems. Chapter 13 extends the discussion to the identification of physical structure
representations of MIMO systems. An important assessment of the model fidel-
ity, robustness, and the limitations of the linear model is provided by evaluating
the predictive capability in the time domain for test inputs, such as steps or dou-
blets, which are dissimilar from those used in the identification. In this last step in
the system-identification procedure, covered in Chapter 14, the model parameters
are held fixed, and only the flight data offsets and biases are determined. Then the
predicted response of the model is compared with the flight data.

To improve their maneuverability, modern helicopters often feature designs with
higher flap stiffness, achieved with increased equivalent hinge offset (including
hingeless and bearingless rotors) and/or low fuselage moments of inertia. An accu-
rate characterization of the dynamic response requires an extended model structure
that explicitly includes the states of the rotor. Chapter 15 presents the hybrid model
structure that is applicable for a range of flap stiffness values and is suitable across
the flight envelope. Flight-test results for the SH-2G helicopter show that the hybrid
model provides an excellent characterization of the coupled rotor/fuselage dynam-
ics and is a suitable common model structure for the entire flight envelope. The for-
mulation and methods presented in this final chapter provide a general template for
helicopter system identification. The student problems at the end of this chapter use
simulated test data for a typical helicopter and give the student experience with the
most challenging aspects of state-space model formulation and identification.

Problems
System-identification concepts

1.1 How could system-identification techniques be used to improve a simula-
tion model?

1.2 Provide some examples of dynamic subsystems on an aircraft that could be
identified with system identification.

1.3 What types of measuring devices could be used to measure the inputs and
outputs for system identification of an aircraft?
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Nonparametric vs parametric models

1.4 What is a nonparametric model? What is a parametric model? Give an
example of a situation for which each model type would be appropriately used.

1.5 What types of information about system dynamics (i.e., types of metrics)
can be determined from parametric models? From nonparametric models?

1.6 How could a nonparametric frequency-response model be used to assess the
validity of a simulation model? How is this different than comparing the two
responses in the time domain?
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2
Frequency-Response Method for
System Identification

This chapter presents a general overview of the frequency-response method for
system identification, which is the focus of this book and is implemented in
CIFER®. We also present results of the frequency-response method obtained for
the XV-15 tilt-rotor aircraft, which, depending on its configuration, has flight
dynamics behavior typical of fixed-wing or rotary-wing aircraft. The following
topics will be covered in this chapter: 1) basic components of the frequency-
response method for aircraft system identification; 2) key features of the fre-
quency-response approach; and 3) overview of the frequency-response method
applied to the XV-15, including results for hover and cruise flight configurations.

2.1 Road Map of Frequency-Response Method for
System Identification

The overall road map for system identification using the frequency-response
method, illustrated by the flowchart in Fig. 2.1, is the basis for much of the orga-
nization of this book. Each of the elements of the flowchart will be briefly
described in this section, with the individual block names referenced in italics
within parenthesis.

The frequency-response method for system identification was developed to
accurately characterize the dynamic response behavior of fixed-wing aircraft and
rotorcraft from flight data. The models are intended for use in a wide range of
applications (Applications), including control system design, handling-qualities
analysis, and the determination and validation of simulation math models. The
method uses dynamic response time-history test data (e.g., from flight, piloted
simulation, bench tests) generated from pilot- or computer-generated inputs, such
as sweeps or other inputs with good spectral content (Frequency Sweep Inputs).
These inputs excite the system vehicle dynamics (Aircraft), which could be an air-
craft or any other physical system or subsystem (e.g., actuators, filters) of interest.

After conducting the aircraft tests and collecting measurement data, the next
step is to check that the database is internally consistent and, to the extent possi-
ble, free of spurious noise (Data Consistency & Reconstruction) before actually
starting the identification process per se. The effects of known scale-factor errors
in the measurement system (a type of deterministic error) should be removed
from the data. For example, if there is a scale-factor error in a rate gyro measure-
ment of aircraft roll-rate response, this will show up as a scale-factor error in
aerodynamic roll-control sensitivity Ls . Other sources of deterministic errors
that can be introduced by the data system and should be corrected prior to system
identification include time skews, inconsistencies in units and sign conventions,
and biases. These will all introduce bias errors in the identified model parameters,

25
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Fig. 2.1 Flowchart of frequency-response method for system identification.

and later it will be impossible to tell that the seemingly incorrect or physically
unexpected results were in fact caused by a corruption or inconsistency intro-
duced by the measurement system.

Random or nondeterministic errors, such as dropouts and spikes, should also
be removed prior to identification. If there are dropouts, estimates should be
made using state reconstruction methods of what the signal values should be dur-
ing the time of the dropout, based on redundant measurement sources. Obvious
data spikes should also be removed at this time using a wild-point removal algo-
rithm. Untreated dropouts and spikes show up as uncorrelated high-frequency
noise and degrade the overall accuracy of the identified model.

These various data issues are well understood by the instrumentation engi-
neers, but they are often ignored by the “users” of the data and must be
addressed. Before proceeding with the system identification, it is crucial to stop
and perform a sanity check on the data to ensure that the various signals in the
data are kinematically consistent. For example, the integral of angular-rate mea-
surements should be consistent with Euler roll-angle measurements, the integral
of acceleration measurements should be consistent with the speed measurements,
and so forth. A small amount of effort at this early stage will save countless hours
trying to understand otherwise “mysterious” identification results later.

The next step is to perform a multivariable spectral analysis of the data
(Multivariable Spectral Analysis). This analysis, which is a multi-input/
single-output (MISO) generalization of the simple SISO FFT, is necessary for
most aircraft system-identification applications because real flight-test data
inevitably involve multiple, partially correlated control inputs during a single
excitation maneuver. Repeating this process for each of the aircraft outputs
yields a MIMO frequency-response database. The MIMO frequency-response
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matrix constitutes a nonparametric model of the aircraft response because it
fully characterizes the input-to-output behavior without the need for defining a
model structure or determining model parameters. As shown in Fig. 2.1, these
nonparametric modeling results support many direct applications (Applica-
tions), including the design and analysis of flight control systems, stability
margin determination, piloted handling-qualities analysis, and the validation
and improvement of simulation models.

