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Frequency-Domain Estimation of Parameters
from Flight Data Using Neural Networks

A. K. Ghosh¤ and S. C. Raisinghani†
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A recently proposed method (the delta method) of estimating aircraft parameters from � ight data using feed
forward neural networks is applied for the extraction of lateral-directional parameters from simulated as well as
real-� ight data in the frequency domain.To apply the delta method in the frequency domain,the time-domain � ight
data are frequency transformed using a base-two fast Fourier transform algorithm. The frequency-transformed
motion and control variables and the force and moment coef� cients are split into the real and imaginary parts.
The network is trained using the training input–output pairs of either the real part or the imaginary part of all of
the variables involved.The delta method for the frequency-domainapplication is � rst validated on simulated � ight
data (with and without measurement noise) for the lateral-directionaldynamicsand then applied to real-� ightdata.
Implementation details of the method in the frequency domain and the results obtained thereby are presented.
Relative advantages and potential applications of the frequency-domain approach for the delta method are also
pointed out.

Nomenclature
aym = measured acceleration along y body

axis, m/s2

Cl , Cn = coef� cient of rolling and yawing moment
Cl(¢ ) , Cn(¢ ), Cy(¢ ) = nondimensionalderivatives
Im[ ] = imaginary part of a complex number
Ix , Iy , Iz = moment of inertia about x , y,

and z axes, kg m2

Ix z = cross product of inertia, kg m2

m = mass of aircraft, kg
p, r = roll and yaw rates, rad/s
q̄ = dynamic pressure, N/m2

Re[ ] = real part of a complex number
S = reference wing area, m2

s = half the wing span, m
V = � ight velocity, m/s
b = angle of side slip, rad
d a, d r = aileron and rudder de� ections, rad
q = air density, kg/m3

u = bank angle, rad
x = angular frequency, rad/s

Superscript

» = frequency transform

Introduction

I N recent times, the most widely used parameter estimation
methodhas been the outputerrormethodand its variants, like the

maximum likelihoodmethod, the � lter errormethod, and so on. Ap-
plicationof these methods requiresan a priori postulationof aircraft
model.More recently,a class of neuralnetworkscalled feed forward
neural networks (FFNNs) has been used to model aircraft dynamics
wherein aircraft motion variables and control inputs are mapped to
predict the total aerodynamiccoef� cients.1,2 It has been shown that
FFNNs can work as general function approximators and, thereby,
are capableof approximatingany continous function to any desired
accuracy,providedthe appropriatenumberof hiddenlayersandneu-
rons per layer exist and that the activation function is continuous.3
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It is because of this ability of FFNNs to act as general function ap-
proximatorsthatFFNNs presentthemselvesas an alternativetool for
modeling aircraft aerodynamics. The FFNNs also possess a gener-
alization property, which enables the interpolationor extrapolation
using a � nite set of measurements.Raisinghaniet al.,4 exploitingthe
generalization property of FFNNs, proposed two methods, namely
the delta method and the zero method, for explicitly estimating air-
craft stability and control derivatives from � ight data.

Historically,many of the early approaches for estimating param-
eters from � ight data used the measured frequency-responsecurves
rather than the time-domain signals. With the rapid progress in the
computing powers of modern digital computers, the frequency-
domain approach was gradually discarded in favor of analyz-
ing the measured data in the time domain. However, attention
has been brought back to the frequency domain and its advan-
tages, highlighted by the researchers attempting to identify an
aeroelastic aircraft,5 aircraft with unsteady aerodynamics,6 aircraft
� ying in turbulence,7 unstable aircraft,8 and rotorcraft.9 This pro-
vided the motivation for exploring the possibility of implement-
ing the proposed delta and zero methods in the frequency domain.
The present paper investigates the frequency-domain modeling of
lateral-directionalaerodynamics of an aircraft using an FFNN and
the applicabilityof the delta method for extractingparameters from
such a neural model. The frequency-domainapplicationof the delta
method is � rst tested on simulated-� ight data and then on real-� ight
data. Relative advantages of the frequency-domain over the time-
domain approachfor estimatingparametersvia the delta method are
pointed out.

