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Introduction

EDERAL Aviation Administration (FAA) rules in effect up to

July 1997 mandated the aircraft flight data recorder (FDR) to
record a certain number of dynamic time histories. These usually
include airspeed, altitude, Euler angles, and linear accelerations.
However, the recorded parameters do not include the deflections of
the control surfaces. The absence of these data can potentially be
critical in the event of a crash investigation. This Note proposes the
introduction of a neural network- (NN-) based scheme to reconstruct
these important time histories. Particularly, the scheme consists of
an NN simulator (NNS) and an NN reconstructor (NNR). The NNS
is trained, using available flight data for the particular aircraft, to
simulate any desired dynamic output recorded in current FDRs and
then interfaced with an NNR. The outputs of the NNR are the control
surface deflections (or any other parameter of interest not recorded
by the FDR), which minimize a performance index based on the
differences between the available data from the FDR and the output
from the NNS. The scheme has been tested with flight data from a
Boeing 737-300. The combination of the NNS and the NNR Ileads
to the concept of a virtual flight data recorder (VFDR). The VFDR
approach assumes the availability of a single aircraft equipped with
an FDR with extended recording capabilities for each aircraft oper-
ated by the airlines. The VFDR can be evaluated as a tool for crash
investigations, where loss of control is believed to be a factor.

Neural Network Simulator

An NN can be defined as an approximated mathematical model
of the human brain’s problem solving activities.! In recent years
there have been numerous studies focusing on applications of NNs
to a variety of flight control problems. Particularly, NNs have been
proposed for fault-tolerant flight control systems (following actu-
ator and sensor failure), autopilot and stability augmentation sys-
tems, and aircraft parameter estimation from flight data. In this Note
a feedforward NN with supervised learning is used. For the pur-
pose of this study, two of the key NN properties of interest are
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their applicability to nonlinear systems,? due to their mapping ca-
pabilities, and their applicability to multivariable systems because
NNs are, by definition, multi-input/multi-output entities. The off-
line learning implemented to achieve the mapping between input
and output data within the VFDR is performed through the appli-
cation of the extended back-propagation algorithm.> A complete
set of dynamic data from a Boeing 737-300 equipped with an ex-
tended FDR was kindly provided by the National Transportation
Safety Board (NTSB) following a request by the first author. The
14,000-s dynamic time histories included the following parameters:
¢, 6, ¥, a,, a,, a,, calibrater air speed (CAS), altitude, Ny, dg,
84, 6r, 81EF, SLEF, and S ps, wWhere N is the percentage of the en-
gines maximum revolutions per minute. Typical FDRs only record
a subset of these parameters. For the purpose of the study, it was
assumed that the following parameters are recorded by a typical
FDR: ¢, 8, ¢, a,, a,, a,y, CAS, and altitude.

The Boeing 737-300 features on each wing two trailing-edge (TE)
flaps, two leading-edge (LE) flaps, and two LE slats. The deflections
of the LE surfaces are scheduled with the deflection of the TE flaps,

‘and the TE flaps are scheduled as a function of the airspeed. The

aircraft also features flight spoilers and ground spoilers, which were
not activated during these flight tests. The sampling frequencies var-
ied greatly among the different parameters from 1 to 8 samples/s.
Therefore, prior to the NN training, the data underwent a cubic in-
terpolation to have the same sampling frequency of 8 samples/s for
each time history. A fifth-order digital Butterworth filter was then
applied to the interpolated data to reduce the noise level. The cutoff
frequencies were carefully selected to avoid removing significant
portions of the aircraft rigid-body dynamics. Reference 4 provided
general guidelines for selecting the NNS architecture. Therefore,
architectures with a single hidden layer, with a number of hidden
neurons slightly higher than the number of input data, and with low
learning rates were considered. Excluding the takeoff, climbing,
descent, and landing phases, there were approximately 10,500 s of
maneuvered flight. The training for the NNS was conducted using
7500 s of data with the remaining 3000 s being used for the testing
of the NNS. The training consisted of submitting the 7500-s training
data to the NNS for a total of 250 iterations. The training, performed
with decreasing learning rates, was monitored by freezing the nu-
merical architecture of the NNS every 10 iterations and by letting
the frozen NNS go through the first 1000 s of testing data. The
following classical statistical parameters for the estimation error
associated with the simulation were introduced:

