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Aircraft Failure Detection and Identification
Using Neural Networks

Marcello R. Napolitano,* Ching I. Chen,{ and Steve Naylor}
West Virginia University, Morgantown, West Virginia 26506

In this paper, a neural network is proposed as an approach to the task of failure detection following damage
to an aerodynamic surface of an aircraft flight control system. Several drawbacks of other failure detection
techniques can be avoided by taking advantage of the flexible learning and generalization capabilities of a neural
network. This structure, used for state estimation purposes, can be designed and trained on line in flight and
generates a residual signal indicating the damage as soon as it occurs. From an analysis of the cross-correlation
functions between some key state variables, the identification of the damage type can also be achieved. The
results of a nonlinear numerical simulation for a damaged control surface are reported and discussed.

Nomenclature
a, = output of accelerometer aligned with the aircraft y
body axis, g
a, = output of accelerometer aligned with the aircraft z

body axis, g
= wing span, ft
= aerodynamic coefficient
= generic function
= value of the neuron of the hidden layer
= value of the input layer coefficient
= moment of inertia about the x body axis, slug ft?
= moment of inertia about the y body axis, slug ft?
= moment of inertia about the z body axis, slug ft?
= product of inertia in the x-y body plane, slug ft?
= product of inertia in the x-z body plane, slug ft?
= product of inertia in the y-z body plane, slug ft?
= index of the neurons of the hidden layer
= index of the neurons of the output layer
= discrete time index
= number of neurons in the hidden layer
= lower bound of the modified sigmoid function
= index of the input layer coefficients
= measurement vector
= number of input layer coefficients
mac = mean aerodynamic chord, ft
n = number of neurons in the output layer
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net = argument of the modified sigmoid function

o = neural network output vector

p = aircraft angular velocity around the x body axis,
rad/s

= aircraft angular velocity around the y body axis,

rad/s

R = vector of the cross-correlation function

r = aircraft angular velocity around the z body axis,
rad/s

S = wing surface, ft2

SC = surface command displacement

T = slope of the modified sigmoid function

t = time
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= upper bound of the modified sigmoid function

= matrix of the weights between the input and the
hidden layers

= aircraft weight

= matrix of the weights between the hidden and the
output layers

= vector of the parameters to be estimated

= angle of attack, rad

= angle of sideslip, rad

= vector of the thresholds of the neurons of the hidden
layer

= incremeit

= surface deflection, rad or deg

= learning rate

= vector of the thresholds of the neurons of the
output layer

= pitch angle, rad
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Subscripts

A = aileron

D = differential stabilator
dam = damaged conditions

H = symmetric stabilator

init = starting of the estimation
L = total aerodynamic lift, 1b
L = left

m = total aerodynamic pitching moment, 1b ft
R =right

R = rudder

Introduction

ECAUSE of the ever rising costs of new military aircraft

and their relatively low procurement, a growing impor-
tance has been given in the last few years to the design of a
flight control system able to accomplish the reconfiguration of
the aircraft following battle damage. Contemporary fly-by-
wire control systems automatically detect sensor failures and
reconfigure to mask the effects of these failures. They do not,
however, cope with damaged aircraft surfaces.

In this study we will consider what is believed to be the
worst possible scenario, i.e., battle damage to a control sur-
face, involving a stuck actuator along with a missing part of
the control surface. This has a realistic condition for a typical
air-to-ground maneuver of an aircraft subjected to ground fire
or even for an air-duel combat situation. From a mathematical
point of view, such a condition implies changes of the values
of several aerodynamic stability derivatives along with requir-
ing a constant value for the deflection of the damaged control
surface.!> However, the approach that will be introduced
later can be applied, without any loss of generality, to the
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more common sensor and actuator failure problem. Note that
this classification of failures does not include unsolvable prob-
lems (for example, wings falling off) where the aircraft cannot
be saved. Following the battle damage and/or the generic
failure, the flight control task is to utilize whatever control
resources remain to regain control of the aircraft, to prevent
further damage by excessive air loads, and to give the crew
enough time to assess the options. In a time sequence, the
failure detection and identification task can be considered to
be just a step, particularly the first and, for this reason, most
crucial step of the overall flight control reconfiguration prob-
lem.

To implement a reconfiguration strategy, a variety of con-
trol surfaces [speed brakes, wing flaps, differential (dihedral)
canards, spoilers, rudder below fuselage] and thrust control
mechanisms (differential thrust, thrust vectoring, canted en-
gines) may be introduced. The selection of the control mecha-
nism to be used in a reconfiguration is a function of several
factors such as control effectiveness, increased aircraft com-
plexity and costs, weight penalties, and increased aerodynamic
drag due to the increased wetted area, with applicability de-
pending on aircraft type. The following quantities from oper-
ative sensors along with a fully operational flight computer are
assumed to be available for reconfiguration purposes'~*: air-
craft angular velocity and linear velocity in the three body axes
and aircraft attitude and angle of attack. It would also be
desirable to have information on the actuator position for
each control surface. The task of battle damage and/or
generic failure accommodation may include all or some of the
following tasks:

1) Executive control task essentially provides synchroniza-
tion of the remaining tasks. ’

2) Failure detection and identification task detects signifi-
cant abnormalities and searches for the cause or a set of
probable causes.

3) Damage model estimation task generates a mathematical
model of the aircraft dynamics considered to reflect changes
due to the damage.