FFNNs
FFNNs consist of groups of neurons arranged in a layered struc-

ture. Each neuron receives a signal from the neurons in the layer
preceding itself and passes a signal on to the neuron in the follow-
ing layer. The relationship between the summed inputs to a neuron
and its output is governed by an activation function. A few of the
commonly employed activation functions are a tangent hyperbolic
function, a logistic (sigmoidal) function, and so on. The neurons
within a network are arranged in an input layer, one or more hidden
layers, and an output layer (Fig. 1). The connections between neu-
rons are assigned their individualweights. The weights are adjusted
by the so-called back-propagationalgorithm (BPA) and, to a large
extent, the model of the system to be approximatedis encoded in the
connection weights. Note, however, that the weights do not repre-
sent a speci� c parameter of the model; instead, it is the cumulative
effect of the weights and the structureof the network that allows the
network to have the adequate prediction capability and, thereby, to
yield a black-box type model.
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Fig. 1 Schematic of FFNN for lateral-directional aerodynamic
modeling.

Frequency Transform of Flight Data
and FFNN Modeling

Becausereal-� ightdataweremadeavailablefor theDLR research
aircraft advanced technology testing aircraft system (ATTAS),10 it
was found expedient to generatesimulateddata for the same aircraft
and for the � ight condition corresponding to real-� ight data.10 For
the purpose of generating simulated data for the lateral-directional
dynamics, Eqs. (1) and (2) of Ref. 11 were integrated for multistep
3-2-1-1 typesof aileronand rudder inputs, an aileron input followed
in one s by a rudder input (these simulateddata correspondto case 5
data of Ref. 11). The maximum likelihood estimates from the real-
� ight data, reported in Ref. 10, were used as the true values of the
parameters for generating simulated data.

For the frequency-domain application of the delta method, the
motion and control variables as well as the total force and mo-
ment coef� cients are frequency transformed. In the time domain,
let Yi ( pT ), p = 0, 1, . . . , N ¡ 1 be the given sequence of N dis-
crete simulated or measured data points obtained at equal interval
of T seconds. These data are transformed by using the following
discrete Fourier transform12:

Yi ( fn ) =
N ¡ 1

p = 0

Yi ( pT ) exp
¡ 2 j p pn

N
, j =

p
¡ 1 (1)

where fn = n / N T, n = 0, 1, . . . , N / 2.
The transformationof the time-domainsignalsinto the frequency-

domain was done through a base-two fast Fourier transform (FFT)
algorithm.12 For this purpose, if the given number of data points
N do not satisfy the relationship N = 2p (p is an integer value),
then a requisite number of trailing zeros are added to satisfy this
relationship, for example, if N = 230, then 26 trailing zeros are
added to make N = 28 .

The transformed data are obtained as a function of the angular
frequency, x n = 2p fn . The force and the moment coef� cients in the
frequency domain are evaluated by the following expressions:

C̃l( j x ) = j x ( Ix p̃ ¡ Ix z r̃ )/ q̄ Ss (2a)

C̃n( j x ) = j x ( Iz r̃ ¡ Ix z p̃)/ q̄ Ss (2b)

C̃ y( j x ) = (2m / q V 2S)ãy (2c)

Note that for the real-� ight data, computation of moment coef-
� cients in the time domain would require Çp and Çr , obtained either
from directly measured signals of angular accelerometers,or, more
commonly,via thenumericaldifferentiationof themeasuredangular
rates p and r . Whereas the measured Çp and Çr signals are generally
noisy and of poor quality, the option of numerical differentiation
may introduce its own errors in Çp and Çr . However, the frequency-
domain neural modeling has the advantage in that the computation
of frequency-transformedmoment coef� cients [Eqs. (2a) and (2b)]
requireonly frequency-transformedp and r signals,unlike the time-
domain neural modeling that requires the Çp and Çr signals.11

The network can be trained by using training pairs of either the
real or the imaginary parts of the frequency transformed inputs
( p̃s / V, r̃ s / V, ˜b , ˜d a, and ˜d r ) and output (C̃l , or C̃n , or C̃y ). The
training was carried out using both options for a few selected � ight
data, and it was concluded that both options led to almost simi-
lar training. For the sake of brevity, results are presented where
the real parts of the frequency transform of the motion and control
variables Re[ p̃s / V, r̃ s / V, ˜b , ˜d a, ˜d r] serve as the network inputs,
and Re[C̃l, or C̃n , or C̃y ] serves as the output variable for super-
vised training of the network and, subsequently,for parameter esti-
mation via the delta method. The training algorithm is iterative in
nature: The algorithm is started with a set of randomly initialized
weights, and the BPA repeated for all data points to update weights
recursively.

