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This effort identified a full subsonic flight envelope model of the aerodynamics of the F-14 aircraft. The data
set consisted of 8.9 h of flight data stored as 983 separate maneuver files. The analysis used a unified system
identification computer code implementing kinematic consistency, model structure determination, and parameter
estimation functions. The code implements generalized filter error, encompassing both equation error and output
error types of performance measures. The code can operate in a nearly automated manner, completely processing
about 1 h of flight data in about 40 h of Unix workstation time. The resulting aerodynamic model represents
nonlinear angle of attack, Mach number, and static flexibility effects. This model has 521 independent aerodynamic
terms and 97 independent instrumentation terms. The identified model is an incremental model that adds to an
existing nonlinear simulation. One and two dimensional spline functions represent the aerodynamic coefficients.

Nomenclature
¢ = incremental drag coefficient
c/ = incremental lift coefficient
C ,’mh = incremental stability axis roll moment coefficient
ct = incremental pitch moment coefficient
C,. = incremental stability axis yaw moment coefficient
C: = incremental side force coefficient
' = system dynamics vector function
. = CASTLE x body axis acrodynamic force
¢ = CASTLE x body axis engine force
f,.f = incremental x body axis force, i = x, y, or z axis
e = total body axis force, i = x, y, or z axis
h = measurement vector function
K, = engine scale factor
L = parameter estimation cost function
M = Mach number
iy = total x body axis roll moment
m¢ = CASTLE x body axis roll moment
mi = incremental x body axis roll moment
n = measurement noise vector
P = dimensionless stability axis roll rate
q = dynamic pressure
q' = dimensionless stability axis pitch rate
r = dimensionless stability axis yaw rate
u = control vector
w = process noise vector
x = system state vector
y = system measurements vector
o = angle of attack
B = angle of sideslip
At = sample period
da = differential tail deflection
3f = flap deflection
or = rudder deflection
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s = symmetric tail deflection

dsb = speed brake deflection

ésp = spoiler deflection

A = wing sweep change from nominal program
6 = unknown parameters

v = innovation

K = filter weight ratio vector

T = filter time constant

O = estimated quantity

Introduction

HE U.S. Naval Air Warfare Center Aircraft Division’s manned

flight simulator maintains the Navy’s high-fidelity F-14 engi-
neering simulator. Because this simulation is used for flight test
support, accident investigations, control law design and analysis,
and engineering development, an accurate model of the aircraft is a
necessity. Specifically, simulation of flying qualities that accurately
represent the F-14 requires a high-fidelity, nonlinear, six degree-of-
freedom aerodynamic model.

The F-14 aerodynamic model uses force and moment data from
several wind-tunnel sources. Although representing both subsonic
and supersonic flight, the model is aerodynamically challenged in
some specific areas. Table 1 shows the effects that are not modeled
or are incompletely modeled in the current simulation. Because of
these limitations, the manned flight simulator wanted to improve the
fidelity of the subsonic portion of the flight envelope using flight test
data and aerodynamic parameter estimation techniques.

Table 1 Existing model limitations

PATO Low speed High speed

a

X
X X

Landing gear

Flap/stat combined

Ground effects

Symmetric tail

Sideslip

Direct lift control

Basic pitch moment, lift,
drag forces X

Angle of attack rate X

Low angle of attack

Off schedule sweep X

Glove vane

Static flexibility X

E I

>
Ea T ]

3x indicates a problem area.
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Table 2 Data channels used in analysis

Use

Kinematic Aerodynamic
Channel mode mode

Ca

Differential tail
Rudder
Symmetric tail
Speed brake
Wing sweep
Maneuvering flap
Temperature
Power level angle
Airspeed

Pitch rate

Angle of attack
Longitudinal accel.
Normal accel.
Pitch angle
Altitude

Angle of sideslip
Roll rate

Yaw rate

Lateral accel.
Roll angle

Yaw angle

=1

S
W ddddddde g s e Cc oo

W oo oYY\ £ owew

4y indicates system measurement. by indicates system input.