4) Reconfiguration law design task determines what actions
should be taken to recover the damaged aircraft, by using
alternative control surfaces or thrust control mechanisms.

5) Feedback structure redesign task calculates a new set of

feedback gains to retain stability and desirable handling qual-
ities even after the damage.
Eventually another task to be introduced is a pilot advisory
function. While the computers of the flight control system are
reconfiguring the aircraft, it would be desirable for the pilot to
be able to see on a cockpit display which control surface has
been damaged and what actions, if possible under current
conditions, could eventually benefit the reconfiguration.

In this paper, a neural network (NN) and an analysis of the
cross-correlation functions of key state variables are suggested
as alternative approaches to the failure detection and identifi-
cation problem. The paper is organized as follows. The next
section describes the goal of the failure detection, lists some of
the problems encountered with common techniques, and sug-
gests the implementation of an NN as an on-line state estima-
tor. Then, the extended back-propagation algorithm to be
used for the on-line training of the NN is reviewed. Next, the
subsequent section discusses the aerodynamic modeling of the
aircraft with a damaged elevator, shows the numerical simula-
tion of the failure detection, and explains the cross-correlation
function approach for the failure identification. The final
section summarizes the paper with conclusions and recom-
mendations.

Failure Detection via Neural Networks

Failure detection (FD) theory is a widely investigated prob-
lem addressed in flight control research. Generally speaking,
FD implies a constant monitoring of the measurable output
variables of the aircraft system. At nominal conditions these
variables follow some known patterns within a degree of un-

certainty due to system disturbance (such as atmospheric tur-
bulence) and sensor measurement noise. However, when fail-
ures of any component of the flight control system occur, the
observable output variables deviate from their nominal and
somewhat predictable trajectories.*8 Most theoretical failure
detection and identification (FDI) techniques described in the
literature are based on spotting these deviations of the output
variables from predictable trajectories. It is clear that this
approach implies a knowledge by the flight control system of
these predictable or somewhat reasonable trajectories of the
system at each possible operating condition.

Typical problems associated with the application of these
FD techniques are the following: they are applicable only to
linear time-invariant systems; demonstrated only for low-or-
der systems; demonstrated only when the system model is
identical to the filter or the observer model, even if, due to
constraints on computational speed and power, only reduced-
order filters or observers are practically implemented; demon-
strated only for large signal-to-noise ratios; and impossible to
account for correlations in the estimates.

The goal of this paper is to introduce an alternative ap-
proach to these techniques.*® Most of the previous problems
are due to the fact that the flight control system uses on-line
calculated or precalculated system models to generate a finite
knowledge of predicted trajectories, sometimes at the cost of
a great computational burden. These models are usually linear
and time invariant with Gaussian modeled system and sensor
noises. It is clear that the success of the FD is not guaranteed
when some of these key assumptions are violated with the
signal-to-noise ratio playing a key rule. An approach for
achieving higher degrees of success for the FD is the introduc-
tion of a more general technique where a knowledge of the
system dynamics can be developed on line without an excessive
computational cost. This can be possible through the intro-
duction of modern neural network theory.?12

Neural network is a re-emerging technology; there is a vast
literature regarding NNs and their various applications that
dates back to the 1940s. However, it is only since the mid-
1980s that there has been an increasing number of applications
of neural networks.>> A turning point was given by the
introduction of the back-propagation algorithm in 1985.'°
However, to date, there have been a relatively limited number
of applications of NN for the design of flight control systems,
even though much interest has been generated very recently.
Particularly, a number of investigations have suggested the
use of NN for parameter estimation'® and for controller de-
sign.!%15 The suggested use of an NN in this study is quite
different and is essentially as an on-line state estimator.!s In
this sense it may be said that the neural network is an alterna-
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tive to classic state estimation structures such as Leunberger
observers and Kalman filters (full or reduced order).!” A key
feature of a neural network used for state estimation is that it
will learn the dynamics of the system during a training session
made of several training cycles, with training data coming
from either previous computer numerical simulations or from
actual on-line data, as is the case of failure detection. After
each training cycle the NN will know a little more about the
dynamics of the system. Mathematically this will mean that
the estimation error has decreased somewhat. Among the
other features of an NN is the ability to learn the dynamics of
a nonlinear system as well as those of a linear system. The
main difference is that nonlinear dynamic systems require a
longer training. Also, note that there is no need for assuming
the initial conditions of the system. For these reasons an NN
has several potential advantages over classic estimation struc-
tures. References 9-12 provide a solid background of the
theoretical principles on which the functioning of an NN is
based.

In this study we refer to an on-line learning NN structure of
feed forward type with interlayer connections. For this type of
NN, Ref. 16 suggests that a three-layer structure (that is with
one input, one hidden, and one output layer) is the best
compromise between simplicity of the NN and accuracy of the
state estimates. For such an architecture Ref. 16 also shows
that the accuracy of the estimates after a certain number of
training cycles is practically independent of the number of
neurons of the hidden layer. Clearly a smaller number of
neurons would imply a lower complexity of the NN structure
and greater computational speed. Furthermore, Ref. 16 sug-
gests that the accuracy of the state estimates is improved by
increasing the number of input data of the NN, that is, by
using sensor data from previous instants as in classic estima-
tion theory. However, this will add complexity to the struc-
ture. Finally, the advantages of using an NN structure with
more than two layers appear to be justified only if the state
estimation is attempted for a nonlinear dynamic system.