The mean square error (MSE) for each iteration is de� ned by

MSE =
1

mxn

n

i = 1

m

j = 1

[Yi ( j ) ¡ X i ( j )]2

where Y and X are, respectively, the desired (known) and the com-
puted (predicted) output of the neural network; n is the number of
data points; and m is the number of output variables. The training
sessions are continued until changes in the MSE in successive iter-
ations are less than the prescribed value or the number of iterations
exceeds the speci� ed number. Once the training (modeling) is over
and the network weights are frozen, the same input data are passed
again to check the prediction capability of the neural network. The
predictedvalues are deemed acceptableonly if the MSE is less than
the speci� ed value. To achieve the desired level of MSE, various
interrelated neural network parameters like the number of hidden
layers, the number of nodes in the hidden layer(s), the learning rate,
the momentum rate, the abruptness (logistic gain) factor of the sig-
moidal function, the initial neural network weights, and the scaling
of input–output data are adjusted by trial and error. The � nal set
of neural network parameters chosen are as follows: the number of
hidden layers is 1; the number of neurons in the hidden layer is 6;
the learning rate is 0.3; the logistic gain is 0.85; the momentum rate
is 0.50; the random seed is 0.85; the number of iterations is 5000;
the initial weights are from ¡ 0.5 to 0.5.

Delta Method in the Frequency Domain
The delta method proposed by Raisinghani et al.4 and Ghosh

et al.11 is based on the following premise: A stability or a con-
trol derivative can be thought of as a change in the aerodynamic
force or moment coef� cient caused by a small variation in one of
the motion/control variables while the rest of the variables are held
constant. A detailed discussion of the delta method and its time-
domain application to estimate parameters from � ight data is given
in Ref. 11. The frequency-domain application of the method is il-
lustrated with the help of an example.

Let the rolling moment coef� cient Cl be written as

Cl = Clp( ps / V ) + Clr (r s / V ) + Cl b b + Cl d a d a + Cl d r d r (3)

This aerodynamicmodel is postulatedsolely for the purposeof il-
lustratingthe frequency-domainapplicationof the delta methodand
is not a prerequisite for applying the delta method. The frequency
transform of Eq. (3) is split into real and imaginary parts as

Re[C̃l ] = Clp Re[ p̃s/ V ] + Clr Re[r̃ s / V ] + Cl b Re[ ˜b ]

+ Cl d a Re[ ˜d a] + Cl d r Re[ ˜d r ] (4a)

Im [C̃l] = Clp Im[ p̃s / V ] + Clr Im[r̃ s / V ] + Cl b Im[ ˜b ]

+ Cl d a Im[ ˜d a] + Cl d r Im[ ˜d r ] (4b)

Next, for the lateral-directionalmodeling,eitherRe[ p̃s / V, r̃ s / V,
˜b , ˜d a, ˜d r] could be mapped to Re[C̃l , or C̃n , or C̃y ], or Im[ p̃s / V,

r̃ s / V , ˜b , ˜d a, ˜d r ] to Im [C̃l , or C̃n , or C̃ y]. Once the mapping is
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established, a modi� ed network input � le is prepared wherein
only one motion/control variable at a time is perturbed by a small
(delta, D ) value. For example, to estimate Cl b , the Re[ ˜b ] value at
each frequency point is perturbed by § D (Re[ ˜b ]) while the rest
of the variables are held at their original values. This modi� ed
� le is now presented to the neural model to predict correspond-
ing values of perturbed Re[C̃l ]+ for Re[ ˜b ] + D Re[ ˜b ] and Re[C̃l ] ¡

for Re[ ˜b ] ¡ D Re[ ˜b ]. The stability derivative Clb is evaluated as
Clb = (Re[C̃l ]+ ¡ Re[C̃l] ¡ / 2 D Re[ ˜b ]). Similarly, perturbing only,
for example, Re[ ˜d r] in the network input � le will yield the control
derivative Cl d r .

