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The past, present, and future of system identification applied to aircraft at NASA Langley Research Center
(LaRC) in Hampton, Virginia, are discussed. Significant research advances generated at NASA LaRC in the past
are summarized, including some perspective on the role these developments played in the practice of system iden-
tification applied to aircraft. Selected recent research efforts are described, to give an idea of the type of activities
currently being pursued at NASA LaRC. These efforts include real-time parameter estimation, identifying flying
qualities models, advanced experiment design and modeling techniques for static wind-tunnel database develop-
ment, and indicial function identification for unsteady aerodynamic modeling. Projected future developments in

the area are outlined.

Introduction

LIGHT testing and flight test data analysis are inherent ac-

tivities in aircraft development and the evaluation of aircraft
performance, stability, and control. There is a specific interest in ob-
taining aircraft aerodynamic characteristics from flight data in order
to 1) better understand theoretical predictions and wind-tunnel test
results and 2) obtain more accurate and comprehensive mathemati-
cal models of aircraft aerodynamics, for aircraft simulation, control
system design and evaluation, and dynamic analysis.

The purpose of this paper is to present a general approach to
aircraft system identification, as formulated at NASA Langley Re-
search Center (LaRC). The paper starts with a historical survey
of flight testing and stability and control parameter estimation at
NACA Langley Memorial Aeronautical Laboratory, and later at
NASA LaRC, leading up to the present state of the art. The individ-
ual steps in the methodology are introduced and briefly explained.
Four recent example applications of the methodology are given.
These examples are mostly related to problems that go beyond tra-
ditional stability and control estimation from flight data. The paper
is concluded by some thoughts about the future development of the
methodology.

The reference list up to and including Ref. 149 is a chronolog-
ical list of papers and reports generated at NASA LaRC, so the
citations in the text are not in order. The references after Ref. 149
were generated elsewhere and are listed in the order cited. These
latter references are cited only to clarify the presentation and are
in no way representative of the very large body of significant work
generated outside LaRC. References 150 and 151, among others,
give comprehensive overviews of research in system identification
applied to aircraft. The scope of the presentation here is limited
to rigid-body aircraft system identification work done at LaRC
only.
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History of Flight Testing and Flight Test Data
Analysis at Langley Field

In April 1919, the NACA Committee on Aeronautics recom-
mended that some of the work at Langley Field should be devoted
to flight testing full-scale machines. This recommendation was re-
alized by a series of flight tests during the summer of 1919. Two ad-
vanced airplanes were used in the experiment. The instrumentation
for the test was very modest and included an inclinometer, altimeter,
tachometer, two airspeed meters, statoscope, and elevator deflection
and stick force indicators. The readings of these instruments were
taken by an observer at 10-s intervals. The main objective of the tests
was to determine the characteristics of the airplane and the extent to
which the actual characteristics differed from those predicted from
wind-tunnel tests on a model. The flight test results were summa-
rized by Warner and Norton' and were presented in graphs, among
them angle of attack against indicated airspeed, lift against angle
of attack, and elevator deflection and stick force against indicated
airspeed.

In the following two years, there were five airplanes at Langley
Field available for aerodynamic research. It was realized that fu-
ture free-flight data should be obtained by recording instruments.
For that reason, new sensors were designed and constructed. They
were electrically driven and synchronized for taking records on in-
terchangeable film drums. With the new instrumentation system, a
series of tests was conducted by Norton and Allen.? Data were ob-
tained from steady turning flight and steady sideslips. With the use
of the recorded data, the lateral static stability derivatives Yz, Ng,
and Lg were estimated graphically from the slopes of trim curves.

The years 1922 and 1923 brought very rapid development in in-
strumentation, flight testing, and data analysis. Longitudinal oscilla-
tions of a biplane were investigated by Norton and Brown.? Norton
and Carroll* presented measured accelerations along all three body
axes of an airplane during different maneuvers. Norton> introduced
amethod for obtaining the damping-in-roll derivative L , from flight
test. The method involved introducing a known rolling moment by
sudden release of a known weight from the wing tip then determin-
ing the damping graphically from a plot of the roll rate vs time.

In further investigation of longitudinal stability, the period and
damping of phugoid oscillations were determined in flight from
measured time histories of the airspeed. The same characteristics
were obtained by calculation, in which the aerodynamic parame-
ters that entered into the theoretical stability equations were de-
termined in flight by Soulé and Wheatley.® A comparison of the
period and damping from the two methods indicated that the the-
ory, based on the assumptions of small oscillations, was applicable
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to the conditions encountered in flight. The flight experiment was
repeated in eight different airplanes.

By the late 1930s, a considerable amount of data on control char-
acteristics of airplanes, ranging in size from the smallest training
airplane to the largest transports and bombers, was collected by
Soulé.” The collection of these data formed a basis for investigation
of the flying qualities of airplanes.

The 1950s marked the inception of modern system identifica-
tion methodology applied to aircraft. Two pioneering works by
Greenberg® at NACA LaRC and Shinbrot'>? at NACA Ames Re-
search Center proposed several techniques for analysis of data from
transient maneuvers. These techniques were based on linear and
nonlinear least squares methods. Donegan® and his colleagues used
linear least squares to estimate longitudinal stability and control
derivatives and proposed a method for obtaining lateral deriva-
tives from frequency response data (Donegan et al.''). Almost si-
multaneously, Eggleston and Mathews,' introduced several meth-
ods for estimating frequency response curves and transfer function
coefficients.

A major advance in the methodology and its application to air-
craft was brought about by the introduction of the digital com-
puter. At NASA LaRC, the first computer program for estima-
tion of stability and control derivatives was developed by Grove
etal.'* in 1972 and gradually was applied to data from various types
of aircraft,!>13:16.17.21.23-25.27.28 Tay]or and Iliff'> also developed a
computer program for maximum likelihood output-error parame-
ter estimation that was used at NASA LaRC for many years. An
important work containing equations of motion and relationships
for correcting various instrumentation errors was written by Gainer
and Hoffman'® in 1972. This report is still used extensively as a
reference.