A suitable architecture for a three-layer NN implemented
for failure detection is shown in Fig. 1. The input of this NN
will be the sensor data for the measurements of o, ¢, 6, p, 7,
a,, a,, SCy, SC;, and SC;, from time K — 1 down to time K —p
where p is an integer. Note that the surface command displace-
ments, sum of the pilot and autopilot commands, given as
input to the NN will allow the NN to distinguish between an
abrupt maneuver and an atmospheric turbulence.

A weighted manipulation of these data through particular
activation functions, with the options of adding thresholds, at
each neuron of the hidden and output layer will furnish state
estimates of the same motion variables «, ¢, 6, p, r, a,, and
a, at time K ; these estimates are then compared with the value
of the states from the sensors for the same variables at the
same time K. Given that a high-performance military aircraft
is essentially a nonlinear time varying dynamic system, the
main idea is to have a permanent on-line learning for the NN
(shown in Fig. 1) in the flight computer. The difference be-
tween the actual and the estimated values of the state variables
is used by a gradient-based optimization method to calculate
adjustments of the weights and thresholds of the NN to de-
crease the estimation error at the next time step. Note that this
is essentially an on-line in-flight training with the NN being
just a piece of software of the flight control system. Let us
assume now that the aircraft is flying at a given condition of
its flight envelope and, at a certain point, battle damage
occurs to the elevator. It is clear that the aircraft will experi-
ence one or more of the following?: altered trim conditions,
changes in the aerodynamic forces and moments, and changed
control effectiveness.

This implies that the vector of the measurements at the
instants immediately after the damage will be very different
from the estimates provided by the NN. If the estimation error
becomes bigger than a given threshold (to account for false
alarms, such as the ones induced by atmospheric turbulence or
noise corrupted sensors data) then this will be an effective tool

for failure detection. The determination of the weighting coef-
ficients and the thresholds for the hidden and output layers of
the NN structure shown in Fig. 1 is performed on line using
the extended back-propagation (BP) algorithm,'® which is a
gradient-based optimization method, as the standard BP from
which it originated.'® Such a technique has been developed
very recently. Note that if we had a number C of hidden layers
then we would have had to determine C + 1 sets of weighting
coefficients and relative thresholds.

Extended Back-Propagation Algorithm

There are some drawbacks associated with the standard BP
algorithm,!0-'? First, the learning speed is slow for large-order
systems, implying long training processes. Second, in the pres-
ence of local minimums the standard BP may sometimes not
be able to find a set of weights for the NN. These two prob-
lems are mutually related and interactive. For example, it is
has been shown!! that the learning speed can be improved by
setting a larger learning rate. Unfortunately, this also en-
hances the possibility for the standard BP algorithm to be
trapped in a local minimum or to oscillate around the global
minimum. However, the biggest problem for the application
of the standard BP algorithm to the failure detection problem
is that the sigmoid activation function usually implemented
has a very limited output range, that is, [0,1]. This problem
could be overcome by simply modifying the sigmoid function
to have [ — 1,1] as output range and then normalizing all of the
NN outputs with respect to that range. However, this ap-
proach implies a preliminary knowledge of the maximum and
minimum values of each of the states to be estimated and does
not guarantee the same degree of accuracy for each variable to
be estimated. All of these problems may be solved by intro-
ducing a heterogenous network.!®

The heterogenous network means that each neuron in the
hidden and output layers of the NN has its own output capa-
bility of updating free parameters. The main idea in this
modification is to incorporate three new free parameters into
each neuron such that each neuron is able to change its output
range and the slope of the sigmoid activation function. The
algorithm described in this section is a simple extension of the
standard BP. Although this modification implies the introduc-
tion of several equations, they are very easy to follow and very
suitable for software implementation.

In this section we refer to the three-layer NN architecture
shown in Fig. 1 with m input data. In the forward path of the
standard BP algorithm, each of the k neurons of the hidden
layer is calculated as a manipulation of the weighted sum of
the input layer coefficients plus thresholds

m
net,-zEv,,-I,—FO,- i=1,...,k (1)
[=1
Using the standard sigmoid activation function, H; would be
given by -

1 .
Hi=f(neti)=m i=1,...,k ¢))

Similarly, in the same forward path, for each of the n neurons
of the output layer there results

k
nethEW[jH[—f'Fj j=1,...,n (3)

i=1

9, =0, = f(net)) = j=1,...,n “

1+e- U

The goal of the extended BP algorithm is to enhance the
capability of each neuron of both the hidden and output layers
by introducing a modified activation function which would
give for a neuron of the output layer

U -1,

Oj .—_f(netj,Uj,Lj,Tj) = m

+Lj j=l,...,n
&)
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and for a neuron of the hidden layer

Ui - L;

H; = f(vet;, U, ,L;, T;) = 1+ e-net/Ts

+L,‘ i=1,...,k
©

The parameters U,;; and L,; represent the upper and lower
bounds of the output of a generic neuron of the hidden and
output layers, respectively. The temperatures T;; represent the
slope of the modified sigmoid function. Note that the original
sigmoid activation function corresponds to the case of U =1,
L =0, and T = 1. The gradient descent is calculated to per-
form the steepest descent as suggested in the standard BP
algorithm. The only difference is that at this time the indepen-
dent variables net, U, L, and T will be used. Therefore, for
each neuron of the output layer, there results