Z:V.-: 1 (Xsimul - XFDR)
N

Msimul =
y M
2 Zi: 1[(Xsimul - XFDR) - /'Lsimul]
Oimul = N

where X indicates any of the NNS outputs and N is the total num-
ber of data points for the testing phase (N = 1000 x 8 samples/s =
8000). Figure 1 shows the statistical trend of the NNS estimation
error variance for the 250 iterations revealing a desirable decreasing
trend; however, the presence of a persistent asymptotic variance for
the roll angle estimation error was of some concern because it can
lead to substantial errorin the reconstruction of the rolling dynamics.
A careful analysis of the FDR ailerons data revealed some difference
between the magnitudes of the left and right aileron recordings. Fur-
thermore, this difference was not consistent throughout the flight,
ranging between 1 and 4 deg; therefore, it could not be treated as a
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Fig. 1 Variance of the NNS simulation error vs number of training
loops for the linear accelerations and the Euler angles.
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Fig.2 Analysis of the raw FDR ailerons data.

removable bias. Figure 2 shows a comparison of the raw left and right
aileron deflections along with the magnitude of their difference for
generic 500 s of the training data. Most likely this difference was
due to a minor calibration problem for the right and left aileron
channels of the data acquisition system. The raw data for the deflec-
tions of left and right elevators and spoilers were also checked for
a similar problem showing no significant inconsistency. Although
the occurrence of this type of problems may not be uncommon, it
is significant that the NNS was able to detect this anomaly in the
rolling dynamics, as shown in Fig. 1.

Neural Network Reconstructor

For reconstructing the deflections of the control surfaces, a multi-
input/multi-output NNR was introduced. The inputs to the NNR are
given by the NNS output data or by a subset of these data. The NNR
outputs are the estimates of the deflections of the control surfaces
at time instant k, which minimize the differences between the NNS
time histories and those from the FDR at time instant k + 1. The
process is iterative, and the reconstruction scheme proceeds to the
next time step only when the deflections of the control surfaces at
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Fig.3 Comparison between NNR and FDR time histories for ailerons
and rudder deflections.

time k, minimizing the FDR and NNS time histories at time k + 1,
are found by the NNR. For the study the attention was focused on
the reconstruction of the lateral-directional control surfaces. Sev-
eral configurations for the cost functions to be minimized at the
output layer were considered. The results presented are relative to
the following cost functions:

Ja(k) = ar{dror(k + 1) — dunsk + 1)] 2)
Jaic (k) = by[Avepr(k + 1) — Ayrnns (b + 1)] 3)

where a; =—10, by =10, and Ay (k + 1) = (k + 1) — Y (k). The
following statistical parameters for the reconstruction error were
introduced:

ZzN =1 (8XNNR - SXFDR)

Mrecon ==
N
N X 4
2 Zi:l [((SXNNR - ‘SXFDR) - “rccon]
Orecon = N

where x = A (ailerons) or R (rudder) and N is, again, the total
number of discrete data points. Of course, in an application of the
method to actual flight data, the FDR control surface deflections are
not available and are the objectives of the reconstruction. Figure 3
shows the reconstruction for the aileron and rudder deflection time
histories during 500 s of the testing data. It can be seen that the
reconstructed deflections are able to follow the actual deflections
of the control surfaces within some approximation. The error in the
reconstruction of the aileron deflections should not be surprising
due to the presence of a nonnegligible difference between the left
and right aileron readings as already described.

Conclusions

This Note has presented an approach for the reconstruction of
control surface deflections inasmuch as these parameters, according
to FAA rules in effect up to July 1997, were not recorded by FDRs
for aircraft built prior to 1989. The methodology takes advantage
of the capabilities offered by NNs for nonlinear mapping purposes.
Specifically, the approach is based on the development of an NNR
that provides estimates of the control surface deflections minimizing
weighted quadratic differences, at cach computational time step,
between the actual time histories from an FDR and the simulated
time histories from a parallel nonlinear simulation, also NN based.
The approach was tested with actual Boeing 737-300 flight data
provided by the NTSB.
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Introduction

HE H,, and the related H, controller design methodologies

allow for the design of control systems that meet tracking re-
quirements and, at the same time, maintain the binding disturbance
rejection properties. To achieve this, the problem should be ap-
propriately defined in the quantitative terms. For example, the fre-
quency shaping filters are used to define tracking requirements or
disturbance rejection performance of the closed-loop system. These
frequency-dependent weights filters are used only in the controller
design stage. They add to the complexity of the problem because
in the process of design the number of system equations varies and
their parameters are modified. As stated by Voth et al. in Ref. 1,
p. 55, “The selection of the controller gains and filters as well as
the controller architecture is an iterative, and often tedious, process
which relies heavily on the designers’ experience.” It is shown in
this Note that this task is simplified in the case of flexible structure
control. If a structure model is in the modal representation, then
the addition of a filter is equivalent to the multiplication of each
row of the plant input matrix by a constant. The ith constant is the
filter gain at the ith natural frequency of the structure. In this way,
each natural mode is weighted separately. This approach addresses
the system performance at the mode level, which simplifies what
otherwise may be an ad hoc and tedious process.