Fig.1 F-14 aircraft with flight test instrumentation: 1) flight test nose-
boom and pitot probe, 2) noseboom AOA vane, 3) noseboom AOS vane,
4) production pitot probe, 5) production AOA vane, 6) pilot location ac-
celerometer package, 7) glove vane (not shown), 8) engine performance
sensors, 9) leading-edge slats, 10) spoilers (4 per wing), 11) variable-
sweep wing, 12) symmetric tails, 13) rudders, 14) flaps (maneuver and
auxiliary), and 15) fuel state sensors, CG accelerometers, rate, and at-
titude packages.

We used system identification methods to determine an improved
model of the F-14 aircraft. Data processing employed the important
but distinct functions of instrumentation consistency calibration,
model structure determination, and parameter estimation. A com-
puter code called GUPIE (Grand Unified Program for Identification
and Estimation) implemented these functions. (A computer code to-
day is sometimes called a toolbox or a solution.) GUPIE uses some
of the methods employed by an earlier system identification code!
called SCIDNT (Systems Control IDeNTification).

Instrumentation System

The instrumentation system provided complete measurement of
engine state, all control surface deflections and all velocity, angu-
lar rate, translational acceleration, and attitude components (Fig. 1,
Table 2). The sampling rate was 20 samples per second for a total
of 102 channels. The system identification processing used 39 of
these.

Flight Test Program
The data collected were obtained during 15 flight tests performed
between March and September 1988. In all, approximately 30 flight
hours were flown for the collection of the parameter identification
test data. This resulted in the collection of nearly 500,000 samples of
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Table 3 Integrated test block

Title and maneuver
duration

Description

Bank to bank roll
(305s)

Sinusoidal
longitudinai (30 s)

Sinusoidal lateral
(30s)

Sinusoidal
directional (30 s)

Steady heading
sideslips (60 s)

Military power
acceleration (30 s)

Idle power
deceleration (90 s)

Maximum power
acceleration (20 s)

Use lateral stick to roll left from 45 to 90 deg.
Then use lateral stick to roll
right by the same amount.

Swept sine in longitudinal stick. Use
about +5 deg of symmetric tail.

Swept sine in lateral stick. Use about
=45 deg of differential tail.

Swept sine in pedals. Use about
+10-deg ruder.

Use rudder and differential tail to trim
for about 5-deg left sideslip. Hold for 30 s.
Then release, trim for right sideslip, hold
for 30 s. Release. Requires about 20-deg
rudder 10-deg differential tail.

Increase thrust to maximum non afterburner,
about 60 throttle units. Accelerate
about 140 kn.

Decrease thrust to flight idle, about 7
throttle units. Decelerate about 140 kn.

Increase thrust to maximum with
afterburner, about 120 throttle units.
Accelerate about 150 kn.

Idle power Decrease thrust to flight idle, about 7
deceleration throttle units. Extend aerodynamic
with brake (60 s) brake. Decelerate about 140 kn.

Large amplitude Use two or three cycles of symmetric tail

longitudinal (60 s) motion of +5 deg. Duration of each cycle is
about 20 s. Leads to about £20-deg pitch
angle changes.

Wind up turns (50 s) Roll aircraft approximately 90 deg. Slowly
increase angle of attack until reach maximum
normal acceleration allowed.

Table4 High angle-of-attack test block
Title Description

Three-axis control
doublets
Pull to max Nz

Apply doublet in longitudinal and
lateral stick, pedal.

Roll into turn. Apply symmetric tail to
increase angle of attack to obtain maximum
allowable normal acceleration.

Bank to bank Perform with lateral stick and with
roli rudder pedal.

Steady sideslip Trim for about 5-deg left sideslip. Then

release and trim for right sideslip.

data for analysis. Each flight resulted in the collection of about 2500
seconds of data suitable for analysis using parameter estimation
methods.