_ afet, ULy, T) _ (0= UNO; — L)

oo, =
ey dnet; T;(U; - L))
Jj=1...,n @)
, af(l’letj,(]j,Lj,T}) _ 1
T4 = Uy, T l4e /T
j=1,...,n ®)
’ af(netj’L]j’Lj’T}) 1 ’
S 7 P I
j=1...,n i )
f’ _ Bf(netj,Uj,Lj,Tj) _ netj(Oj — l]l)(OJ—L_,)
K 9T, T} - L)
net;foe;
———4&6&7} i=1,...,n (10)

Similarly, for each neuron of the hidden layer, there results

fi = df(vet;,U;,L;, T}y  (Hi —UH; - L)
e dnet; - Ti(U; - L)
i=1,....,k (11
’ af(neti s Ui aLi > ﬂ) 1
fUi = a(]l = 1+e—neti/Ti
i=1,...,k (12)
’ af(neti’(]i,Li971i) 1 ’
fi, = aL,; =1_1+e—neli/Ti=1_fUi
i=1,...,k (13)
fr = af(et;,Ui,L;, T})  nety(H; — U(H,; — Ly)
e o, B TAHU; - L)
t; ,e- .
Co Mty (14)

T,

The output of each neuron of the output layer O; is just the
estimates of the measurements at each training step. The error
signals 6 with respect to the variables net, U, L, and T for the
output units, which have specific desired targets Y}, are given
by

boey = Sre(Y; =0 j=1,...,m 1)

by =f5,(Y; = 0) Jj=1,...,n (16)

o, =f1,(Y;-0) Jj=1,...,n N Y))
by, =f1,(Y;—0p) j=1,...,n (18)

The neurons of the output layer are the only ones that have
a desired value during the on-line learning. Since desired out-
puts are not available for the neurons of the hidden layer, the
error signals for each neuron of the hidden layer are deter-
mined at each step in terms of the error signals of the units to
which it directly connects and the weights of those connec-
tions. Therefore,

Bret, = f,{eti);: SwWy  i=1,...,k (19)
6U,.=f(’,,.€_‘,60jw,~j i=1,...,k (20)
5L,.=fL',.‘;‘,aij,-j i=1,...,k @
aT,,=f'T,_‘;5Tij i=1,...,k @2)

With the error signals calculated from the preceding equa-
tions in the backward-computing phase, each neuron of the
hidden and output layers adjust its connection weights,
thresholds, U, L, and T for the next time step by using

Awy(K + 1) = nnetanetjoj + e AWy (K)
j=1,...,n; i=1,...,k 23)

Avli (K + 1) = nnelﬁnetﬂi + o‘netAvli(I<)

I=1,...,m; i=1,...,k (24)

ALK + D) = fnetbrer; + aneAT;(K) - j=1,...,n (25)
AQ(K + 1) = netdner, + tneiA0:(K) i=1,...,k (26)
AUK + ) =9y, 0y, + e AUK)  j=1,...,n (27)
ALK + 1) =nupb, + app AL{K)  j=1,...,n (28)
AT}(K + 1) =9rér, + arATH(K)  j=1,...,n (29
AU(K + 1) =6y, + ay  AUHK) i=1,...,k 30
AT (K + 1) = 9767, + a7 AT{(K) i=1,...,k @
ALK + 1) = nyr 8y, + oy ALi(K) i=1,...,k (32

where g, 7oz, and 57 are the learning rates associated with
the independent variables net, U, L, and T, respectively. As
in the standard BP algorithm!%!2 the momentum terms o,
ayr, and ar are also included; they determine the effects of
past values in the adjustment equations just introduced to
increase the learning speed. A flow chart of the extended
back-propagation algorithm is shown in Table 1.

Numerical Simulation of the Failure Detection
and Identification

The process described in the preceding section has been
numerically simulated using the software recently distributed
for the ATAA Control Design Challenge. This software pro-
vides a numerical nonlinear simulation of an aircraft model,
with full-envelope nonlinear aerodynamics and full-envelope
thrust with first-order engine response data.'” The aircraft
modeled is a high-performance, supersonic vehicle representa-
tive of current day fighters. The aircraft primary flight-control
surfaces consist of horizontal stabilators which are capable of
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Table 1 Extended back-propagation algorithm

Step 1 Assign random values to all weights and thresholds with
[ — a,a). Initialize upper and lower bounds, temperatures:
Uj=1,L;=0,T;=1

Do {

For each time step
Do {
Step 2 Set up the input [Y(k — 1) ... Y(k — p)] and desired output
Y(k)
Step 3 /*Forward phase: from input to hidden layer*/
Compute for each neuron net; and H; using Eqs. (1) and (6)
/*Forward phase: from hidden to output layer*/
Compute for each neuron net; and O; using Egs. (3) and (5)
Step 4 /*Backward computing phase: output layer*/
Compute errors (§;) using Eqgs. (7-10) and (15-18)
/*Backward computing phase: hidden layer*/
Compute errors (§;) using Eqgs. (11-14) and (19-22)
Step 5 /*Bounds updating phase: output layer*/
If (desired Y; > U;) then U; = desired Y;
else use Eq. (27) to update U;
If (desired Y; <Lj) then L; = desired ¥;
else use Eq. (28) to update L;
Bounds updating phase: hidden layer*/
If (3y, >0) the use Eq. (30) to update U;
If (3, <0) then use Eq. (32) to update L;
Step 6 /*Weights, thresholds, and temperatures updating phase*/
Use Egs. (23) and (25) to update wjj and T';
Use Eqs. (24) and (26) to update v; and ©;