Note that the delta method yields one estimated valueof a param-
eter at each frequency, that is, one estimate for each of the training
pairused.A studyof thehistogramof the resultingestimatesshowed
a near normal distribution.This justi� es using the mean value as the
estimated value and the sample standard deviation about the mean
as the measure of accuracy of the estimates.4,11,13

Estimation of Lateral-Directional Parameters
Simulated-Flight Data

The applicability of the delta method in the frequency domain is
� rst tested using simulated � ight data. For this purpose, the sim-
ulated � ight data pertaining to lateral-directional dynamics corre-
sponding to a 3-2-1-1 type aileron (d a) input, followed in one s
by a 3-2-1-1 type rudder (d r ) input (case 5 of Ref. 11) are fre-
quency transformed using a base-two FFT algorithm12 to yield
p̃s / V, r̃ s / V, ˜b , ˜d a, and ˜d r as a function of angular frequency x n .
The frequency-transformed C̃l , C̃n , and C̃y are computed using
Eq. (2). The real part of the frequency-transformed variables
p̃s / V, r̃ s / V, ˜b , ˜d a, and ˜d r are used to form the network input � le,
and the real part of C̃l , C̃n , or C̃y form the output � le for training the
network. The trained network was used for estimating parameters
via the delta method. All of the parameters were well estimated,
and the mean values of estimates were close to those reported in
Ref. 11 for the same data via the time-domain application of the
delta method. One noticeabledifferencewas that the standard devi-
ations corresponding to almost all of the parameter estimates were
signi� cantly lower in the case of the frequencydomain as compared
to the time domain.

Next, the same � ight data were corrupted by adding varying
amountsof measurementnoise.Results for 10% measurementnoise
in motion variables, obtained via the delta method in both the time
domain and frequencydomain, are shown in Table 1. From Table 1,
whereas a slight improvement in the accuracy of estimates is no-
ticeable for the frequency-domain application, it is the standard
deviations that show a signi� cant reduction.Thus, the delta method
in the frequency domain seems to be estimating parameters more
accuratelyand with an increasedlevel of con� dence (lower standard
deviations).

Real-Flight Data
The � nal test of any scheme for parameter estimation must come

from its successfuldemonstrationon real-� ightdata.The frequency-
domain application of the delta method is next investigated using
real-� ight data suppliedby DLR for the ATTAS aircraft.11 The � ight
data for the � ight condition de� ned by a landing-� ap condition
d f = special position (1 deg) and perturbations about steady-state
� ight at indicatedairspeeds(IAS), VIAS = 160 kn (case 9 of Ref. 11),
are chosen (Fig. 2). The raw data were preprocessed10,11 to account
for 1) variations in the mass, c.g. location, and the moment of in-
ertias due to fuel consumption; 2) offset of measuring instruments
and reference point; 3) the time delays and bias errors in the mea-
sured quantities; and 4) axes transformation to conform to the axis
system used in Ref. 10 to facilitate direct comparison with parame-
ter estimates10 obtained via the maximum-likelihood(ML) method
from the same data.

The measured motion and control variables p(t ), r (t ), b (t ),
d a(t ), and d r(t ) are transformed to the frequency domain using
the discrete form of the FFT method. The transformed variables
p̃( x n ), r̃ ( x n ), ˜b ( x n ), ˜d a( x n ), and ˜d r( x n ) are used to form the neu-
ral network input � le consistingof Re[ p̃s / V, r̃ s / V, ˜b , ˜d a, ˜d r]. The
transformedmotion variables p̃, r̃ , and ˜b are used in Eq. (2) to com-

Table 1 Estimated lateral-directional parameters
for simulated- and real-� ight data

Estimated simulated- Estimated real-� ight
� ight data, 10% noise data, VIAS = 160 kn

Time Frequency Time Frequency
Parameters Ref. 10 domain domain domain domain

¡ Cl p 0.978 0.908 1.010 0.866 0.885
(0.020)a (0.095)b (0.004) (0.13) (0.003)

¡ Clr 0.418 0.350 0.355 0.594 0.579
(0.430) (0.070) (0.006) (0.029) (0.009)

¡ Cl b 0.126 0.102 0.130 0.110 0.116
(0.390) (0.012) (0.0006) (0.003) (0.0002)

¡ Cl d a 0.247 0.217 0.243 0.209 0.219
(0.200) (0.028) (0.0006) (0.004) (0.0004)

¡ Cl d r 0.046 0.038 0.042 ¡ 0.027 0.017
(0.120) (0.005) (0.0003) (0.007) (0.0001)

¡ Cnp 0.115 0.132 0.122 0.068 0.134
(0.730) (0.036) (0.0018) (0.003) (0.0006)

¡ Cnr 0.495 0.533 0.568 0.864 0.610
(0.56) (0.061) (0.003) (0.026) (0.001)

¡ Cnb 0.281 0.280 0.231 0.264 0.287
(0.70) (0.013) (0.0013) (0.005) (0.0001)