Many theoretical developments took place in the 1970s
and early 1980s, in areas such as input design,'>* model
structure determination,2%2¢ real-time parameter estimation, 223161
data compatibility analysis,?>* parameter estimation from
steady flight measurements,® parameter estimation in the fre-
quency domain, >34 using different parameter estimation
methods,**374%45 and unsteady aerodynamic modeling.3*3%#!

Further advances in system identification methodology resulted
from the arrival of highly augmented, inherently unstable aircraft
operating near the stall and in poststall conditions and from two
research programs: NASA LaRC General Aviation Stall/Spin Pro-
gram (1980-1990) and NASA High Angle-of-Attack Technology
Program (1988-1998). During the first program, flight data were
collected in general aviation aircraft in original and modified con-
figurations, including work in aerodynamic modeling and instru-
mentation for general aviation aircraft in nonlinear flight regimes
associated with spins and stall.3¢-50:2:34.36.82 Tp the second program,
the test aircraft was a modified F-18 A fighter, called the F-18 High
Alpha Research Vehicle (HARV). The main modifications to this
aircraft were the addition of forebody strakes and three-axis thrust
vectoring. During roughly the same period, the X-29 and X-31 re-
search aircraft were tested. For the F-18 HARV and X-31 aircraft, a
substantial part of the testing was devoted to obtaining data for aero-
dynamic and thrust-vectoring model parameters at moderate to high
angles of attack. Four main problems for continuous development
of the methodology appeared:

1) There was a need for data compatibility analysis that would
allow removal of systematic instrumentation errors in measured re-
sponses, and thus provide more accurate data.

2) An adequate mathematical model for aircraft aerodynamics
needed to be determined.

3) Data collinearity existed, caused by high augmentation and/or
insufficient excitation of the transient motion.

4) There was a need for a practical input form that could be
implemented by a pilot or onboard computer and that would result
in higher accuracy of estimated parameters.

Data compatibility analysis developed by Klein and Schiess®® was
based on an extended Kalman filter algorithm. Later, a maximum
likelihood method was adopted for the same task.** This resulted in
amore practical computing technique, documented in Ref. 78. Soft-

ware based on this approach is in current use at NASA LaRC, and
has been very successful in estimating systematic instrumentation
errors, resulting in improved data accuracy.

An equation-error algorithm for determining aerodynamic model
structure was developed by Klein et al., applying a stepwise regres-
sion and used either polynomials,**>° or polynomial splines®”-’! in
postulated models. Batterson*®4%3 and Batterson and Klein®>% in-
troduced data partitioning to extend the applicability of the approach
to large-amplitude maneuvers and highly nonlinear aerodynamics.
These methods, which are used extensively at NASA LaRC and else-
where, have proved to be effective approaches to aerodynamic mod-
eling, particularly for nonlinear aerodynamics and unstable aircraft.

Near-linear dependency (data collinearity) and its effect on
equation-error linear regression were discussed in Ref. 83. This
was followed by proposed measures for detection and assessment
of the collinearity. Two biased estimation methods for parameter
estimation were introduced that may reduce the adverse effect of
data collinearity. The use of these methods was demonstrated using
flight data from the X-29 aircraft.3°3% It was further shown®®3%°
that reduction in collinearity effects could also be achieved by re-
placing the pilot stick input by a computer-generated input applied
directly to individual control surfaces.

A practical optimal input design technique that generates globally
optimal square wave inputs using dynamic programming principles
was introduced in Ref. 95 and tested in flight.!00:110:128.134 The tech-
nique was also applied to experiments for instrumentation error pa-
rameter estimation!®! and closed-loop model identification at high
angles of attack.!'” Recently, a different method was developed to
optimize multiple inputs for real-time parameter estimation in the
frequency domain.'*

Methodology development efforts also devoted attention to
output-error parameter estimation and the accuracy of parameter
estimation results. Refinements of the output-error maximum like-
lihood parameter estimation technique were developed by Murphy
and Klein% and Murphy®” and included a new method for calculat-
ing confidence intervals for parameters obtained from a nonlinear es-
timator, such as the output-error maximum likelihood method.”® " A
different approach to parameter accuracy was developed by Morelli
and Klein,'%®!?* removing the assumption of white measurement
noise. This work allowed calculation of parameter accuracy mea-
sures from a single flight test maneuver that are consistent with
the scatter in the estimates obtained from repeated maneuvers at
the same flight condition addressing the long-standing practical
problem of optimistic computed values for estimated parameter er-
ror measures. Other significant developments include an optimal
Fourier smoothing technique to estimate measurement noise char-
acteristics from measured flight data (see Ref. 117), and the use of
the extended Kalman filter for aircraft parameter estimation, with
application to the X-31 aircraft (see Refs. 105 and 107).

There has been a great deal of interest in parameter estimation us-
ing data transformed from the time domain to the frequency domain.
Rigorous treatment of this approach was presented by Klein,?**3
with examples. Further developments and creation of very capable
and widely-used software for aircraft system identification in the fre-
quency domain were done at NASA Ames Research Center'>® and at
DLR, German Aerospace Research Center in Germany.'** For data
transformation from the time domain to the frequency domain, an
algorithm with high accuracy and flexible frequency selection was
developed by Morelli.'? Later, the frequency-domain formulation
was used in estimation of handling qualities models!?%129:140.141.148
and in real-time parameter estimation'3""'*? using an equation-error
formulation and arecursive Fourier transform. Examples of these ap-
plications will be discussed later. Related work was done by Pearson
et al.,,''! Skantze et al.,'> and Pearson''> using Fourier modulating
functions in a formulation that is an extension of the early work by
Shinbrot.!3