Use Eq. (29) to update 7;
Use Eq. (31) to update T;

}
Step 7 /*Error computing phase*/
Compute estimation error ERRTOT

jwhile ERRTOT < desired threshold (or keep learning)

Stop
Table 2 Aircraft data
Mass and geometry characteristics
Parameter Symbol Value
Wing area, ft? S 608.0
Wing span, ft b 42.8
Mean aerodynamic chord, ft mac 15.95
Aircraft weight, 1b w 45,000.0
Moments of inertia
Roll, slug ft2 I 28,700.0
Pitch, slug ft2 : I 165,100.00
Yaw, slug ft2 I 187,900.0
Products of inertia, slug ft2 Iy —520.0
Ly 0.0
Iy, 0.0

Command input limits and sign conventions

Positive sign

Surface Symbols Limits, deg convention

Aileron 54 +20  Left trailing-edge down
_ ‘Symmetric stabilator S +15- —-25 Trailing-edge down

Differential stabilator op +20 Left trailing-edge down

Rudder SR +30 Trailing-edge left

Surface deflection equations

Surface Deflection definition Rate limit, deg/s

S aleft 8472 24

aright —084/2 24

B nest (265 —6p)/2 24

symmetric or differential movement, conventional ailerons,
and a single vertical rudder. There are a total of five actuators:
two aileron, two stabilator, and one rudder. The model in-
cludes identical actuators for all of the surfaces. These actua-
tors are limited at 24 deg/s. The stabilator command block
diagram is shown in Fig. 2. The mass and geometry character-
istics along with information on the control surfaces are given
in Table 2.

The aerodynamics are modeled for the full aircraft envelope
using multidimensional tables and linear interpolation to form
nonlinear function generators. The software does not allow
the user to input a pilot maneuver; it only allows to trim the
aircraft at a specified flight condition starting from another
specified initial condition. The full control autopilot will con-
sider the damage just as an ordinary atmospheric turbulence
and will try to bring the aircraft back to an equilibrium condi-
tion. No efforts were made in this study to implement a
reconfiguration logic in the autopilot control laws because the
FDI problem is the main object of this investigation.

To have a realistic simulation it was necessary to model the
aerodynamic effects of the damage. For this purpose, it may
be said that the changed aircraft dynamics following damage
to a stabilator surface is mainly due to an instantaneous
change of the normal force coefficient of the surface, with the
axial force coefficient being usually negligible and with the
moment coefficient being proportional, through the geome-
try, to the normal force coefficient. Additionally, there is a
damage-induced rolling moment. Using the procedures intro-
duced in Ref. 20 it is possible to implement a set of closed-
form expressions of the nondimensional stability and control
derivatives as functions of the normal force coefficient of the
damaged stabilator. A similar approach could be used for
simulating damage to other control surfaces. The closed-form
expressions of these derivatives for the longitudinal dynamics,
at both nominal and damaged conditions, are given by?2:

Cro=a1+bicry; A dam = @1 + Dilcrgdaam (33)

Cmy = @2+ baCrsys (Cmgaam = @2 + DoCrgp)aam (34)
Cro=a3+bycrs, 5 (Crgdaam = @3+ b3(Crgpdaam  (35)
Cmg = s+ baCray s (Cmgddam = @4+ Dalcrgaam  (36)
Cr, =as+ bscpy s (Cry)aam = @5 + bs(Crs; )aam (37

Cmg = Q6 + bGCLaH; (Cmq)dam =ae t bG(CLaH)dam (38)

where ¢; and b; (i = 1, . . ., 6) are constant coefficients related
to the aerodynamic modeling with

CLsy = CLoyp + CLogy 5 (CLaH)dam = CLopg + (CLlsHL)dam

(39
l(cLaH)dam| < iCL5H|; “CL!SHL )dam| < |CL5HL\ (40)

8, commanp 8, Leer STRAMIGS 8,
=+

+15/-25
(deg)

+16 /.25

24 deg/sec
(deg)

8 [ SURFACE
D COMMAND HRIGHT DYNAMICS
+]-20 24 deg/sec +15/ .25
{deg) (deg)

Fig. 2 Block diagram of the stabilator command.
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Fig. 3 ANGVELERR vs time for types 1 and 2 damage with learning
rates = 0.005.

The damaged-induced rolling moment was introduced by
multiplying the stabilator normal force coefficient, considered
to be acting at the stabilator mean aerodynamic chord, with
the distance from the aircraft x axis divided by the wing span
for adimensionalization purposes. The damage was aerody-
namically modeled in the code with modifications of the coef-
ficient of lift, pitching moment, and rolling moment.

It must be emphasized that this mathematical model of the
damaged aircraft, based on the preceding assumptions on the
aerodynamic behavior of the damaged surface, is essentially
linear and does not claim to be extremely accurate. It has only
been introduced for the purpose of simulating the FD and it is
not intended to be used by the flight control system for any
reconfiguration purposes.