Cn d a 0.0 0.005 0.0006 0.011 0.0058
—— (0.014) (0.0002) (0.006) (0.00003)

¡ Cn d r 0.166 0.167 0.157 0.169 0.161
(0.120) (0.010) (0.0005) (0.004) (0.0002)

Cyp 0.303 0.358 0.482 0.111 0.263
(5.180) (0.189) (0.0047) (0.025) (0.00008)

Cyr 0.727 0.531 0.960 1.146 2.201
(2.320) (0.089) (0.012) (0.603) (0.001)

¡ Cyb 1.133 1.115 0.966 1.083 1.245
(0.330) (0.069) (0.0025) (0.049) (0.0004)

Cy d a 0.029 0.032 0.0077 (0.129) 0.0148
(13.90) (0.057) (0.0002) (0.011) (0.00004)

Cy d r 0.191 0.190 0.193 0.095 0.218
(2.620) (0.018) (0.0014) (0.008) (0.00004)

aStandard deviations in %. bSample standard deviations.

Fig. 2 Real-� ight data of the ATTAS aircraft supplied by DLR.

pute the transformedforce and moment coef� cients C̃l , C̃n , and C̃ y ,
and these are used to prepare the networkoutput � les having Re[C̃l ],
or Re[C̃n ], or Re[C̃y ]. By the use of these input–output � les, the net-
work is trained.The trained network is used for estimating parame-
ters via the delta method. The estimated parameters are given in the
sixth column of Table 1. For ready comparison, the time-domain
estimates via the Delta method11 from the same � ight data are also
shown in the � fth column of Table 1.

A comparison with estimates obtained in the time domain from
the same � ight data shows that the frequency-domainapproach has
generally improved the accuracy of the estimates (we treat Ref. 10
estimates as the nominal values for comparison). In particular,
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Cl d r , Cnp , Cnb , C yp , C y d a , and C y d r are better estimated in the fre-
quency domain. Special attention is drawn to the estimated val-
ues of control derivatives Cl d r , Cy d a , and C y d r obtained from the
same real-� ight data at VIAS = 160 kn (case 9 of Ref. 11) in the
frequency-domain vs those in the time domain.11 In the time do-
main, 1) the order of magnitude of the estimated values of Cy d a and
C y d r (� fth column of Table 1) are opposite to those of the nom-
inal values; 2) the sign of Cl d r is opposite to that of the nominal
value.11 However, in the frequency-domain approach, 1) the esti-
mated values of both the derivative Cy d a and Cy d r have the correct
signs and order of magnitude (and in addition the derivative C y d r

is well estimated); 2) although the magnitude of the derivative Cl d r

does not compare well with its nominal value, its sign does get
corrected from positive to negative. In Ref. 11, it was shown that
the use of identical d a and d r inputs resulted in estimated control
derivatives having the same sign as well as almost equal magni-
tudes because the network is unable to distinguish between d a and
d r inputs. It was further conjectured that for VIAS = 160 kn � ight
data, the control inputs d a and d r have similar form and magnitude
in the � rst part (up to about the � rst 22.5 s, Fig. 2) and that this
leads to poor estimates of control derivatives. In spite of the same
control inputs being used here, the frequency-domain estimates
of control derivatives from the same � ight data show signi� cant
improvement.

The result was a bit of a puzzle initially, but a plausible expla-
nation followed. The time-domain result was suspected to be due
to the type of control inputs employed for the � ight data: Similar-
looking d a and d r inputs followed by the two pulses of d a were
employed, and it was conjecturedthat the network trainingand sub-
sequent parameter estimates are affected by the � rst segment of
control inputs having similar looking 3-2-1-1 types of d a and d r .
It therefore seems logical to conjecture that the frequency-domain
application has undone the existing similarity between the d a and
d r inputs. To verify the conjecture, the power spectral density plots
of measured d a and d r inputs are compared in Fig. 3a; it is found
that, indeed, the plots for d a and d r are distinct from each other.
Furthermore, because the training input � le uses only the real part
of the transformed ˜d a and ˜d r , plots of Re[ ˜d a] and Re[ ˜d r] are also
compared in Fig. 3b. Figure 3b shows that the variations of Re[ ˜d a]
and Re[ ˜d r] with frequency x n are quite dissimilar to each other.
Thus, the networks using Re[ ˜d a] and Re[ ˜d r] in its input � le can
easily distinguish between the d a and d r inputs for the whole fre-
quency range, unlike in the time domain where the d a and d r in the
input � le had almost equal values for the initial segment. A com-
parison of time-domain (� fth column of Table 1) and frequency-
domain (sixth column of Table 1) estimates from the � ight data for
VIAS = 160 kn shows that most of the frequency-domainestimates
compare better with the ML estimates of Ref. 10, especially the
control derivatives. In addition, as observed for the simulated data,
the standard deviations for the case of real-� ight data also are sig-
ni� cantly lower for estimates via the frequency-domainapproach.
Furthermore, it seems that the frequency-domainapproach is more
robust with respect to the type of control inputs employed for gen-
erating real-� ight data. This is because even if similar looking d a
and d r were employed by a pilot, the frequency-domain formu-
lation using the real or imaginary part of transformed d a and d r
would lead to better mapping of force/moment coef� cients with
network inputs, especially with d a and d r , and, thereby, to good
estimates of control derivatives as compared to the time-domain
approach.