The frequency response is a linear model of the input-to-output process under
examination. The parametric models extracted later to fit these responses are also
linearized representations. When the dynamics contain nonlinear behavior, the
frequency-response function as extracted using the Fourier transform is the
describing function, which is the linear model that best characterizes the nonlin-
ear behavior of the system.*® Although there might often be significant localized
nonlinear characteristics in some of the aircraft subsystems (e.g., local airfoil
stall, mechanical linkage hysteresis, or even an actuator that reaches a transient
Iimit) the input-to-output dynamic response can almost always be well modeled
using linear models or describing function concepts. This is largely because the
inertial (i.e., k/s”) response of a system truncates the higher-harmonic remnants
associated W|th the nonlinearities in the local forcing functions (Sec. 7.7.4). The
overall flight dynamics response of aircraft and rotorcraft can also most often be
well characterized by these linearized describing function models as well. Sys-
tems design and analysis methods that use the products of system identification
are also almost entirely based on linear modeling concepts (e.g., transfer func-
tions, state-space design and analysis, root locus, handling qualities). Finally, the
subsystems and overall aircraft behavior are designed to provided a mostly linear
input-to-output response that minimizes the potential for undesirable limit cycles
and provides for optimum piloted handling.® When true nonlinear models are
required, system identification must be completed in the time domain.® An exam-
ple is the identification of aerodynamics models for stall and spin regimes, where
the derivatives can follow a highly nonlinear function of angle of attack, sideslip,
and products of states and controls. Nonlinear model structure selection and vali-
dation has not been widely studied.

As described in later chapters, two key features of the spectral analysis
described herein, and implemented in CIFER®, are the chirp z-transform and
composite window optimization. The chirp z-transform is an advanced and
flexible FFT algorithm that provides an accurate frequency response over the fre-
quency range of interest. Spectral windowing is a process by which the time-his-
tory data are segmented, and the frequency response is determined for each
segment or window. By averaging the frequency responses from individual win-
dow segments, the effect of noise is reduced significantly. In composite window-
ing, repeated frequency-response determinations are carried out with varying
window lengths, and these results are then combined using a numerical optimiza-
tion procedure into a single result. Together, the chirp z-transform and composite
window optimization methods produce a frequency-response database of excep-
tionally high accuracy and resolution over a broad dynamic range for real flight-
test data. An important byproduct of this analysis is the coherence function,
which provides key information about the frequency-response accuracy (Condi-
tioned Frequency Responses & Partial Coherences).
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All of the data analysis setup options and results are stored in the database for
rapid processing of batch cases, and the database is supported by CIFER® with a
variety of tools for plotting, searching, analyzing, and bookkeeping. Without this
integrated database, it would be easy to become overwhelmed by the large quantity
of spectral data generated for real-world applications. Flight-test studies typically
involve large numbers of inputs, outputs, flight conditions, aircraft configurations,
and spectral processing options, which together can result in hundreds or even
thousands of individual frequency responses.

When parametric models are required, transfer-function modeling is a rapid
and logical next step in the system-identification procedure (Transfer-Function
Modeling). The values of the transfer-function gain, pole locations, and zero loca-
tions are determined numerically to provide a best match (in a least-squares sense)
to the frequency-response data. Transfer-function models are often sufficient end-
products of system identification for many applications (Applications). Classical
procedures for synthesizing flight-control systems track the movement of the
transfer-function eigenvalues using root-locus plots. A large body of literature on
piloted handling-qualities analyses is based on simple (i.e., first- or second-order)
representations of the aircraft dynamic response, referred to as lower-order equiv-
alent systems (LOES). Many (perhaps most) applications of system-identification
methods in the aircraft dynamics and control field involve frequency-response
identification followed by transfer-function modeling as a final product.

The next step, if desired, involves the extraction of state-space or physical
model structures. These model structures are formulated directly from the linear-
ized first-order differential equations of motion as derived from Newton’s Second
Law. State-space and physical model identification can be much more involved
than transfer-function identification and requires significantly more insight into
the dynamics of the system being modeled. Much of material in this book and the
capabilities of CIFER® address state-space model identification. The overall goal
of this step is to determine a set of linear first-order differential equations consti-
tuting a model (Mathematical Model) whose frequency responses match the mea-
sured MIMO frequency-response data. The accuracy of this identified math
model is quantified in terms of the weighted sum of the magnitude and phase
errors (Frequency-Response Identification Criterion). Initial guesses for the
model parameters can be obtained from the transfer-function identification
results, from a priori estimates based on first principles, or from rapid equation-
error regression methods.®® A powerful and highly robust secant optimization
algorithm (Identification Algorithm) is used to tune the identification parameters
in the model structure (e.g., stability and control derivatives, time constants, time
delays) to minimize the identification cost function and thereby drive the model
responses to the best match of the flight-test responses. The optimization stops
when a minimum cost function value is reached that provides the best choice of
identification parameters for the assumed model structure.

At this stage in the process, we have achieved a state-space model that best
matches the MIMO frequency-response database. But there are still a number
of important issues to consider before the model can be considered to adequately
characterize the physics of the aircraft dynamics (Sensitivity Analysis & Model
Structure Determination). For example, if the model structure selected contains
too many identification parameters for the aircraft dynamics or available
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measurements, there will be redundant parameters in the model that trade off one
against the other. Thus the model might match the input-to-output frequency-
response data very well, but the individual identification parameters might not
have any real physical meaning. Model structure determination finds the model
that matches the test data with minimum model redundancy. The basis for this
step is a sensitivity analysis to determine the accuracy and correlation of the
parameters that have been identified. This can show, for example, that certain
parameters are known accurately and should be retained in the model, whereas
others have to be discarded because it is impossible to determine or isolate their
values caused by parameter correlation. Model structure determination, sensitiv-
ity analysis, and model reconvergence constitute an iterative loop that refines the
structure of the model to ensure that it is both physically appropriate and accurate
to within specified error bounds.