System identification methodology at NASA LaRC has been
constantly updated and applied to model determination and
parameter estimation for a wide variety of aircraft, includ-
ing general aviation aircraft’-3153-38.72; F_8C fighter aircraft®’2%;
F-14 fighter aircraft®%7075; six research fighter aircraft: F-8
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with supercritical wing,”*? AFTI/F-16,°+%-77 F-106B,”* F-18
HARV,92.96.97.113,120.123.135.140 ¥ 9 81.84.88.93.99.102 54 X_31105.121,
B-737 transport®®; Tu-144LL supersonic transport!38:13%.141.148,
space shuttle®>; CH-47 helicopter?; a tilt wing vertical/short take-
off and landing aircraft'”; XV-6A aircraft*'>*; and the DHC-6 Twin
Otter commuter aircraft for icing research.®¢-87-%% In addition, anal-
ysis and modeling was done on data from drop models such as
the High Incidence Research Model’®°!** and drop models of the
X_2980.90 and X_31.1037105.107

In recent years, system identification methodology was also ap-
plied to data from static and dynamic wind-tunnel testing. Nonlinear
modeling using multivariate orthogonal functions generated from
the measured data appeared as a new approach for obtaining global
models for aircraft aerodynamics.!'*!3%137 This method was also
combined with modern experiment design for efficient and accurate
development of wind tunnel aerodynamic databases.'**'47 For dy-
namic wind-tunnel testing, unsteady aerodynamic effects had to be
included in the models. For delta-wing aircraft, work by Klein and
Noderer!'%%116:118 degcribed a formulation using indicial functions
for linear models and indicial functionals in formulating nonlin-
ear aerodynamic terms'3? with applications to dynamic wind-tunnel
data for the X-31A'3* and the F-16XL.!26:127:14.145 Data were in the
form of forced oscillations and/or responses to a ramp change in
angle of attack. The methods were also extended to the case of a
wing—tail combination.!3

Over the years, several overviews have been written at NASA
LaRC describing system identification applied to aircraft.40-83:106.127
Recently, algorithms used for system identification applied to air-
craft at NASA LaRC have been programmed in MATLAB® and
assembled in a toolbox called System IDentification Programs for
AirCraft (SIDPAC).'46

System Identification Applied to Aircraft

When system identification is applied to an aircraft, the equations
governing its motion are postulated, and an experiment is designed
for obtaining time histories of the input and output variables. The
equations of motion are formed by rigid-body force and moment
equations in body axes'>

mV+wxmV =Fg+Fr+FV,w,u,0)
Io+wxIw=G(V,w,u,b) 1)

and by a set of kinematic equations relating the Euler attitude angles
and body-axis angular velocities. In Eq. (1), m is the mass, I is the

inertia matrix, V and w are the linear and angular velocity vectors,
and u is the control vector. The vectors F and Fy represent the
gravity and thrust forces, F and G represent aerodynamic force and
moment, respectively, and 0 is a vector of parameters that specify
aerodynamic characteristics of the aircraft.

For system identification, the aircraft equations of motion are
augmented by output and measurement equations. The complete
set of equations can be written as

x =flx@®),u@), 0],
z(i) = y(@i) +v(@),

Yy =hlx(1),u(), 0]
(@)

x(0) = xo,
i=12,...,N

where the state vector x is comprised of V, w, and Euler angles and
u is a vector of controls. The output vector y contains the aircraft
responses. The measured outputs z(i) at each sampling time #; are
corrupted by measurement noise v(i), and the number of data points
is N.

Aircraft identification can be defined as follows: Aircraft identifi-
cation is a determination, from input and output measurements, of a
structure for F (x, u, ) and G(x, u, 0) and estimation of unknown
parameters 6 in F(x, u, 6) and G(x, u, 0).

In many practical applications, the structure of F(x, u, 8) and
G(x,u, 0) is assumed to be known, and aircraft identification is
reduced to parameter estimation. A general approach to aircraft
identification adopted at NASA LaRC is shown in Fig. 1 in the form
of a block diagram. Various steps in the procedure include model
postulation, design of an experiment, data compatibility analysis,
model structure determination and parameter estimation combined
with collinearity diagnostics, and model validation.

Model Postulation

Model postulation is influenced by the type of maneuver used for
system identification and by prior knowledge about aircraft aecrody-
namics. The aerodynamic forces and moments are expressed in the
form of polynomials or polynomial splines as

n—1

Ca=Cay+ Y _0,x;

=1

3

where C, is the aerodynamic coefficient, C,, is the value of the
coefficient at a steady-state initial condition, and x; now represent
input variables and aircraft motion variables, their polynomial com-
binations (multivariable Taylor series terms), and/or spline terms.
The postulated model is then used in model structure determination
and parameter estimation.

MODEL POSTULATION '—}

EXPERIMENT DESIGN

MEASURED DATA

DATA COMPATIBILITY

l INPUT-OUTPUT DATA

1
1
1
1
1
1
1
1
i
1
ANALYSIS H
;
1
1
1
1
1
1
1

MODEL STRUCTURE
DETERMINATION

&

PARAMETER AND
STATE ESTIMATION

COLLINEARITY
DIAGNOSTIC

DIFFERENT SETS l '
OF DATA MODEL VALIDATION _— -

Fig. 1 System identification applied to aircraft.
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For a model with unsteady aerodynamics, the model for the force
and moment coefficients can be formulated in terms of indicial
functions, %156

! d
C.(t) = C, +f Cuelt — 7, S(r)]Td—S(r) dr 4
0 T

where £ is a vector of aircraft state and input variables on which
the coefficient C, depends, and C,; is a vector of indicial functions
whose elements are the responses in C, to unit steps in £&. The
indicial responses C,; are functions of elapsed time (f — t) and are
continuous single-valued functions of £(¢). The indicial functions
approach steady-state values with increasing values of the argument
(t — 7). If the indicial response C,; is only a function of elapsed time,
Eq. (4) is simplified as

Cu(t) = Cyy + / Cag(z—rﬂis(r)dr (5)
o dr

When analytical forms of indicial functions are specified, the
aerodynamic model based on Eq. (4) or (5) can be used in the aircraft
equations of motion for stability and control studies that involve
either nonlinear or linear unsteady aerodynamics, respectively. The
resulting equations of motion will be represented by a set of integro—
differential equations.