The time increment At of the simulation was selected to be
0.01. The values of the data of the measurement vector M

M=|a, q, 6, p, 1, a, a,, SC;, SC,, SCs}T 41)

from time instant K — 1 down to K ~ p (p = 4) were given as
input to the three-layer NN of Fig. 1, which is continuously
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Fig.4 ANGVELERR vs time for types 1 and 2 damage with learning
rates = 0.1.

training on line. The hidden layer of the NN is assumed to
have k = 10 neurons. The output of the NN is given by the
n =17 size vector O.

O=14,4,0,p,% d,a]" 42)
At each instant K the sensors data grouped in the vector Y
Y=[o,q,0,p,7,0a,al" 43)

are compared with the estimates of the NN, the vector O.
The simulation starts at an altitude of 19,700 ft with a speed
of 670 ft/s. The desired trimming conditions are 20,000-ft
altitude with a 700-ft/s speed. The motion of the aircraft at
the nominal configuration starts at time instant K = 1 without
the on-line state estimation. At time instant K = Ky (f = Kinit
At = 10 s) the NN is turned on and, after a training process,
should be able to provide accurate state estimation of the
aircraft dynamics. To avoid false alarms, it will be desirable to
automatically disengage the FD every time a pilot voluntarily
changes the aerodynamic configuration, as in the case for
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Fig.5 ANGVELERR vs time for types 1 and 2 damage with learning
rates = 0.3.

variable wing geometry or for dropping empty fuel tanks or
war loads. At a certain time instant K = Ky, (f = Kgam
At = 40 s) the damage takes place on the left stabilator, caus-
ing an instantaneous change of the lift and pitching and rolling
moment coefficients along with a stuck value of 8; . For this
study, two damage types were considered:

1) As a result of damage, the left stabilator loses 50% of its
effectiveness and it is stuck at 8y, = 15 deg.

2) As a result of damage, the left stabilator loses 25% of its
effectiveness and it is stuck at 8;; = 15 deg.

The autopilot will treat the damage just as an ordinary
perturbation of the motion and will try to restore trimming
conditions. Following the first damage type the aircraft will be
in a marginally stable condition; the autopilot will not be able
to bring back the aircraft to an equilibrium condition. Follow-
ing the second damage type the aircraft will still be stable and
the autopilot will have enough control authority to bring back
the aircraft to an equilibrium condition. In both cases the
aircraft dynamics have changed immediately after damage;
this implies that an angular velocity estimation error parame-
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Fig. 6 Left and right stabilator time histories.

ter ANGVELERR, defined by
ANGVELERR(k) = %{[p(k) — (k)P + [g (k) — G(k)I?
+ [r(k) = F(OP) 44)

will become bigger than a selected threshold and this is a quick
indication that a failure has indeed occurred.

A small-scale parametric study was conducted for both
damage types to investigate the effects of different values for
the learning rates (mue, 7y, n7). The considered values are
reported in Table 3.

The results of this study in terms of the trend of the param-
eter ANGVELERR are shown in Figs. 3-5 for both damage
types. In each of the plots there is a peak as soon as the NN
estimation is turned on. All of the plots have the same upper
limit for ANGVELERR to allow a comparison of the trends
for different learning rates. It can be noticed that the parame-
ter ANGVELERR has higher peaks after damage for the first
damage type, as one would expect. Also, it was noticed that
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Fig. 7 Actual and estimated time histories for type 1 damage.

greater learning rates increase the speed and the accuracy of
the estimates implying a decrease of the parameter ANGVEL-
ERR. For FD purposes a lower learning rate will guarantee a
quick detection. The magnitude of the threshold can be the
object of discussion. It is desirable to minimize the level of
false alarms due to system noise and still be able to detect very
quickly significant abnormalities. No efforts were made in this
study to evaluate separately the effects of upper and lower
bounds and temperature learning rates and momentums (s
and ass). The time histories of the stabilator for both cases are
shown in Fig. 6. It is clear that for the first damage type a
greater activity of the ‘‘healthy”’ right stabilator is required.
Figures 7 and 8 show the time histories for the real and
estimated values of ¢ and p with a 0.005 learning rate for both
damage types. The marginal stability condition following the
first type of damage is shown clearly in Fig. 7.

To this point, by analyzing the parameter ANGVELERR,
the failure detection has been accomplished. However, it is
also desirable to be able to interpret the sensors data in the
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Fig. 8 Actual and estimated time histories for type 2 damage.

shortest time possible with the goal of identifying the location
of the damage. An approach to the failure identification could
be given by an analysis of the cross-correlation functions
between some key state variables. For example, it is known
that ordinarily the values of the pitch and the roll rates are not
correlated. However, Figs. 7 and 8 have shown that, immedi-
ately following the damage to the left stabilator, a strong
rolling moment will take place. Therefore, there will be a
certain cross correlation between the pitch and the roll rates.
By definition, given two generic random processes Y (k) and
X(k), the cross-correlation function is given by?!