Properties of Flexible Structures and Filters

We assume that a flexible structure is in the modal representation.
Its transfer function G has the state space representation (A, B, C),

Received Aug. 6, 1997; revision received Jan. 12, 1998; accepted for
publication Feb. 17, 1998. Copyright © 1998 by the American Institute
of Aeronautics and Astronautics, Inc. The U.S. Government has a royalty-
free license to exercise all rights under the copyright claimed herein for
Governmental purposes. All other rights are reserved by the copyright
owner.

*Senior Member of the Technical Staff, Communications Ground Systems
Section, M.S. 238-528. E-mail: wodek.k.gawronski @jpl.nasa.gov. Member
AJAA.

tResearch Engineer, Guidance and Control Branch. E-mail: k.blim@
larc.nasa.gov. Member AIAA.

with n degrees of freedom (or number of flexible structure modes),
2n states, p inputs, and g outputs. Denote w; the ith natural fre-
quency and ¢; the ith modal damping, i =1, ..., n. We assume low
damping (¢; < 0.1 for all modes) and distinct natural frequencies.
In the modal representation, the system matrix A is block diagonal
with 2 x 2 blocks on the diagonal, and B and C are divided into
2 x p and g x 2 blocks (see Ref. 2, pp. 12-14):

B,
By
A = diag(4)), B=| . |, C=[C, C, --- G,
B, €8]
A= ["fiwi w; ]
—-w;  —w;
where i =1, ..., n. Denote the transfer function of the ith mode as

G; =Ci(jwl — A;)"! B;, then one obtains the following decompo-
sition of transfer function in modal coordinates:

G@) =) Gi(w) Qa)

P=1
G(w) = G (w;), i=1...,n (2b)

Equation (2a) can be derived by introducing A, B, and C asinEq. (1)
to the definition of the transfer function. Equation (2b) follows from
Eq. (2a), by noting that the response at frequency w; is dominated
by the ith mode, that is, |G ; (w2 K || Gi(w)ll2 fori # j.

Consider a filter, with a diagonal transfer function F(w). The
diagonal input (output) filter represents lack of coupling between the
inputs (or outputs). Denote «; the magnitude of the filter response
at the ith natural frequency, a; = [ F (w;)|. The filter is smooth if the
slope of its transfer function near the structural resonance is small
when compared to the slope of the structure near the resonance.
With these assumptions, the following property of the H,, norm of
a structure with a filter is valid:

Gl i?[?’ﬁ] (I1Gill) (3a)

11

i

1GF oo = max (G 1) (3b)

To prove Eqg. (3a), note that
IGllee = sup& (G(w)) = ,m[f;IX]FI(G(wi)) = Am[%llxl('f(G,-(w,—))
@ 1€ W 1€ W
(4a)

Both approximations in Eq. (4a) hold because the resonance re-
sponse of the ith mode dominates the structural response, as givenin
Eq. (2). However, because ||G; ||, = 0 (G, (w;)), therefore, Eq. (3a)
is valid. To prove Eq. (3b), note that for the smooth F the transfer
function GF preserves the properties of a flexible structure given by
Eq. (2); thus,

IGFlleo = supGTG(@) F (@)] % max 5[G (@) F(@)]
=~ max 6(Gi(w)oy) (4b)
ielln]
In the preceding approximation we took into consideration that
0y (GF) = 0.(G| F), which can be proven as follows:

02(GF) = AM(F*G*GF) = M (FF*G*G) = M([FI*G*G)
= M(IFIG*G|F)) = 6}(G|F)) (4c)

Equation (3) says that the largest modal peak response of a lightly
damped structure determines the worst-case response. A similar
property holds for the 2-norm of a structure with a filter

G132 > G (52)

i=1

IGFI5 = ) " Gy} (5b)

i=1