With the completion of the model identification in the frequency domain, it is
necessary to verify that the model has good predictive capability and robustness
to input shape in the time domain (Verification). For this, we would like to see an
accurate and direct comparison of predicted and measured time responses to
measured control inputs that are completely different in character from those
used in the identification (Dissimilar flight data not used in identification). For
example, if flight-test data from frequency-sweep inputs were used for the identi-
fication, then data from step or multistep inputs might be used for verification.
Evaluating the predictive accuracy for various input amplitudes is useful for
assessing the acceptability of the identified linear model. Once the model has
been verified, it can be used in the various applications shown (Applications).

2.2 Key Features of the Frequency-Response Method for
Flight-Vehicle System Identification

There are eight important features of the frequency-response identification
method that make it especially well suited to system identification of flight-vehi-
cle dynamics from flight-test data: 1) unbiased frequency-response estimates
when flight data contain process and output measurement noise; 2) access to the
coherence function as an unbiased measure of nonparametric identification accu-
racy and system response linearity; 3) the wealth of knowledge concerning
appropriate model structure provided by the nonparametric identification results;
4) frequency ranges selected individually for each input/output pair to include
only accurate data; 5) direct and accurate identification of time delays; 6) elimi-
nation of biases and reference shifts as identification parameters; 7) significant
improvement in computational efficiency; and 8) identification of systems with
unstable dynamics. Each of these features will now be described in detail.

Unbiased frequency-response estimates when flight data contain process and
output measurement noise: As described in more detail in Chapter 7, the fre-
quency-response estimate is determined from the ratio of the input autospectrum
estimate Gy to the cross-spectrum estimate Gyy at each discrete frequency f:

Frequency-response estimate = I:|(f) = Cuy(1) (2.1)

Gxx( f )
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This specific choice of spectral ratios eliminates potential biases in the fre-
quency-response calculation caused by process noise (e.g., turbulence) and out-
put measurement noise (e.g., sensor electrical noise)—subject to the assumption
that the noise is uncorrelated with the prescribed excitation inputs, which is usu-
ally the case. This drops the requirement to identify a noise model structure and
associated parameters, a necessary step when using time-domain maximum-like-
lihood identification methods. Alternatively, a common simplification adopted in
time-domain identification studies is to assume that the process noise is not
important (output-error method) or that the measurement noise is not important
(equation-error method), as discussed by Hamel.’® In situations involving
reduced signal-to-noise content in the test data, which is often the case for real
flight data, ignoring the noise will introduce biases in the identified parameters.
By using the frequency-response calculation of Eq. (2.1), the bias effects of the
noise will drop out, thus greatly reducing the number of identification parameters
without compromising identification accuracy. Also, with the effects of noise
eliminated, the parameter error bounds are determined with much greater accu-
racy. Still, the presence of these noise sources introduces random scatter in the
identification results and degrades the accuracy of the identified parameters.
Access to the coherence function as an unbiased measure of nonparametric
identification accuracy and linearity: The coherence function estimate

[Guy( 1)’

coherence = ?2 (f) = ————"——
Y G FIGyy( )|

(2.2)

is obtained directly from the measurements. [The estimate symbol ~ and the
dependency on discrete frequency ( f) are generally dropped for notational con-
venience, but are implied throughout.] The coherence provides a key measure of
the frequency-response accuracy as a function of frequency, without any depen-
dency on parametric model structures (as is the case for the innovations metric in
the time-domain methods). It indicates whether the system has been satisfactorily
excited across the entire frequency ranges of interest and shows whether the sys-
tem being modeled is well characterized as a linear process in this frequency
range. Coherence data can be evaluated in real time from the telemetry stream to
determine the level and effect of noise in the instrumentation system, the adequacy
of the flight-testing inputs in exciting dynamics of interest, and the influence of
atmospheric disturbances. During the parametric system identification step, the
coherence function determines the appropriate frequency range for model fitting
and is used effectively to weight the data to emphasize the frequency-response
points that have higher accuracy. The availability of the coherence function is one
of the primary advantages of the frequency-response identification method.

The wealth of knowledge concerning appropriate model structure provided by
the nonparametric identification results: The frequency-response data provide a
nonparametric model, exposing many key aspects of the vehicle dynamics with-
out requiring that a parametric (transfer-function or state-space) model first be
identified. The frequency responses expose the estimates of control derivatives,
key dynamic modes, degree of stability, order of system response, presence of
time delays, and degree of coupling. This information provides important insight
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into vehicle dynamics needed for the selection of an appropriate parametric (e.g.,
state-space) model structure. Using the method explained in Sec. 13.5.3, the
state-space model structure can be significantly simplified when a particular fre-
quency response exhibits no significant input-to-output energy transfer (as indi-
cated by very low coherence over the entire frequency range). Model structure
selection and reduction are perhaps the most important and difficult aspects of
system identification for aircraft and rotorcraft, especially so for unique configu-
rations (such as UAVS).