The flight envelope covered during the tests ranged from a Mach
number of 0.15 to 0.95 and an altitude of 5 to 30,000 ft (Fig. 2).
Angle of attack ranged from —4 to +40 deg. Ateach flight condition,
the aircraft executed 11 types of maneuvers from an integrated test
block (Table 3) and four types from a high angle of attack test block
(Table 4).

Aerodynamic Model

Sources of the CASTLE (Baseline) Model

The F-14 baseline acrodynamics model appears in the Controls
and Simulation Test Loop Environment (CASTLE) used at the Naval
Air Warfare Center. The aerodynamic data are from six distinct
wind-tunnel databases. Each database covers a different portion of
the flight envelope defined by Mach number and angle of attack.
All databases have landing gear and landing flaps retracted, i.e.,
cruise configuration, except the power approach (PA) data base. The
model configuration for the PA wind-tunnel tests was landing gear
extended, full landing flaps, and F-14 DLC off. Incremental effects
for direct lift control (DLC) engaged and speed brake deflections
are available. For the cruise configuration, the maneuver flaps and
slats are extended for all angles of attack (AOA). All databases
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Fig. 2 Mach, altitude test envelope.

have wing sweep at the wing’s programmed Mach-a schedule. Two
store configurations for subsonic, cruise configuration are modeled,
representing two common missile and external tank configurations.

The aerodynamic data were obtained by NASA Langley,>> Bihrle
Applied Research (BAR),*> NASA Dryden, David Taylor Naval
Ship Research and Development Center, and Grumman Aircraft
Corporation (GAC).® Not all of the data are formally published as
of this writing.

Incremental Model Concept

To simplify integration of the identified model with the existing
simulation, we used an incremental model to represent the identi-
fied aerodynamic effects. The identified model adds to the existing
model. It does not replace the existing model. We could then easily
integrate the identified model with the baseline CASTLE simulation
by adding a single subroutine call.

The expressions for the total x axis forces and moments have the
form

fi=fi+Ke fE+ Sl (1)

my=mS + K, - ml +m] )

There are analogous expressions for the y and z axis forces and
moments. The C superscript indicates a CASTLE model term, and
the I superscript indicates an incremental model term. The CASTLE
model computes both aerodynamic (a subscript) and engine (e sub-
script) effects. K, is a scale factor on the engine effects. We esti-
mated a value for this scale factor along with instrumentation and
aerodynamic terms. Engineering judgment of experienced flight test
personnel suggested that including a scale factor having a value be-
tween 0 and 1 would be an adequate representation of actual engine
performance. The a priori CASTLE simulation assumes that the
engine is in nearly perfect operating condition.

Form of Incremental (Identified) Model

We based the form of the incremental model on our experience
with previous high-performance aircraft operating in the subsonic
and transonic regime.” The incremental model uses one specific
form for 0.3 < M < 0.99 (high Mach number) and a somewhat
modified form for 0 < M < 0.3 (Jow Mach number). The three
force and three moment dimensionless coefficients are functions of
one- and two-dimensional cubic spline functions® (Table 5). Spline
functions have become a popular method for representing nonlin-
ear aerodynamic functions.® Spline functions can represent highly
nonlinear functions with a minimum of independent parameters.

Table 5§ High Mach number model form

¢l =cP @, my+ PV, 50y + ) ansf
+CP (s + €157 @, Mg
ch=Ch¥ M)+ Cp% @ sn) + Cl)  (MSf
+ Cy, (M8sb + CH2) (e, M)G + Cyy BB
T ) (5) )
cl, = Can + 2 anp' + ¢ anr + ¢ (B
5 5 .
+CY (M)sa+ CN(MYSr + (Clypyda + Ciyy £)g
Cl=C @, M)+ €V, 8A) + CL) (M)sf
+ O (@, MYg' + [cq 5"555> (@, M) + cmmas]q +CP) (M)8s
5 5
Clow = Col (M) + CN M) p' + C (MY + CFF (M) B
5