Experiment Design

An important part of the experiment design is the selection of
input forms. It has been recognized that the shape of an input sig-
nal can influence the accuracy of estimated parameters from flight
measurements. Attempts at obtaining parameter estimates with high
accuracy led many researchers to the development of an optimal in-
put. One of the latest techniques for optimal input design is discussed
in Refs. 95 and 128.

Data Compatibility Analysis

In practice, the measured response data, even after careful han-
dling, can still contain bias and scale factor errors due to the char-
acteristics of the sensors. To verify data accuracy, a compatibility
check can be applied to the measured aircraft responses. This check
includes aircraft state estimation, based on known kinematics and
the available sensor measurements, estimation of unknown instru-
mentation errors, and a comparison of reconstructed responses with
those measured. The state equations are formed by kinematic rela-
tionships, and the parameter vector usually contains constant biases
and scale factor errors. The estimation techniques are similar to
those used in estimation of states and aerodynamic parameters; see
Refs. 29 and 78.

State and Parameter Estimation

The problem of state estimation is usually reduced to integra-
tion of aircraft equations of motion, provided that these equations
represent a deterministic system, that is, no process noise and no
random parameters in the equations. The objective of the param-
eter estimation is to find values of unknown parameters € from
noisy measurements z and known input z. An estimator 8(z) is then
defined as a function of random variable z. Parameter estimation
requires specification of 1) model structure and parameters to be
determined, 2) measurement vector z, and 3) mathematical models
for z and uncertainties in parameters @ and measurement vector z.

Three estimation techniques can be developed, depending on the
properties of the measurement equation. If this equation is linear in
the parameters, then it can be formulated as

z=HO+v (6)

The measurement equation that is nonlinear in the parameters has
the form

z2=h(O)+v (7

In both equations, the matrix H and the form of the vector /(0) are
assumed to be known, and the measurement vector z contains n,
elements. Furthermore, the vector of measurement errors is consid-
ered at the ith measurement, where i =1,2, ..., N, and N is the
number of data points.

As to the uncertainties in the parameters and the measurements,
three models can be considered. They are designated according to
Schweppe'®’ as the Bayesian model, the Fisher model, and the Least
Squares model, formed as follows:

Bayesian Model:

i) @ is a vector of random variables specified by its probability
density p(6).

ii) v is a random vector specified by its probability density p(v).
Fisher Model:

i) 0 is a vector of unknown parameters.

ii) v is a random vector specified by its probability density p(v).
Least Squares Model:

i) 0 is a vector of unknown parameters.

ii) v is a random vector of measurement noise.

For measurement equations that are nonlinear in the parameters,
Eq. (6) in all three models is replaced by Eq. (7).

Estimator for Bayesian Model

The development of an estimator in the Bayesian model follows
from the Bayesian estimation theory explained in Refs. 157 and
158. This estimator has not been established in aircraft parameter
estimation because of the unavailability of the probability density
p(0).However, a Bayes-like estimator can be formulated as a biased
estimation technique in linear regression (see Ref. 84).

Estimator for Fisher Model
An estimator for the Fisher model is based on the Fisher infor-
mation theory'>® using the concept of a likelihood function:

L(z; 0) = p(z|0)

Because now 6 is not a random variable, the density function
p(0) is not defined. The most common estimator for the Fisher
model is the maximum likelihood (ML) estimator, which is equal
to the value of @ that maximizes L(z; ) for given z. In the case of
Gaussian distribution of p(z), the likelihood function takes the form

L(z: 0) = [2n)"|R"* exp {—ilz — HOV'R 'z — HOl}  (8)

Rather than maximize the likelihood function, it is more con-
venient to minimize its negative logarithm. The ML estimator for
parameters of a dynamic system with no process noise and a se-
quence of measurements z(i) can be expressed as

N
6 = min > = L) 0)] (©)

i=1

Then the ML estimator is reduced to an output-error method with
the cost functional

1< N

J = 5 Zl:v(i)TR’]v(i) + > 0o |R)| (10)
where v(i) =z(i) —y(i, 6) are the residuals and 6 is a vector of
nominal values for the parameters. Experience shows that a suitable
technique for minimization of the cost functional in Eq. (10) is
the modified Newton—Raphson method (see Ref. 15). When this
technique is used, the step size A for the parameter estimation is
given by

A= -—M"'= (11
where M is the Fisher information matrix

N I (i T (i
-tl]e ] e

i=1
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and the cost gradient 9.J /90 is

3 ITayi)]"
=3 :Z[ gg)} Rv(i) (13)

The noise covariance matrix R is estimated using a relaxation pro-
cedure with the equation resulting from setting the gradient 9./ /R
equal to zero and solving for R,

N
R= % Zv(i)v(i)T (14)

i=1

The information matrix also provides a lower bound on the param-
eter covariances, that is,

cov(0) = E{(6 — 0)(0 — )"} > M (15)

Expression (15) is valid if the measurement noise is random, Gaus-
sian, and white. Numerous analyses from measured flight data have
shown, however, that the residuals can be far from white. The resid-
uals very often contain some deterministic components. The result
is colored residuals, leading to a new expression for the parameter
covariance matrix'>* i

in the form
N T N
A _ @)\ - RN £ [6)) _
cov(@) =M"" § (ao) R '§ R, G — )R l(a—e) M

i=1 j=1

16)

where 9, (i — j) is the autocorrelation matrix for the output residual
vector v. The autocorrelation matrix is estimated from

N—k
R, (k) = ﬁ Z v(iw(i + k)" = R, (—k) a7

i=1

Further simplification of the ML method is obtained by assum-
ing that both the input and state variables are measured without
errors. This assumption leads to an equation-error method that can
be formulated as a linear regression to model the aerodynamic de-
pendencies. Reasons for using ML methods can be summarized as
follows:

1) The method in its general form can estimate parameters of
a linear or nonlinear dynamic system that is either deterministic
or stochastic and where the measurement noise is random but not
necessarily Gaussian.