Ryx(n) = E[Y(k) X(k + n)] 45

where E is the expectation operator. To use such a concept for
damage identification purposes, not knowing, of course, when
the damage is going to occur, the cross-correlation function
Rpg should be calculated at each time instant X and stored in

- temporary memory locations of the flight computer for a time
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Fig. 9 Sum of the absolute values of the elements of cross-correla-
tion functions vs time for type 1 damage.

window of size win. If no abnormal flight conditions due to
the damage are detected, the flight computer will keep on
calculating these cross-correlation functions and storing them
in temporary memory locations. If a failure is detected (that
is, ANGVELERR > threshgp) the flight computer will then
proceed to analyze the cross-correlation functions data. Par-
ticularly, the sum of the absolute values of Rpg needs to be
calculated on line at each time instant. If it is observed that the
values of these sums are increasing, then the damaged control
surface may be identified. In the case of a damage on the left
elevator for K>Kgm, at which already (ANGVEL-
ERR > threshgp), we will have

Y [abs(Rpgcoefd)lk — 1)
— ¥ [abs(RpgcoeN)](k — 2)> threshgypg.ciev) (46)
The same approach could be used for FDI of damages to

other control surfaces; in this case other cross-correlation
functions should be analyzed, such as Rpg and Rgr . A suitable
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Fig. 10 Sum of the absolute values of the elements of cross-correla-
tion functions vs time for type 2 damage.

decision process is shown in Table 4. The selection of the
values of all of the thresholds can be performed within a flight
simulator or with a dynamic simulation program. Even these
threshold values will have to be tradeoffs between the desire
for a quick detectability and identifiability of the damage and
the desire to minimize the rate of false alarms. Note that
comparative studies must be performed with the same win-
dow’s size, the same number of points for each cross-correla-
tion function, and with the same sampling time. It should be
pointed out that different values of the same cross-correlation
function are required depending on which surface has been
damaged. The sums of the absolute values of the elements of
Rpg and R for both damage types are shown in Figs. 9 and
10 for a time window of 500 instants.

The initial small peaks of the sum of the absolute values of
the cross-correlations are because at the beginning not all of
the required data are available for the calculation of the cross
correlations and the algorithm assigns zero values by default.
It can be noticed that immediately after damage there is a
sharp increase in the sums of the absolute values of Rpp and
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Table 3 Values of learning rates
and momentums

Case 1:  nnet = nur =1 = 0.005
omet = oy = a7 = 0.0

Case 2: et =7quL =97 =0.1
amet = ayL = ar = 0.0

Case 3: Mnet=7uL =97 =0.3
anet = oy = ar = 0.0

Table 4 Rules for the failure detection and identification process

If {(ANGVELERR(k) > threshrp}
If {sum(abs(Rpg coef.)))(k — 1) — sum(abs(Rpp coef.)))(k —2)
> thréshripg: STABIL )
DAMAGE TO THE STABILATOR
end

elseif {sum(abs(Rpr coef.)))(k — 1) —sum(abs(Rpr coef.))(k —2)
> threshFi(PR:RUDDER)}
DAMAGE TO THE RUDDER
elseif {{sum(abs(Rpr coef.)))(k — 1) — sum(abs(Rpg coef.}))(k —2)
> threshFi(PR:AILER )}
and
{(sum(abs(Rpg coef.)))(k — 1) — sum(abs(Rpg coef.)))(k —2)
> threshripo:AILER )}
DAMAGE TO THE AILERONS

else
False Alarm

end

end
end
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Fig. 11 Block diagram of the failure detection and identification
process.

Rgr for both damage types. However, the coupling remains
high for the first damage type where the aircraft is marginally
stable. For the second damage type the coupling is removed as
the aircraft is brought back to an equilibrium condition by the
autopilot. The block diagram of the overall FDI process is
shown in Fig. 11.

Once the failure detection and identification process has
been satisfactorily performed, the next step would be to pro-
ceed to the remaining tasks of the flight control reconfigura-
tion process. In the same time, given that the instants immedi-
ately following a damage are moments of concern and
sometimes panic even for a well-trained pilot, it will be desir-
able to briefly inform the pilot about the location and the type
of the damage with an emergency message displayed on the
main screen of the cockpit.

Conclusions

This paper has presented an original implementation of
failure detection and identification in the flight control system
via neural network and analysis of cross-correlation functions.
The numerical study presented in this paper has shown a quick
failure detection and identification of a typical damage to the
left stabilator of a high-performance aircraft involving a miss-
ing surface and a stuck actuator. The neural network, imple-
mented in the flight computer software and trained on line
using motion variables sensors data, has shown to be an
effective state estimator. Its capability in predicting the dy-
namics of the aircraft make it an attractive alternative to
classic estimation structures such as Kalman filters and ob-
servers, of both full and reduced order. The relative simplicity
of the algorithms and the efficiency of the method may be the
key factors for a successful practical implementation of this
approach.

References

INapolitano, M. R., ‘“A New Approach to the Flight Control
System Reconfiguration Following a Battle Damage and/or a Generic
Failure on a Control Surface,”” Ph.D. Thesis, School of Mechanical
and Aerospace Engineering, Oklahoma State Univ., Stillwater, OK,
Dec. 1989.

2Napolitano, M. R., and Swaim, R. L., *New Technique for Air-
craft Flight Control Reconfiguration,”’ Journal of Guidance, Con-
trol, and Dynamics, Vol. 14, No. 1, 1991, pp. 184-190.

3Robinson, A. C., “Totally Robust Control—A New Concept for
Design of Flight Control Systems,”” Proceedings of the AIAA Guid-
ance, Navigation and Control Conference (Snowmass, CO), AIAA,
New York, 1985 (AIAA Paper 85-1974).

4Kerr, T., “False Alarm and Correct Detection Probabilities Over a
Time Interval for Restricted Classes of Failure Detection Al-
gorithms,”” IEEE Transactions on Information Theory, Vol. IT-20,
No. 4, 1982, pp. 619-631.