Frequency ranges selected individually for each input/output pair to include
only accurate data: In system identification, state-space models that best fit the
multi-input/multi-output flight-test database are determined. For the frequency-
response method, this database is composed of the pair-wise (input/output) fre-
quency responses and associated coherence functions. The frequency ranges for
the identification criterion are selected individually for each input/output pair
according to the range of good coherence. For example, the velocity responses
(e.g., u/d,) will generally be most accurate (good coherence) at low frequencies
(0.1-1 rad/s) in the frequency range of the phugoid response and be much less
accurate (unacceptable coherence) at higher frequencies. On the other hand, the
angular-rate responses (e.g., q/9,) will often exhibit good coherence over a
broad frequency (0.1-10 rad/s), which includes both phugoid and short-period
responses. The frequency points included in the identification criterion are then
selected linearly across the logarithmic scale of the appropriate frequency range
for each response pair. By including only the most accurate data, a more reliable
model is obtained. In time-domain methods, the identification criterion includes
all responses over the same time (and equivalent frequency) ranges.

Direct and accurate identification of time delays: Time delays and equivalent
time delays are commonly found in various components of a flight vehicle, and
their accurate determination is crucially important, both for achieving overall
model parameter accuracy and as a key aspect of handling-qualities and flight-
control applications. There are “pure” digital delays associated with flight control
and flight-data processing. Frequently, there are many sources of high-
order/high-frequency dynamics (e.g, the dynamics of linkages/hydraulics, con-
trol system and instrumentation filters, and the rotor/inflow dynamic system in
the case of rotorcraft) that yield phase lags in the frequency range of interest and
contribute to the “equivalent delay.” In the frequency-response identification
method, these important time delays are identified directly and very accurately
owing to the linear relationship between the time delay 7 and frequency-
response phase shift with frequency o (rad/s):

¢ = -t rad (2.3)

Because the identification cost function is based on the weighted sum of the mag-
nitude and phase error, the cost function is a linear function of the time delay and
can thus be identified very accurately. (This is not true in the time-domain identi-
fication cost function.) In fact, an accurate estimate of time delay can be made
directly from the identified frequency-response plots; this is a key aspect of
handling-qualities analysis for rotorcraft.
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Elimination of biases and reference shifts as identification parameters: This
important feature of the frequency-response identification method (and frequency-
domain methods in general) results from eliminating the need to determine many
biases and measurement offsets in the real flight data, as is necessary in time-
domain identification methods. To see why this is so, we consider the identification
of state-space models.

The model to be identified is represented as a set of first-order linear differen-
tial equations of motion representing the transient response from trim of the state
vector x to control input u:

X = Ax + Bu(t- 1) + bias (2.4)

In these equations, the unknowns of interest for system identification are the ele-
ments of A (stability derivatives), B (control derivatives), and T (equivalent time
delays). The time-delay vector is a lumped model of the high-order dynamics not
explicitly included in the state-space model. We must also include a vector of
constant unknown biases (bias) in Eq. (2.4) to accommodate unmeasurable
inputs (e.g., turbulence), initial conditions in the dynamic states, biases in the
assumed values of trim-control inputs, and errors in the model structure, all of
which are prevalent in applications of system identification to real flight data.
Regardless of their physical sources, the biases drive the aircraft through the
equations of motion, and their effects on model matching error can become very
difficult to distinguish from the elements of A and B.

Generally, not all of the state variables can be measured, and so we define a
measurement vector y,

y = Cx+Du(t-1) +yref (2.5)

to relate the measured quantities in terms of the states and controls. The equation
includes the vector of constants yref, associated with the steady-state offsets that
are often present in the measurement devices, such as rate gyros (that measure
angular rates) and accelerometers (which measure specific aerodynamic forces).
For example, there is a —1g (up) trim bias in the vertical-acceleration measure-
ment for a level flight condition. The elements of C and D are usually known
from kinematics or are repeated values of the same stability and control deriva-
tives contained in A and B (for the accelerometer measurements). In the time-
domain output-error identification method, the elements of A, B, T, bias, and
yref are adjusted, and the equations of motion are time integrated until the error
between the model output y and the flight-data measurements is minimized. The
state-space model parameters of interest are contained in A, B, and T. The
elements of bias and yref are referred to as nuisance parameters® because they
complicate the time-domain identification process and they must be included,
even though they are later discarded.

In the frequency-response identification method, the error function between the
measured and model frequency responses is minimized. The MIMO frequency-
response matrix of the identified model for control-surface inputs is obtained by
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taking the Laplace transform of Egs. (2.4) and (2.5), yielding

T(s) = (C[sl-A]"'B+D)e™ (2.6)

The frequency-response matrix isolates the forced response to control inputs, so
that the influence of initial conditions, biases, and offsets drops out of the prob-
lem. Now the solution of the identification problem using the frequency-response
identification method involves tuning only the elements of A, B, and T over a
specified frequency range of interest (s = j; ® = Oy, t0 ®,) until the error
between the model and flight-data frequency responses is minimized.

Let us now examine the resulting number of unknowns in a typical identifica-
tion of the flight dynamics. If we choose to neglect the transient response of the
rotor (in the case of helicopters), the flight dynamics of the aircraft are composed
of six degrees of freedom (three angular and three linear). As described in detail
in Sec. 13.4, the formulation of the equations of motion in state-space form
results in eight states, four control inputs, and generally nine measurements.
When the air-vehicle configuration has symmetrical geometric and response
properties, as in the case of fixed-wing aircraft, the equations can be separated
into two decoupled sets of three-DOF systems. This is not the case for single
rotor helicopters, which must consider the six-DOF system as fully coupled. The
dynamic parameters of interest in the identification are the aerodynamic stability
and control derivatives (36 contained in the A matrix and 24 contained in the B
matrix for the coupled six-DOF case) and the four time-delay parameters (con-
tained in the T matrix), for a total of 64 unknowns.

In time-domain identification methods we also need to identify eight bias
terms, one for each state in Eq. (2.4). In addition, the multiple records of flight
data need to be linked together, one record for a maneuver in each of the four
control axes, to form a single database that ensures identifiability. This adds nine
output reference shifts for each time-history record, for a total of 36 additional
terms (yref) to be identified. In all, there are 44 extraneous bias and reference-
shift terms that can be highly correlated with the identification parameters of
interest, thereby making the identification analysis much more difficult. As the
order of the dynamic system being modeled increases—as happens, for example,
in the case of rotorcraft—the time-domain algorithms become significantly bur-
dened by these extra nuisance parameters that must be identified, and the fre-
quency-response identification method becomes increasingly attractive and much
more widely used.