2) The method assumes known inputs and noisy measured air-
craft motion variables, which is consistent with typical flight-test
measurements.

3) Parameter estimates are asymptotically consistent, unbiased,
and efficient. However, these properties hold strictly only when there
is no deterministic modeling error, which is seldom achieved in
practice.

4) The technique can be generalized to the frequency domain, in
which case the data from more than one maneuver can be easily
combined for a single analysis, and the approach can be applied to
unstable aircraft flying with stability augmentation systems. The last
two items can also be accomplished using ML in the time domain,
but with difficulty.

Estimator for Least Squares Model

When the form of the least squares model is specified, no model
for uncertainty in @ and v is used,; i.e., there is no probability state-
ment about 8 and v. An estimator for the least squares model can
be obtained by the reasoning that, given z, the best estimator of 6
follows from minimizing

J=(@—-HOTR '(z — HO) (18)

where R™! is now a positive definite weighting matrix. In the special
case where R~! =1, the ordinary least squares estimate follows from

the cost function

N
J =Y [z(i) - H()OV (19)
i=1
when the entire set of measured data z(i),i =1,2,..., N, is con-

sidered.

When the states and inputs in the aerodynamic model equations
are replaced by their measured values, the regression equations are
formed as

i=1,2,....,N
(20)

where y represents a nondimensional aerodynamic coefficient,
x) to x,, the regressors, and ¢ is the error. The N equations can
be also be expressed as

y)=00+01x1() + -+ +0,x,0) + (),

Y=X0+¢ 1)

where Y=[y(1), y(2)..., y(N)]7, etc., and the notation has
changed from before (Y =z, X=H, and € =v) to correspond to
conventional notation for regression problems. The least squares
(LS) parameter estimates are obtained as

0=X"X)"'X"y (22)
and their covariance matrix as
cov(®) = a2 XTX)™! (23)

For white noise, the error variance o2 can be estimated from

U S S
67 = ) ) —3OF 24)

i=1

or independently of the parameter estimates by use of smoothing
techniques.'!” For colored noise,

N N
cov@ = X" X7 Y x() ) Neeli = Hx(HT [XTX)!
i=1 j=1
(25)
where 9N, (i — j) is the autocorrelation function of residuals

e(i) = y(i) = () = y(i) — x(1)" 6 (26)

and x(7) is the ith row of the regressor matrix X.

For regressors that are deterministic quantities, with white noise
on the measured output, the LS parameter estimates are unbiased,
efficient, and consistent. In real applications, however, the regressors
are measured with errors. Then the LS estimates are biased, ineffi-
cient, and inconsistent. Despite these properties, the linear regres-
sion is a widely used estimation method for the following reasons:

1) It is a simple, noniterative method for parameter estimation.

2) The LS estimates serve as nominal starting values for the ML
methods.

3) Linear regression can be applied to data generated by partition-
ing an ensemble of data from repeated measurements, with respect
to one or more variables.®

4) Data from more than one maneuver can be easily combined
for a single analysis.

5) Linear regression can be extended to a technique for model
structure determination, e.g., stepwise regression.

6) Formulation of a regression problem can be used for investiga-
tion of near-linear dependence (collinearity) among measured state
and input variables, and for the development of biased estimation
techniques for dealing with highly collinear data.

7) The technique can be applied to unstable aircraft flying with
stability augmentation systems.

8) The technique generalizes easily to frequency-domain data.
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Model Structure Determination

A major problem in system identification is the selection, based
on measured data, of an adequate (parsimonious) model. An ade-
quate model has a structure sufficient to characterize the data, facil-
itates the successful estimation of unknown parameters whose exis-
tence can be substantiated, and has good prediction capabilities. For
model structure determination, stepwise regression methods**>” can
be used. In this approach, the determination of a model for the aero-
dynamic coefficients includes three steps: postulation of terms that
might enter the model, selection of an adequate model, and valida-
tion of the model selected. After the aerodynamic model equations
are posulated, significant terms among the candidates are deter-
mined based on partial correlation coefficients and F ratios, and the
corresponding parameters are estimated. At every step of the step-
wise regression, the terms incorporated into the model in previous
stages and a new term entering the model are reexamined for their
significance.

The model structure can be determined in a methodical fashion
when the candidate regressors are orthogonalized.!'*'¥” Using a
predicted squared error criterion, which combines a measure of the
candidate model fit to the measured data with a model overfit penalty
term, an adequate model with good predictive capability can be
identified.

Collinearity Diagnostic

The augmentation of high-performance aircraft very often intro-
duces near-linear relationships among the input and output variables
(data collinearity). When linear regression is used in data analysis,
the collinearity results in an ill-conditioned X7 X matrix in expres-
sion (22) for LS parameter estimates. Because of that, the collinear-
ity can cause computational problems and reduce the accuracy of
parameter estimates. Procedures for detection of collinearity are
recommended in Ref. 83 and are applied to flight data. These pro-
cedures are as follows:

1) Examine the correlation matrix X*” X* and its inverse, where
the matrix X* is formed by centered and scaled regressors.

2) Eigenvalue analysis of the X7 X matrix or singular value de-
composition of the X matrix.

3) Decompose the parameter variance into a sum of components,
each corresponding to one of the eigenvalues of the X7 X matrix or
singular values of the X matrix.

If the collinearity reveals a serious problem, some way of dealing
with it should be chosen. Additional data can be used, the experi-
ment can be redesigned, the model can be respecified, or different
techniques from the ordinary LS procedure can be used. One of
these techniques, the mixed estimation, is introduced in Ref. 83.
Mixed estimation (ME) is a procedure that uses prior information
on parameters to augment measured data, instead of a probability
density. It is closely related to a Bayesian estimator of 6. Mixed
estimation includes the usual regression model given by Eq. (21)
and the additional assumption that a set of prior conditions on 8 can
be written as

d=A0+¢ 27N

In this equation, A is a matrix of known constants and ¢ is a vector
of random variables with E{¢} =0and E{(¢T} = o?W, where Wis
a known weighting matrix. When Eqgs. (21) and (27) are combined,
the mixed model is obtained. For known o2, the application of LS
to this model results in the mixed estimator,

Ove = XX +ATW'A) ' XY +ATW'd) (28)

It is shown in Ref. 84 that the addition of prior information to
the ordinary regression results in reduction of parameter variance.
In real applications of the ME, the values of A, W, and o are not
known exactly; therefore, the resulting estimator is biased.