With the estimated parameters, the real part of the force and mo-
ment coef� cients are calculated by using the following expression:

Re(C̃a ) = Cap Re[ p̃s/ V ] + Car Re[r̃ s / V ] + Cab Re[ ˜b ]

+ Ca d a Re[ ˜d a ] + Ca d r Re[ ˜d r], a = 1, n, y (5)

A comparison of the values so estimated [computed by Eq. (5)]
of the force and moment coef� cient with the corresponding actual
values from the � ight data [computedby Eq. (2)] is shown in Fig. 4.
A goodmatch between the actual and the estimatedRe[C̃l], Re[C̃n ],
and Re[C̃ y] is evident from Fig. 4.

Fig. 3a Normalized power spectral density of control input used in
real-� ight data.

Fig. 3b Real part of the transformed control inputs used in real-� ight
data.
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Fig. 4 Comparison of the real part of the transformed measured and estimated aerodynamic coef� cients.



530 GHOSH AND RAISINGHANI

Conclusions
A recently proposed method, the delta method, for estimation of

aircraftparametersfrom � ight data using FFNNs has been validated
on simulated- as well as real-� ight data in the frequency domain.
A comparison of estimates from identical � ight data shows that the
frequency-domain approach has generally improved the accuracy
of estimates and con� dence level (lower standard deviations). The
frequency-domainapplicationof the method also seems to be more
robust with respect to the presence of measurement noise in the
� ight data. The frequency-domainapplicabilityof the delta method
provides an option of choosing a frequency range in such a way
that leaving out transformed data beyond a certain cutoff frequency
wouldact like a � lter for leavingoutunwantedresponsecontents,for
example, the high-frequencynoise, and yet retain the signal content
essentially intact in the chosen frequency range.

Such an option of selecting a frequency range from which
the input–output pairs are utilized for network training could be
advantageouslyexploited for estimating parameters of an aeroelas-
tic aircraft, a helicopter, and so on. For example, the frequency-
transformed � ight data of a rotorcraft could be split into a low-
frequency and a high-frequency range to correspond, respectively,
to the rigid-body model and rotor dynamics. It is possible then to
use the low- and high-frequencydata separatelyto train the network
and, thus, separately estimate parameters for the rigid-body model
and rotor dynamics.The latter is required to augment the rigid-body
model to achieve an acceptablemodel required for high-bandwidth
rotorcraft � ight control systems. Similarly, for an aeroelastic air-
craft, frequency response for the rigid-body and aeroelastic modes
could be used separately for training the network. Thus, the neu-
ral modeling, and, thereafter, estimation of parameters via the delta
method for rigid and elastic modes, could be achieved separately.
This would take care of one of the dif� culties, the need to simultane-
ously estimate a large number of parameters involved in a model of
an aeroelastic aircraft, faced by the conventionalmethods, namely,
the ML method, the � lter error method, etc. Furthermore, it must
be pointed out that, unlike conventional methods of parameter es-
timation, the neural approach does not require solution of coupled
equations of motion for the rotorcraft (rigid-bodyand rotor dynam-
ics) or the aeroelastic aircraft13 (rigid-body and elastic degrees of
freedom). The recorded � ight data are directly transformed to pre-
pare input–output � les for the network trainingand the deltamethod
appliedto estimatethe parameterswithout a needfor postulatingand
solving the equations of motion, or a need for a guess of reason-
able sets of initial values of parameters as would be required by, for
example, various variants of output-errormethods.
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