Significant improvement in computational efficiency: An identification crite-
rion J is a single parameter that characterizes the error between the flight data
and the identified model. In frequency-domain methods, it is based on the
squared errors between the frequency-response functions obtained from the
model and the flight data. In time-domain methods, it is based on the squared
errors between the time histories of the model predictions and the flight data. The
identification algorithm varies the identification parameters to minimize the value
of the identification criterion. In the frequency domain, the cost function is an
algebraic function of the identification parameters, so that each iterative update is
computationally very fast. In contrast, the time-domain cost function requires the
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integration of the equations of motion, so that each iterative update is computa-
tionally intensive. This difference in computational efficiency is increased greatly
as a result of the difference in the number of points included in the two identifica-
tion criteria, as will be discussed next.

It is instructive to compare in detail the number of data points to be included in
the identification criteria J for frequency-domain vs time-domain methods
applied to the same aircraft. Consider the case discussed earlier of identifying a
six-DOF state-space model for a rotorcraft. The flight-test data might typically be
composed of four distinct maneuvers—one 50-s maneuver for each of the four
control inputs (roll, pitch, yaw, and heave). There are typically nine response
variables of interest (three angular rates, three velocities, and three accelerome-
ters). These four inputs and nine outputs result in 36 frequency-response pairs to
be considered in the frequency-response identification method. The identification
criterion includes both magnitude and phase errors at each of (typically) 20 dis-
crete frequency values, for a total of 36-20-2 = 1440 data points to be
included in the cost function. The analogous time-domain cost function works
directly with the four flight-data records. For a typical data rate of 50 samples/s
(50 Hz) and the same nine outputs, the time-domain cost function will be com-
posed of 50-50-9-4 = 90,000 data points as part of the identification of the
stability and control derivatives (and extraneous biases and offsets). This amounts
to a considerable increase in the computational complexity as compared to the
frequency-response method.

It is important to remember that we must process just as many flight-data
points whether the analysis is carried out in the time domain or in the frequency
domain. The difference is that in the frequency-domain methods the conversion
from time-history flight data to frequency-response data is done as a batch (nonit-
erative) calculation using FFT methods and is not linked to the identification of
the stability and control derivatives. The same 90,000 points are processed using
FFT techniques to extract the MIMO frequency-response database. But from that
point on, the iterative identification of the parametric model is based only on the
1440 points in the frequency-domain cost function, a reduction factor of about 60
compared to the time-domain analysis, which will require the iterative processing
of the original 90,000 data points.

This difference in computational burden can be quite significant when a high
sample rate is needed, such as for higher-order systems (e.g., rotorcraft) or for
aircraft model identifications that include widely spaced structural modes, and it
gives a considerable advantage to the frequency-response identification method
(as also pointed out by Raisinghani and Goel®’).

The example presented herein is based on the assumption that the same input
signal is used for time-domain and frequency-domain identification methods. The
3-2-1-1 multistep input, commonly adopted for time-domain identification, is
typically about half the duration of a frequency sweep, used for frequency-domain
identification methods. This can be seen in the AGARD flight-test database for the
Bo-105 helicopter identification.’® Thus the actual reduction in the number of
points is probably closer to about 30.

Identification of systems with unstable dynamics: Modern fixed-wing aircraft,
especially high-performance aircraft, are typically designed with neutrally stable
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or unstable bare-airframe characteristics for improved agility and reduced trim
drag. The bare-airframe characteristics of rotorcraft are unstable as a result of the
vehicle configuration. The identification of the bare airframe must be capable of
working with the unstable characteristics associated with the vehicle response to
control-surface deflections.

The frequency-response identification method, and frequency-domain-based
identification methods in general, are especially well suited to the identification of
systems with unstable dynamics. Because the model matching is conducted
entirely in the frequency domain, we avoid the need to conduct time-history inte-
grations during the identification process. An unstable dynamic mode shows up
simply as a phase increase at the relevant mode, as compared to a phase decrease
for stable modes. By contrast, the time-domain identification methods involve for-
ward time integration of the trial model response to the measured inputs. Because
there will always be some modeling or measurement errors present, right half-
plane eigenvalues will cause the time integration of the model to diverge rapidly
from the flight-test responses, and the identification process will break down. This
weakness of time-domain system identification can be overcome by mapping the
model and the data through a stabilizing transformation,®® but only at the expense
of reduced accuracy in the identification of the unstable modes. As a result,
frequency-domain methods are widely used for system identification of flight
vehicles with unstable dynamic characteristics—such as rotorcraft and high-
performance fighter aircraft. The flight-testing procedure must include some sta-
bilization from the pilot or the stability augmentation system in order to provide
flight-test data with bounded inputs and outputs as is required (Sec. 7.2). But the
identification of the bare-airframe characteristics uses the control surface inputs
(rather than the piloted inputs) together with the corresponding vehicle responses.

2.3 Frequency-Response Identification Method Applied to the
XV-15 Tilt-Rotor Aircraft

So far this chapter has presented a general overview of the frequency-response
identification method and typical applications to fixed-wing and rotary-wing air-
craft dynamics and control. We now turn our attention to the specific example of
the system identification of XV-15 tilt-rotor aircraft dynamics, which has been
studied extensively with CIFER® and is used throughout the book to illustrate the
key steps in the frequency-response identification method (Fig. 2.1). The follow-
ing summary of XV-15 identification for hover and cruise gives the reader a sense
of the typical identification results and achievable accuracy, with the analysis
details examined in the following chapters of this book.