+C (M)3a+ CoL(M)Sr + Cryy 87

5 -
Ch=CRN (M) + CENMIB + C3) (M)Sr + Cy, 867G

The aerodynamic coefficients having the form C*'(x) are one-
dimensional spline functions in the variable x having n knots. The
terms having the form C ™) (x, y) are two-dimensional spline func-
tions having n knots for the first variable x and m knots for the
second variable y. Terms with a subscript such as « or 8 are fac-
tors multiplying the aircraft state function « or 82, The independent
parameters used in the spline representation are the values of the
coefficient C at the knot locations. A C¥%™ (x, y) spline has n*m
independent parameters.

Figure 1 shows the static pitch moment term as a function of angle
of attack and Mach number. This figure shows the basic CASTLE
term, the identified spline function increment, C,ﬁfj) (a, M), and the
total coefficient.

For M < 0.3, the incremental model freezes Mach number effects
at their value for M = 0.3. This ensures continuity when switching
between low and high Mach regimes. Also, the model has additional
spline terms to represent flap deflection and landing gear effects.

System Identification Method

To estimate the parameters of the aecrodynamic model, we ap-
plied nonlinear filter error system identification. Previous work in
aircraft aerodynamic systems identification has used equation error
applied to nonlinear models®~'! output error applied to nonlinear
models,® filter error (usually applied to linear models'? but some-
times to nonlinear models'?), and model structure determination
by subset regression applied to nonlinear models with an equation
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error criterion.!! Our method used equation, filter, and output error
parameter estimation and model structure determination methods
in an integrated manner. In particular, we applied subset regression
methods directly to the nonlinear filter error criterion.

The filtering algorithm used to form the filter error criterion is a
simple but innovative one that greatly enhances the reliability and
speed of convergence of parameter estimation. Proper choice of the
time constants of the filter can force the filter error algorithm to
mimic either equation error or output error in addition to filter error.
The program can process multiple flight maneuvers simultaneously.
We have been able to estimate parameters in a nearly automated
manner. Particularly, all of the data used in the processing (about
1.25 h, or 90,000 samples) can be loaded into the program. Estima-
tion of as many as 90 parameters in one run using all of these data is
quite feasible using a desktop Unix workstation. Such a run requires
about 40 h of time on a SPARCstation 2 computer. Initial parameter
estimation, using equation error, final parameter estimation, using
filter error, and validation, using output error, are possible using the
same code. Changing a single input parameter (defining filter time

constants) changes the output/filter/equation error mode of opera-
tion of the code.
The general form of the model used by the system identification is

Xx=flx,uwit 0] 3
y=nh[xut0+n 4

where x represents the Nx system states, y represents the Ny mea-
surements, and u represents the Nu inputs; # and w are unmeasurable
stochastic terms; w represents process noise whereas n represents
measurement noise; and @ is a set of unknown parameters.

Kinematic Mode

The data consistency calibration mode of operation, called the
kinematic mode (Table 2, column 1), treats the inertial channels
(translational acceleration and angular rate) as the input vector u.'
The kinematic mode then integrates u to provide estimates y of
the other aircraft motion channels, such as attitude, altitude, and
airspeed. The kinematic mode of operation can estimate instrument
scale and bias terms to make the # and y channels consistent.

Aerodynamic Mode

In the aerodynamic parameter estimation mode of operation,
called aerodynamic mode (Table 2, column 2), our method uses
the control surface deflections such as és, da, and §f, as the input
vector u. We then use the aerodynamic equations of motion to inte-
grate these inputs to provide estimates of the inertial channels and
of the same channels used in the kinematic mode.