Model Validation
Model validation is the last step in the identification process and
should be applied regardless of the complexity of the estimation

method. The identified model must demonstrate that its parameters
have physically reasonable values with acceptable accuracy and that
it has good prediction capabilities. For these reasons, the parame-
ter estimates are compared with any information available about
the aircraft aerodynamics, which can come from theoretical predic-
tions, computational fluid dynamics, wind-tunnel measurements, or
results of other flight tests using different maneuvers and/or differ-
ent estimation techniques. During these comparisons, the accuracy
of the parameter estimates must be taken into account. Prediction
capabilities of the identified model are checked on a set of data not
used in the identification process.

Recent Applications of System Identification to Aircraft

System identification techniques have been applied to a variety
of aircraft and experiments at NASA LaRC. The following mate-
rial is a sampling of some recent applications. The descriptions are
intentionally brief, due to space limitations, so that the interested
reader should consult the references for full details. The applica-
tions described here are: real-time parameter estimation on a Twin
Otter commuter aircraft, nonlinear aerodynamic modeling of wind-
tunnel data for a flying model aircraft, low-order equivalent system
modeling on the F-18 HARYV fighter aircraft and the Tu-144LL su-
personic transport aircraft, and unsteady aerodynamic modeling of
wind-tunnel forced oscillation data for an F-16XL fighter model.

Real-Time Parameter Estimation

Estimating model parameters and associated error bounds in real
time can provide significant advantages for efficient flight test-
ing, flight envelope expansion, and real-time monitoring for flight
safety.!3! In addition, indirect reconfigurable control methods re-
quire real-time estimates of stability and control derivatives. At
NASA LaRC, a frequency-domain equation-error technique was
developed for estimating time-varying stability and control deriva-
tives in real time.!*? The method uses a recursive Fourier transform
at selectable frequencies in an equation-error formulation. Some ad-
vantages of this approach are automatic removal of noise, measure-
ment biases, and infrequent data dropouts; enhanced signal-to-noise
ratio; low computational and memory requirements; and accurate
parameter error bounds without corrections.

Researchers from NASA LaRC and NASA John H. Glenn Re-
search Center collaborated to demonstrate this real-time parameter
estimation method in flight on the NASA Twin Otter Icing Re-
search Aircraft, as part of the NASA Smart Icing Systems program.
Figure 2 shows a piloted elevator doublet sequence and the mea-
sured pitch rate response at a low-angle-of-attack flight condition.
Figures 2d and 2e show the time histories of two of the dimensional
stability and control derivatives estimated using real-time parameter
estimation in the frequency domain. The state-space model for the
short-period motion was

¢« [z 2z ochzét,(S 29
q B Mat Mq q MSE ¢

where the Z; parameter includes the inertial term, i.e., Z, =1+ Z,.
The dotted lines in Figs. 2d and 2e indicate the postflight esti-
mate of each derivative, using time-domain output-error parameter
estimation.'*® The real-time frequency-domain algorithm needed
very little information to converge to the postflight values, and the
error bounds accurately reflect the quality of the parameter estimates
throughout the maneuver. This real-time analysis was done with a
450-MHz laptop computer carried aboard the Twin Otter aircraft.
The data were sent from the onboard flight data recording system
to the laptop computer over a serial data line at 20 Hz. The laptop
computer was able to import the data and carry out the required cal-
culations in real time, with enough time and computational power
left over to generate plots similar to Fig. 2.

Recently, research has been done to develop a multiple-
input design technique for real-time frequency-domain parameter
estimation.'* Inputs were designed to be mutually orthogonal in
the time domain and the frequency domain and to have very low
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Fig. 2 Twin Otter real-time parameter estimation, oo =0.6 deg, and
My=0.21.

peak factor, so that the aircraft can be excited sufficiently for ac-
curate parameter estimation without large aircraft response ampli-
tudes. This would allow continuous, accurate real-time estimation
of time-varying stability and control derivatives with minimal dis-
turbances to the aircraft and pilot.

Wind-Tunnel Database Development

For modern aircraft with multiple control effectors and large flight
envelopes, it is important that efficient wind-tunnel testing methods
be used to collect aerodynamic data. Improved insight is obtained

if the aerodynamic dependencies can be characterized by multi-
variate polynomial models, rather than extensive tables of num-
bers. Multivariate polynomial models for the aerodynamic force
and moment coefficients also enable important analysis and de-
sign work, such as bifurcation analysis, full-envelope control sys-
tem design, and simulation database updates using flight-test data.
At NASA LaRC, development of a multivariate orthogonal poly-
nomial modeling technique''* provided the capability to identify
global models for aerodynamic data from wind-tunnel tests.'*? This
modeling technique was combined with modern experiment design
to create an effective and efficient procedure for characterizing air-
craft aerodynamics. Reference 147, describes how this was done
using a flying model aircraft called the Free-flying Aircraft for Sub-
scale Experimental Research (FASER), which is being developed
at NASA Langley for fundamental aircraft dynamics and control
research. The wind-tunnel testing for FASER covered a large flight
envelope and included propulsion-induced effects at low angles of
attack and sideslip angles. Figure 3 shows an identified multivari-
ate polynomial model surface fit to rolling moment coefficient data,
for a three-dimensional slice through a subspace of the independent
variable space for the full flight envelope of the vehicle. The x mark-
ers represent measured data points, and the smooth surface is the
identified model. Because the model surface can only be shown for
a three-dimensional slice through a higher-order (five-dimensional)
space of independent variables, only a few of the 80 total data points
for this subspace appear in Fig. 3, as shown by the x markers. The
remaining data points lie in other parts of the five-dimensional inde-
pendent variable subspace. A single multivariate polynomial model
was identified to fit all of the data in the subspace, which means that
similar plots could be made for other parts of the independent vari-
able subspace with the same single identified model. With use of the
multivariate orthogonal function technique, the multivariate model-
ing of the aerodynamic dependencies, including both the nonlinear
multivariate model structure determination and subsequent parame-
ter estimation, was done in an automated fashion, based only on the
data and statistical modeling metrics, without the need for analyst
judgement.