The XV-15 tilt-rotor aircraft can be operated over a broad speed range from
hover to 300 kn by tilting the prop-rotor nacelle from 90 deg (prop rotation axis
vertical) to 0 deg (prop rotation axis horizontal). In its hover configuration, shown
in Fig. 2.2, the XV-15 tilt rotor has many of the key flight dynamics properties of
a hovering helicopter and vertical/standard takeoff and landing (V/STOL) aircraft,
albeit without the strong degree of dynamic coupling seen with single-rotor heli-
copters. Figure 2.3 shows the aircraft in a forward flight or cruise configuration in
which it has many of the key characteristics of a typical fixed-wing aircraft.
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Fig. 2.2 XV-15 tilt-rotor aircraft in hover configuration (NASA photo).

2.3.1 XV-15 Frequency-Sweep Data: \/ = 170 kn

As an illustration of the first two blocks in Fig. 2.1 (Frequency Sweep Inputs
and Aircraft), the basic input used for identification of the XV-15 in cruise is a
frequency sweep. Figure 2.4 shows flight-test data recorded at an indicated air-
speed of 170 kn. The first plot shows the pilot lateral input §,, and the second the
roll-rate response p.

There are some basic dos and don’ts that will be discussed later regarding how
this frequency-sweep maneuver should be executed for best identification results,

Fig. 2.3 XV-15 tilt-rotor aircraft in cruise configuration (NASA photo).
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Fig. 2.4 Two lateral-stick frequency sweeps in cruise.

but it should be clear that in order to get a good identification the dynamics must
be excited well. Figure 2.4 shows two pilot sweeps that have been concatenated
(linked) together along with the roll-rate response. The graphs show that the
flight-test method produced a sizeable excitation, as can be seen by the actual
response of the aircraft, with roll-angle variations of up to +15 deg/s. This
ensures that the identified model will be accurate for typical maneuvering flight
involving large excursions, as shown later in Figs. 2.9 and 2.10, and will not be
limited to small (perturbation) inputs.

2.3.2 Simulation Model Validation

As shown in the block labeled Applications in Fig. 2.1, the validation of a
simulation model is one of the applications that can be performed directly from
the nonparametric (frequency-response) results. Figure 2.5 shows the roll-rate
response p to aileron input 8, in hover. The ailerons are actuated by the same
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Fig. 2.5 Roll-response comparison of flight vs simulation.

signal as the differential rotor collective, the latter being the source of roll
control in hover. Therefore, the aileron measurement provides a consistent
measurement of roll-control input for the entire flight envelope from hover
through forward flight. The solid lines in the first two subplots (Fig. 2.5) present
the aircraft frequency-response p/d, in magnitude and phase vs frequency
derived from the block labeled Conditioned Frequency Responses & Partial
Coherences in F|g 2.1. The third subplot (Fig. 2.5) shows the coherence func-
tion yxy, which is a good |nd|cat20r of the accuracy of the identified response.
When the coherence exceeds (v, > 0.6), the response is considered accurate
(low scatter). This is also seen in the very smooth frequency response over a
wide range of frequencies.
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The dotted lines in Fig. 2.5 show the results of a detailed physics-based simu-
lation model, namely, the generic tilt-rotor (GTR) simulation, a math model
developed by Bell Helicopter. The cruise flight condition results of Fig. 2.5 show
that the GTR math model matches the flight-test data very well. In general, the
match between an aircraft math model and the flight-test data might not be this
close. The GTR math model, however, is very detailed and uses many aero-
dynamic force and moment look-up tables obtained from full-scale XV-15 wind-
tunnel test data. Figure 2.5 provides a clear indication that the GTR model is very
accurate. The (small) magnitude and phase errors can be quantified in terms of
allowable “mismatch” tolerances to demonstrate satisfactory frequency-domain
simulation validity.

2.3.3 Transfer-Function Model Identification

Next, we will consider the transfer-function model identification (Transfer-
Function Modeling in Fig. 2.1) of the roll-rate response in cruise for handling
qualities or flight-control applications. The flight response of Fig. 2.5 is repeated
in the solid line of Fig. 2.6.

Recall that a transfer-function model is one of the two types of parametric
models discussed in Sec. 1.4, and so it is necessary to assume an identification
model structure. For example, we can choose to assume that the lateral-direc-
tional response of a fixed-wing test aircraft in cruise flight exhibits the classical
flight-dynamics modes of response. The lateral-directional transfer functions will
have a common denominator, containing the spiral, Dutch-roll, and roll-subsis-
tence modes. The numerator dynamics are distinct for each input-to-output pair,
and thS%y will each include an aerodynamic control derivative, zeros, and a time
delay.

In our cruise-flight example, the preceding assumptions lead to the following
transfer-function model for roll-rate response to aileron:

Lss[C., o e *
SE(S) - 3, [Cq; ¢]

2.7
) DTG, o] @0

where we have adopted the shorthand notation for factors of the transfer-functions:

(_%_) = (5 + _%_) [, o,] = [s°+ 2Cm,s + wf ] (2.8)

The model parameters that best characterize the XV-15 flight-data response for
cruise are determined using CIFER® (as described in Sec. 11.6.2):

—0.0533s

b
8,

_ —4.60s[0.278,1.93] e

(8) = 70.0912)(1.00)0.237. 1.67]

deg/s/deg-ail (2.9)

This identified transfer-function model is plotted in the dashed line of Fig. 2.6
and is seen to match the flight-test data very well.
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Fig. 2.6 Roll-response transfer-function model identification (XV-15, cruise).