Performance Measure

In both kinematic and aerodynamic mode, we estimate parame-
ters by minimizing a fit error cost function £(8). The minimization
uses a Levenberg-Marquardt'®!7 (LM) procedure. The algorithm
estimates the partial derivatives needed by LM using a finite differ-
ence approximation.'® The cost function has the form

Lo IR Y2 0. 1)
£<9>=-2—; ; ; e )
where
Vi@, 1) = 9,00, 6) — v (t) (6)

where Nm is the number of multiple flight maneuvers being pro-
cessed; Nt (k) is the number of time points in maneuver k; $:(6, ;)
is the estimated value of channel j at time ¢ for maneuver k and
W; is a weighting factor on channel j. Usually, we set W; to the ap-
proximate rms noise level on that channel. The algorithm estimates
3;%(0, 1;) by propagating the equations of motion with the aid of
the filter.

Filter Overview

Both kinematic and aerodynamic modes use a filter to propa-
gate the equations of motion and to produce estimates 3; (6, #;).
The filter operates on a predict-update cycle. The filter first propa-
gates the state estimate ahead one time step from ¢ to #;,{ using a
first-order Euler method applied to the equations of motion. After
this prediction step, the program computes estimated measurements
3%, 1;11). Atthis time, the program computes the innovations vec-
tor v (6, ti11) at 4, ;. Next the program updates the state estimate
using the measurement available at £; , ;.

If the filter gains are low, the propagation of the equations of mo-
tionleads to an output error formulation of the performance measure,
Eq. (5). This low-gain formulation compensates for measurement
noise but not for process noise. If the filter gains are high and the
sampling period is small relative to the system time constants, the
performance measure approximates equation error. This high-gain
formulation compensates for process noise but not for measurement
noise. Intermediate values of the gains give a filter error performance
measure. An intermediate level of gains, implementing filter error,
compensates for both process and measurement noise in an effective
compromise.
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We have found that we can have the best of all worlds by variation
of the filter gains during the search for the optimal compromise of
the filter error formulation. The equation error performance measure
leads to rapid convergence of the iterative parameter search. How-
ever, the parameter estimates from equation error are sensitive to
measurement noise. Nonlinear filter error is relatively insensitive to
measurement noise. However, the convergence of the iterative meth-
ods used to minimize this cost function is prohibitively slow. Our
procedure has been to initially run an estimation case in equation
error mode. That is, we run it with very high filter gains. After con-
vergence (usually only requiring two iterations) we reduce the filter
gains and rerun the estimation problem. We continue these steps
until we reach gain levels corresponding to an optimum balance
between measurement and process noise. Our experience with the
F-14 data set is that this only takes three to four cycles.

Kalman Filter for Kinematic Mode

In the kinematic mode, we use a classical Kalman filter formula-
tion. We have found that we can estimate calibration terms, such as
bias and scale factor, by minimizing a cost function of the form of
Eq. (5). Additionally, we can estimate noise levels by minimizing a
likelihood cost function.!*

Simple Filter Used by the Aerodynamic Mode

Design of a Kalman filter using the aerodynamic equations would
be difficult. Such a design would require repeated linearization of the
aerodynamic equations as angle of attack and Mach number change.
Instead of using the complete Kalman formulation or a constant gain
measurement feedback,!® we use a very simple filter rule. The state
update uses the simple rule

(xupdated)i = (Kﬁller)i(xpropagalcd)i + [1 - (Kﬁlter)i](xmeasured)i (7)

where the elements of the filter weight vector gy are chosen as

1

(Kiter)i = m (8)
The state X peasured 1 the value of the state vector determined directly

from the measurements available at the update time:
Xmeasured = h_l[y’ ut, 0] (9)

Even in pure output error mode, propagation of the equations of
motion requires the A~ function to set the initial conditions for
each maneuver. )

Experience with the F-14 data set indicates that choosing T =
0.05 s gives rapid convergence (i.e., equation error performance).
Choosing T = 3 s gives good filter error performance. To estimate
a set of parameters, we typically run an initial case with v = 0.05,
a second case with T = 0.5, a third case with T = 1.0, and finally a
case with T = 3.0. At the start of each case, we set the parameter
values to those estimated by the end of the previous case.