Combining these analytical methods for experiment design and
multivariate polynomial modeling with automated wind-tunnel rig
control and real-time data acquisition has the potential to provide
large improvements in testing efficiency, model accuracy, and real-
time awareness of the data quality and modeling results.

Flying Qualities Model Identification

Low-order models characterizing the aircraft response to pilot in-
puts are useful for quantifying flying qualities and evaluating con-
trol system performance. These models, called low-order equiva-
lent system (LOES) models, have a fixed structure corresponding to
classical aircraft dynamics, with an input time delay to account for
time lag due to high-frequency closed-loop control, digitization, and
various nonlinearities. Recent work at NASA LaRC has resulted in
development of a frequency-domain approach for identifying LOES
models from flight-test data, particularly for shorter maneuvers ex-
cited by doublets and multistep inputs. The approach is based on
the work by Klein** and employs the advanced frequency-domain
transformation developed in Ref. 125, with optimization methods
tailored for application to the LOES modeling problem.!* High-
accuracy Fourier transform data at selectable frequencies are used
for the modeling, in contrast to the traditional approach of using
spectral estimates to generate a Bode plot. Because of this, the new
approach makes it possible to obtain accurate LOES modeling re-
sults using relatively short data records.

The approach has been applied to high-angle-of-attack tracking
data for the F-18 HARV aircraft'*° and also to the Tu-144LL super-
sonic transport aircraft.'*® Figure 4 shows data for three identical
longitudinal tracking tasks flown at approximately 40-deg angle of
attack by three different test pilots on the F-18 HARV. Pilots A, B,
and C rated the aircraft flying qualities at level 1, 2, and 3, respec-
tively, even though the task, aircraft, and flight-condition were very
nearly the same in each case. Analysis of the flight-test data using the
approach described earlier showed that each pilot’s flying qualities
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rating was completely consistent with the LOES model identified
from the measured data. Table 1 contains parameter estimates for
the longitudinal LOES model of pitch rate ¢ to longitudinal stick
input 7, in the frequency domain,

q b b K 1/T,
Ni _ (bys + by) T o(s +1/Ty,) o (30)
Ne

s24+as + ag §2 4+ 28 pwy,s + wfp

At the bottom of Table 1, the flying qualities levels for each pi-
lot’s rating are shown, along with flying qualities levels predicted

Table 1 Longitudinal LOES modeling results for F-18 HARV
longitudinal tracking data, ocp =40 deg

Estimate (standard error)

Maneuver Maneuver Maneuver
Parameter 376d 321e 320j
by 0.787 0.745 0.638
(0.103) (0.152) (0.041)
bo 1.401 3.346 0.451
(0.493) (0.701) (0.203)
a; 3.785 4.371 4.670
(0.678) (0.675) (0.314)
ap 15.49 33.84 10.30
(3.39) (4.50) (1.53)
T 0.026 0.042 0.236
(0.018) (0.020) (0.018)
1/ Ty, 1.78 4.49 0.71
Wsp 3.94 5.82 3.21
Ssp 0.48 0.38 0.73
Pilot flying qualities (FQ) 171 2/2 3/3

level/LOES model FQ level

N

Fixed Independent Variables

using the identified LOES and information in the relevant military
specification.

The difference in the pilots’ flying qualities ratings was not from
any wide variation in their rating technique, but rather was the result
of different aircraft responses to the way each pilot flew the tracking
task, as indicated by the power spectrum of the pilot inputs shown
in the bottom of Figs. 4b—4d. (Note the change in vertical scale
for pilot C, Fig. 4d.) The predominantly low frequency inputs of
pilot A resulted in a level 1 rating, whereas pilot B used a more even
frequency spectrum and rated the airplane level 2. Pilot C used high-
amplitude inputs at low and midrange frequencies, which resulted in
control surface rate limiting, and experienced a level 3 closed-loop
airplane response.

The LOES modeling approach provided the capability to iden-
tify accurately analytical LOES models using data from a relatively
short tracking task that was not intended to provide data for LOES
modeling. Accurate identified LOES models were necessary to il-
luminate the situation.

Figure 5 shows that the LOES modeling approach described
above worked well for the Tu-144LL at a transonic flight condi-
tion using a multistep maneuver. The LOES model identified from
the data shown in Fig. 5b was used to predict the response shown in
Fig. Sc. Figure 5c demonstrates that the identified model has good
prediction capability for a maneuver at the same flight condition
using an input with inverted polarity. The data from the prediction
maneuver was not used in the model identification.

Unsteady Aerodynamic Modeling Using Indicial Functions

For better understanding of aircraft aerodynamics in rapid, large-
amplitude maneuvers, NASA LaRC conducted a series of wind-
tunnel tests on models of the F-16XL aircraft. These tests included
measurements of aerodynamic forces and moments under static

0

alfa beta

Fig. 3 FASER wind-tunnel database development, C; subspace 20, 20 < o <40 deg, and —10< 3<10 deg.
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Fig. 4 F-18 HARV LOES modeling, tracking task, oy =~ 40 deg, and My = 0.32.

conditions, followed by oscillatory and ramp tests. In the following
example, model formulation and identification for an aircraft per-
forming a large-amplitude one-degree-of-freedom motion in pitch
is considered. Detailed development is given in Ref. 127.