The extracted parameters provide important information about the aircraft
dynamics characteristics. First of all, the time delay is small (t = 0.053 s) and
is associated mostly with the control linkage dynamics in the system. There is a
stable low-frequency spiral mode (nearly at the origin), which is characterized
by a very long period response in roll and sideslip. The roll convergence mode,
with a frequency of 1 rad/s, dominates the on-axis roll response to aileron
inputs. Finally, we see that the lightly damped Dutch-roll mode ({4 = 0.24,
g = 1.7 rad/s) is nearly cancelled by a nearby zero, and therefore does not
contribute significantly to the roll response to aileron inputs. All of this informa-
tion about the dynamic characteristics of the system is contained in the identi-
fied transfer function.
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2.3.4 Handling-Qualities Specifications

Handling-qualities analysis and handling-qualities specification compliance
testing for fixed-wing aircraft (e.g., Ref. 5) are based heavily on the results of
transfer-function system identification modeling. Consider Fig. 2.7, which shows
the s-plane location of roll-rate transfer-function parameters of Eq. (2.9), corre-
sponding to the XV-15 cruise response for roll p/§,. The boundary for minimum
roll mode (1/T,) shown in this chart is an example of the fixed-wing specifica-
tion for satisfactory (i.e., level 1) handling; the location of the corresponding pole
shows that the criterion has been met. The amount of separation between the
[Car g ] pole and the [C,, w,] zero is specified to limit the level of roll-yaw
coupling in the Dutch-roll response. Finally, there are bounds on the minimum
damping of the low-frequency spiral mode (1/T,).

2.3.5 Stability and Control Derivative Model Identification
in Cruise

Transfer-function model identification provides a parametric description of the
input-to-output behavior in terms of poles and zeros, which characterize the
dynamic modes of motion and responses to controls. These methods are best
suited to SISO system modeling and become cumbersome for systems with
higher levels of coupling. Further, there are many applications that require a com-
plete model of the system in terms of the differential equations of motion as rep-
resented in state-space form. The coefficients of the differential equations

— 2.4
, 0
fo) [Cq) ol 18 g
(7
[gdr’ (Ddr:I x =
B s
B
Fl1.2 =
=)
Stable g Unstable
- .6
Level 1
1/T, boundary L
UT, 1UTs
T * T T T T Q T T
-1.2 -8 -4 0 4

Real (0), rad/sec
Fig. 2.7 Location of roll-rate transfer-function parameters in the s-plane.
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(elements of the state-space matrices) are the stability and control derivatives to
be identified. This section will present an overview of the results for stability and
control identification (Mathematical Model... in Fig. 2.1) of the XV-15 in a
cruise flight condition of V = 170 kn (true airspeed).

Incorporating a mass matrix M in the conventional state-space representation
of Egs. (2.4) and (2.5) adds greater flexibility in the defining the identification
model structure:

Mx = Fx+ Gu(t— 1) + bias (2.10)
The measurement output equation is
y = Hx+Ju(t—1) +yref (2.11)

The stability and control parameters, contained in the M, F, G, and © matri-
ces of the state equation, are identified by simultaneously matching the eight fre-
quency-response pairs. For the cruise condition, the inputs are aileron &, and
rudder 6,. The outputs are roll rate p, yaw rate r, lateral accelerometer a,, and
sideslip angle 3. Four of the response pairs (p/8,, a,/d,, p/o, B/d,) are
shown in the magnitude and phase plots of Figs. 2.8. In each graph, the flight-test
data are indicated by solid lines, and the response obtained from the identified
stability and control derivative model is indicated by the dashed lines.

In forward flight, the flight database for system identification is typically of
higher quality than for a hovering condition. This is because of the combination of
generally larger inputs in cruise and reduced gust response—resulting in a high
signal-to-noise ratio, and therefore high values of coherence as seen in Fig. 2.8.
High levels of coherence reflect low random error (i.e., low scatter), consistent
with the smooth identified frequency responses seen in the plots.

Table 2.1 shows the parameters of the F matrix, the stability derivatives, such
as the key parameters of lateral dihedral L, roll damping L, and yaw damping
N,, all of which have typical values for fixed-wing aircraft. Shown in Table 2.2
are the parameters of the G matrix, the control derivatives, such as roll control
Ls and yaw control N5 . We also note that the identified value of the roll control
derivative '

Ls, = —0.07775 rad/s’/deg-ail = -4.455 deg/s*/deg-ail (2.12)

nearly matches the high frequency (acceleration response) gain of the roll-rate
response transfer-function model identified in Eq. (2.9), as expected.

As will be discussed in Chapter 12, the Cramér—Rao bound, given in the last col-
umn in the table, is a reliable measure of parameter accuracy for the frequency-
response identification method. In general, if the flight-test data are reasonably
good (i.e., light turbulence, good excitation, kinematically consistent data), it is
possible to identify most parameters to within a 10—20% accuracy, as in this case,
which we consider quite acceptable.
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Fig. 2.8 Frequency responses for XV-15 in cruise.
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Table 2.1 F-matrix identification for XV-15 in cruise?

Derivative Parameter value Cramér-Rao, %
Y, -0.2797 3.64
Yo -1.984 31.32
Y, 16.44 9.65
L, -8.119E-03 4.23
L, -0.6780 6.03
L, 0.000° —
N, 7.240E-03 2.85
N, —-0.2308 7.57
N -0.9759 5.05

=

2All results in English units.
PEliminated during model structure determination.

Table 2.2  G-matrix identification for XV-15 in cruise®

Derivative or symbol Parameter value Cramér—Rao, %
Ys, 0.000° —
Ys -0.2173 8.35
Ls -0.07775 4.27
L, ~7.024E-03 10.09
Nésa -0.02166 4.66
st, 0.02213 3.14
Time delays
T, 0.08920 11.84
T, 0.03276 25.10

2Control deflections in degrees.
PEliminated during model structure determination.

2.3.6 Time-Domain Verification of Cruise Model

Next we demonstrate the time-domain verification of the identified state-space
model for cruise (Verification in Fig. 2.1). The verification is conducted with
cruise flight data not used in any way in the identification process (Dissimilar
flight data not used in identification in Fig. 2.1). Recall that frequency sweeps
were used (Fig. 2.4) in the model identification process. It is also important to
remember that the model is already identified, and no adjustments are made at
this step to any of the parameters of M, F, G, and t. A simple least-squares
algorithm (Sec. 14.3) first determines the needed constant biases and reference
shifts in Egs. (2.10) and (2.11), and then the model is driven open loop and com-
pared to the flight-test data.