Maedel Structure Determination

We have applied a subset regression approach to the determina-
tion of the structure for the aerodynamic model. The use of subset
regression in structure determination for aerodynamics models was
proposed as early as 1974.! In using subset regression to attack the
model structure problem, the analyst first hypothesizes a very com-
plex structure that includes all possible terms that might be present
in the true model. This model will inevitably be overparameterized.
The analyst then determines a subset of the complete set of hy-
pothesized terms that best represents the observed data. The subset
regression must solve two problems. First, it must find the subset
of each size (i.e., number of parameters) that best fits the observed
data. For example, if there are 100 candidate terms, the method
must find the one parameter model that best fits the data, the two
parameter model that best fits the data, . . . , the 99 parameter model
that best fits the data, and it must evaluate the single 100 parame-
ter model. Second, the method must determine which of these 100
models, each having a different number of parameters, is the best
overall. We have found that branch and bound tree search methods

100
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Fig.4 Model fit comparison for sinusoidal longitudinal input at Mach
0.9: —, data; - - - -, identified model; ---+---- , a priori (CASTLE)
model.

(originally developed, appropriately enough, by researchers at the
U.S. Forest Service) completely solve problem one.” An automatic
approach to problem two remains to be found, however. We have
used engineering insight to compare subsets of various sizes. A ma-
jor tool here is a plot of residual fit error vs number of parameters.
This is always monotonic decreasing with increasing number of pa-
rameters. The best subset will usually be near the point where this
curve begins to level off.

Our model structure determination started with all of the possible
independent spline parameters appearing in Table 5 as given can-
didate parameters. The C; equation, for example, has 85 candidate
independent parameters. This is because there are 25 independent
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parameters in C(LS'5> (a, M), 25 in CQ“‘S) (a, 8A), etc. The model
structure analysis then selected a subset of these candidates for iden-
tification. Another term for our model structure determination might
be parameter selection.

Subset regression was first developed for the analysis of linear
least square problems. We apply it to the nonlinear problem by
using it on the linearized least square problem that arises in the ap-
plication of the Levenberg—Marquardt method to the nonlinear least
square problem. This approach is effective in either the kinematic
or aerodynamic modes.

Identification Results

The identified model is valid over a Mach number range from
0.2 to about 0.9. The model represents all six degrees of freedom
of the aircraft with flaps up or down and corrects several problems
with the a priori model. The model has 521 independent parame-
ters. The system identification analysis identified values for 285 of
these. Model structure determination investigated the identifiabil-
ity of the other parameters but did not find that the values differed
significantly from zero. The identified model represents three aero-
dynamic effects not included in the a priori model, namely wing
sweep off nominal, dynamic pressure (static flexibility effects), and
landing gear deployment. Figure 4 shows a sample data set for one
maneuver (longitudinal sinusoid at Mach = 0.9) with the time his-
tory match of the a priori model and the identified model.

Summary and Conclusions

This system identification data analysis procedure developed a
very detailed, six DOF full subsonic envelope model of a complex
aircraft. Identified aerodynamic effects include wing sweep, dy-
namic pressure, and landing gear as well as basic static longitudinal
effects and angular rate damping effects. Identifying an increment
to an existing simulation allows easy integration with the baseline
simulation.

A nonlinear filter error algorithm provides initial parameter
estimation, final parameter refinement, and validation. Adjusting
the filter gains during the parameter search achieves rapid conver-
gence of the LM estimation algorithm. It is most effective to begin
with a high-gain filter and finish with a low-gain filter.

Using three key aerodynamic system identification concepts
(kinematic consistency, model structure determination, and filter
error parameter estimation) in an integrated fashion is a very effec-
tive procedure for attacking aerodynamic modeling problems having
realistic complexity.
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