A general model for the lift coefficient can be expressed in terms
of indicial functions as

Cp(t) =C(0) +/ Cr It —t;a(1), qg(0)]a(r)dr
0

E t
+V/ Crlt — (1), q(m)l¢(r)dr €2y
0

where C; (0) is the value of the lift coefficient at initial steady-
state conditions, @ and ¢ are the angle of attack and pitch rate,

respectively, t represents time, and 7 is the time delay. Assuming that
the indicial function reaches steady state as t — 0o, and neglecting
the effect of ¢, the model for C, (#) can be simplified as

1 ! .
Cr(t) = Cr(a) + VCL" (a)gq(t) — / Fp [t — t;a(r)]a(r)dr
0
(32)
with

Fp,(t;a) = e ?®a(a) (33)
In Eqs. (32) and (33), £ is the characteristic length and C, is the

damping-in-pitch derivative; a(«) and b(«) are polynomials in .

In the resulting model, the term C;(a) can be determined
from static wind-tunnel tests. The remaining terms C., (a),
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Fig. 5 Tu-144LL LOES modeling, multistep maneuvers, o9 = 5.8 deg, and M, = 0.88.

a(a), and b(a) can be identified from measured oscillatory data
Cpr(a:ag, oy, k), where g is a nominal value of «, a4 is the am-
plitude of the oscillation, and k = wf/V is the reduced frequency,
with angular velocity w.

The identification of the three unknown polynomials utilizes a
two-stage procedure that combines stepwise regression and the max-
imum likelihood estimator. The resulting model was validated by
its prediction ability. In Figs. 6a and 6b, a comparison of measured
C, and C; predicted by the identified model is shown for oscilla-
tory and ramp data, respectively. None of these data were used in
the modeling, so Figs. 6a and 6b are both prediction cases using a
model identified from other data. Figure 6a also shows measured
lift coefficient under static conditions. From the results shown, it
can be concluded that the identified model explains the variation in
C|, for the two selected dynamic maneuvers very well.

Future Development of System Identification
for Aircraft Applications

The future of system identification applied to aircraft has many
interesting possibilities. Interaction between system identification
practitioners and computational fluid dynamics (CFD) researchers
should increase substantially over time. In addition to helping to
validate CFD results, aircraft system identification might be used in
cooperative approaches with CFD, to take advantage of the strengths
of both approaches or having one approach fill in gaps where the

other cannot be used effectively. Currently, identified aerodynamic
models are lumped parameter models, which characterize the aero-
dynamics of the entire aircraft as a whole. With the introduction
of small and inexpensive sensors, and increasing computational ca-
pabilities, it may be advantageous to identify distributed parameter
models for aircraft aerodynamics. The result would be that flow-
fields for individual parts of the aircraft could be taken into account,
which could be useful for describing motions such as a spin. How-
ever, the distributed models will have many more parameters than
traditional lumped parameter models. To realize improved fidelity,
the distributed parameter models will generally require more data,
which will in turn require new methods for experiment design, data
handling, and modeling. Along these same lines, modern air vehi-
cles are tending toward having more control effectors, with a wider
variation in their type and operation. This will require efficient wind-
tunnel testing and modeling methods, as well as efficient flight-test
experiment design and modeling. In the long term, the aim could
be toward automating the complete experimentation, data analy-
sis, and modeling process, first in the wind tunnel, then possibly
in flight. The role of the system identification engineer would then
evolve toward high-level oversight of the automated processes and
trouble-shooting specific problems that arise.

Many modern flight vehicles, particularly vehicles of smaller
sizes and vehicles that may use smart materials or morph-
ing structures, will have significant structural dynamic interac-
tions with the aerodynamics. This will require additional system
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Fig. 6 F-16XL measured and predicted lift coefficient in a) oscillatory
test and b) ramp test.

identification work, including appropriate analytical formulations
of the models, with parameters that can be accurately identified
from measured data.

There is still plenty of work to be done in the area of nonlin-
ear and unsteady aerodynamic modeling, including understanding
the fundamental phenomena, designing appropriate experiments,
building ground facilities or aircraft flight-testing capabilities that
will allow the necessary experimentation to be conducted in a safe
and cost-effective manner, formulating the appropriate model forms,
estimating the model parameters accurately, and developing appro-
priate tests and criteria for validating the identified models. The fore-
front for this work is in the areas of static and dynamic wind-tunnel
testing. The phenomena being studied are complex, so extensive ex-
perimentation and iterative modeling efforts will be required. This
highlights the need for cost-effective means for doing the requisite
experiments.

More work will be required to create a practical real-time pa-
rameter estimation system that can work consistently without being
noticed by the pilot. In particular, more work is needed on data in-
formation content required for successful real-time parameter esti-
mation and on evaluation of the effectiveness of using time-varying
stability and control derivatives throughout the flight envelope to
characterize the aerodynamics. Payoffs for this research are very
high because real-time parameter estimation can be important for ef-
ficient flight testing, flight envelope expansion, reconfigurable con-
trol, and real-time stability and control monitoring for improved
flight safety.

Another area for future research is the rapid generation of aero-
dynamic databases from flight-test data and the related topic of effi-
ciently updating existing simulation aerodynamic databases, based
on flight test data. These areas have important implications for rapid
development of both experimental and production aircraft.

Undoubtedly, more applications and theoretical problems in sys-
tem identification will arise that cannot be foreseen. Every new
vehicle or device must be tested at some point. The fundamen-
tal activity called system identification, which involves identifying
mathematical constructs that fit measured data from an experiment
for purposes of understanding, control, and prediction, will continue
to be an essential activity in aerospace engineering.

Summary

A historical overview of research done at NASA Langley Re-
search Center in the area of system identification applied to rigid-
body aircraft has been presented. The material included here was
not intended as a comprehensive overview of all work in the field,
but rather as a historical look at the efforts made at one particular
research institution, NASA Langley Research Center, and its prede-
cessor NACA Langley. Researchers at this institution have been in-
volved in applying system identification to aircraft since shortly after
the invention of the airplane. After the review of significant work up
to the present time, four recent research projects at NASA Langley
demonstrating applications of system identification methodology to
aircraft modeling problems are described in some detail. Finally,
speculations on promising directions for future work in the field are
made.
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