The verification for a step input in roll is shown in Fig. 2.9. The measured
responses to this input, namely, roll rate p, yaw rate r, lateral acceleration a,,
sideslip B, and roll angle ¢, are shown by the solid line. Next, the same step input
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Verification of identified model for XV-15 in cruise (aileron input).
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is used to drive the extracted state-space model; the output generated by the
model is the dashed line of the figures. The analogous verification for a yaw input
is shown in Fig. 2.10. The results show that the model achieves excellent time-
response predictions for step inputs in aileron and rudder. Both on-axis and
coupling responses to each input are predicted very well.

Note that the roll-angle variations for the verification response are as large
as 30—-40 deg, which again underscores the fact that the validity of the model
identified using the frequency-response method is not restricted to small-
perturbation motions. Indeed, the extracted frequency response and the associ-
ated state-space models constitute linearized describing functions, or optimal
linear models, of the nonlinear systems. Clearly, a 40-deg roll-angle transient
is not generally considered to be within the linear response range, and yet the
prediction is excellent.

2.3.7 Stability and Control Derivative Model Identification and
Verification in Hover

A state-space model was also identified from the XV-15 flight data for the
hover condition, as is shown in Fig. 2.11. The responses shown are the roll atti-
tude response to aileron input (¢./9,), lateral velocity response to aileron input
(v/9,), yaw-rate response to aileron input (r/3,), and yaw-rate response to rud-
der input (r/§,). For hovering and low-speed flight, the sideslip vane reading
is not meaningful, and instead we use the lateral velocity v that is reconstructed
from the lateral accelerometer a, and roll angle ¢ measurements (Sec. 6.2.3).

In hovering flight, the flight database for system identification is typically of
poorer quality than for cruise flight. The reduced coherence and larger random
error is evident in the “jaggedness” seen in some of the responses of Fig. 2.11. This
is caused by the reduced signal-to-noise ratio that is typical for hovering flight tests
as compared to the cruise condition. The resulting identified models are therefore
generally less accurate for hover than for cruise (compare Figs. 2.8 and 2.11).

As before, in each graph the flight-test data are shown with the solid line.
Because the identification is based on the control-surface inputs, we obtain the
XV-15 SCAS-off response in hover, so that the data reflect the bare-airframe
response characteristics. The dashed lines in the graphs represent the correspond-
ing frequency responses obtained from the identified state-space model. The
results show a generally good comparison between the flight-test data and the
model in all of the degrees of freedom.

Tables 2.3 and 2.4 show the identified stability and control derivatives and
associated parameter accuracies in the hover condition. As in the cruise case,
most of the parameters are seen to be accurate to within 10-20%, which is in the
desired range, except for the derivative N.

The time-domain accuracy of the identified MIMO model is checked as before
using a doublet input in &, and §,, as shown in Fig.2.12. The measured
responses in the hover case are roll angle, roll rate, yaw rate, and lateral accelera-
tion, as shown in the figure. As usual, the flight-test data are displayed as a solid
line, and the model prediction as a dashed line.

Again, as in cruise, the responses are large, with roll angles approaching
20 deg, well beyond what we might consider as small perturbation, and yet the
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Fig. 2.11 Frequency responses for XV-15 in hover.
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Fig. 2.11 Frequency responses for XV-15 in hover (continued).
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Table 2.3 F-matrix identification for XV-15 in hover?

Derivative Parameter value Cramér—Rao, %
Y, —0.09755 6.65
Yo -1.489 12.78
Y, 0.000° —_—
L, -4.374E-03 5.38
L, -0.2365 15.41
L, 0.000° —
N, 7.152E-04 7.67
N, 0.03862 29.86
N -0.1416 13.17

=

All results in English units.
PEliminated during model structure determination.

Table 2.4 G-matrix identification for XV-15 in hover?

Derivative or symbol Parameter value Cramér—Rao, %
Y5a —-0.04523 5.83
Ys 0.000° —_—
L. -0.05777 2.41
Ls 0.000° -
N5a 5.910E-03 5.13
NéSr 0.01187 4,58
Time delays
1, 0.000° —_—
T, 0.000° —

2Control deflections in degrees.
PEliminated during model structure determination.

response prediction is quite good. All of the key dynamics characteristics, includ-
ing the control response coupling, are well captured by the identified linear
model. In general, we would expect the model to be accurate for the range of
motions that were experienced during the identification maneuvers—roughly
+ 20 deg in attitude, + 20 deg/s in attitude rate, and £ 20 kn in airspeed.

2.4 Examples of CIFER® Applications

This chapter has presented a brief overview of the frequency-response identifi-
cation method and some typical flight dynamics results as obtained by using
CIFER®. There is a very broad range of documented applications of CIFER®,
including over 30 flight-test projects by the Flight Control Technology Group
(Army Aeroflightdynamics Directorate) at Ames Research Center starting from
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Fig. 2.12 Verification of identified model for XV-15 in hover.
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the initial development of this tool in 1987. Documented CIFER® applications in
the United States include the following:

1) Fixed-wing (manned) aircraft: Navion, B-2, TIFS, Tu-144LL, A/STOVL,
VSRA (fly-by-wire Harrier), and Boeing JSF demonstrator;

2) Rotorcraft (manned): CH-47, XV-15, ADOCS, RASCAL, MD900, MH53J,
B214ST, B205, Schweitzer 333, UH-60, V-22, OH58D, AH-64, Bo-105, RAH-66,
SH-2G, S-92, CH-47, and helicopter/sling-load configurations;

3) Unmanned ai