5Willsky, A. S., A Survey of Several Failure Detection Methods,”’
Automatica, Vol. 12, No. 6, 1976, pp. 601-611.

6Willsky, A. S., and Jones, H. L., ‘““A Generalized Likelihood
Ratio Approach to the Detection and Estimation of Jumps in Linear
Systems,”” IEEE Transactions on Automatic Control, Vol. AC-21,
Feb. 1976, pp. 108-112. )

TWillsky, A. S., “‘Failure Detection in Dynamic Systems,”” AGARD
LS-109, Neuilly sur Seine, France, Oct. 1980.

8Massoumnia, M. A., Verghese, G. C., and Willsky, A. S., ““Fail-
ure Detection and Identification,”” IEEE Transactions on Automatic
Control, Vol. AC-34, No. 3, 1989.

SWidrow, B., and Stearns, S., Adaptive Signal Processing, MIT
Press, Cambridge, MA, 1986.

10Rumelhart, D., and McClelland, J., Parallel Distributed Process-
ing, MIT Press, Cambridge, MA, 1986.

USimpson, P. K., Artificial Neural System, Pergamon, Fairview
Park, NY, 1990.

2Nielsen, R. B., Neurocomputing, Addison-Wesley, Reading, MA,
1990.

BParlos, A. G., Atiya, A. F., and Sunkel, J. W., ‘“‘Parameter
Estimation in Space Systems Using Recurrent Neural Networks,”
Proceedings of the AIAA Guidance, Navigation, and Control Confer-
ence (New Orleans, LA), AIAA, Washington, DC, Aug. 1991 (ATAA
Paper 91-2716).

4Troudet, T., Garg, S., and Merrill, W. C., ““Neural Network



NAPOLITANO, CHEN, AND NAYLOR: AIRCRAFT FAILURE DETECTION 1009

Application to Aircraft Control System Design,”’ Proceedings of the wood Cliffs, NJ, 1987.
AIAA Guidance, Navigation, and Control Conference (New Orleans, 18Chen, C. L., and Nutter R. S., ‘‘An Extended Back-Propagation
LA), AIAA, Washington, DC, Aug. 1991 (AIAA Paper 91-2715). Learning Algorithm by Using Heterogenous Processing Units,” Pro-
5Ha, C. M., “Neura! Network Approach to AIAA Aircraft Con- ceedings of the International Joint Conference on Neural Network
trol Design Challenge,” Proceedings of the AIAA Guidance, Naviga- (IJCNN °92), Baltimore, MD, June 1992.
tion, and Control Conference (New Orleans, LA), AIAA, Washing- 19Brumbaugh R. W., “‘An Aircraft Model for the AIAA Controls
ton, DC, Aug. 1991 (AIAA Paper 91-2672). Design Challenge,”” NASA CR 186019, Dec. 1991.
16Napolitano, M. R., Chen, C. I., and Nutter, R., “Application of 20Hoak, D. E., Ellison, D. E., et al., ‘“‘USAF Stability and Control
a Neural Observer as State Estimator in Active Vibration Control of Datcom,”” Flight Control Division, Air Force Flight Dynamics Labo-
a Cantilevered Beam,’’ IOP International Journal on Smart Materials ratory, Wright-Patterson Air Force Base, OH, 1960.
and Structures, Vol. 1, April 1992, pp. 69-75. 2iNewland, D. E., Random Vibrations and Spectral Analysis,
170gata, K., Discrete-Time Control Systems, Prentice-Hall, Engle- Longman Group, Essex, England, UK, 1984.

Journal of Guidance, Control, and Dynamics .

Radar Effect on Single Microprocessor Navigation MAN DA' I ‘0 RY

G7934 L
Tanya Johnson, Ph.D.

WordStar 2.0/ PC

Journal of Progulsion and Power |
High Pressure Impact on ¢

|

Liquid Propellants I

‘ B679
Dr. Jamshid Monadi
‘{ Microsoft Word 2.0 / Macintosh

To reduce pro-  Please note that your paper may be typeset in the traditional
ductioncostsand  manner if problems arise during the conversion. A problem may
proofreading be caused, for instance, by using a “program within a program”
time,allauthorsof  (e.g., special mathematical enhancements to word-process-
journal papers ing programs). That potential problem may be avoided if you
prepared with a  specifically identify the enhancement and the word-process-
word-processing  ing program.

program are required to submit a computer disk along with
their final manuscript. AIAA now has equipment that can convert
virtually any disk (3'%-, 5Y4-, or 8-inch) directly to type, thus avoid- ] c c
ing rekeyboarding and subsequent introduction of errors. = PC or Macintosh T=X and LAT=X

Please retain the disk until the review process has been completed ® PC or Macintosh Mlcr?soft Word
and final revisions have been incorporated in your paper. Then a PC WordStar Professional
send the Associate Editor all of the following: a PC or Macintosh FrameMaker

= Your final version of the double-spaced hard copy.

!
!

The following are examples of easily converted software
programs:

If you have any questions or need further information on disk

w Original artwork. conversion, please telephone:
m A copy of the revised disk (with software identified). Richard Gaskin
Retain the original disk. AIAA R&D Manager d %é=
If your revised paper is accepted for pubiication, the Associate 202/646-7496 =
Editor will send the entire package just described to the AIAA American Institute of

Editorial Department for copy editing and production. Aeronautics and Astronautics




