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Fault Tolerance and Extrapolation Stability
of a Neural Network Air-Data Estimator

Thomas J. Rohloff* and Ivan Catton’
University of California, Los Angeles, Los Angeles, California 90095

Neural networks have been employed in signal-processing software used to translate the measured pressure
distribution from the nose of an aircraft into estimates of freestream static pressure, vehicle speed, and vehicle
attitude relative to the flowfield. The performance of the resulting system under normal flight conditions has
been previously reported. This paper investigates the performance of the neural network system under more
adverse conditions. Specifically, the effect of partial signal failure from the pressure distribution measurements is
investigated. Additionally, the stability of the system is tested for applications outside the original domain of the
training set. The neural network air-data estimator was found to be both tolerant to faults in the input data and

stable when applied to moderate distances of extrapolation.

Nomenclature
C, = pressure coefficient
M = Mach number
P, = pressureat port i
P, = freestream static pressure
q. = dynamic pressure
q.» = dynamic pressure behind the bow shock
o = freestream angle of attack
B = freestream angle of sideslip
e = aerodynamic calibration parameter
0; = clock angle for pressure port i
A; = flow incidence angle at port i
¢; = cone angle for pressure port i
x> = chi-squared statistical test parameter

Introduction

CCURATE measurementsof air-dataparametersare important

for both flight testing and control of aircraft. These parameters
include the speed and direction of the airmass velocity relative to
the aircraft, as well as the freestream static pressure. According to
Gracey,' air-data measurements are typically performed using in-
trusive booms that extend beyond the local boundary layer. These
booms have been found to be excellentat making steady-state mea-
surements at low to intermediate angles of attack. However, the
performance of these instruments deteriorates during high angles
of attack and highly dynamic maneuvers. They are also sensitive to
vibration and alignmenterror, and are susceptibleto damage during
both flight and maintenance.

Flush air-data sensing (FADS) systems, describedin Ref. 2, were
developedin response to problems associated with intrusive booms.
These instruments infer the air-data parameters from pressure mea-
surements taken with an array of ports that are flush to the surface
of the aircraft, and are thus completely nonintrusive. However, be-
cause the locations of the pressure measurements are on the outer
surface of the aircraft, locally induced flowfields can seriously com-
plicate the calibration of these devices. A comprehensive effort to
completely characterize an FADS instrument for application on the
X-33 single-stage-to-orbitlaunch vehicle,includingextensive wind-
tunnel measurements, is described in Ref. 3.
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Development of an FADS interpolation algorithm provides an
ideal opportunity for the application of neural network techniques.
FADS systems use an input vector composed of 11 pressure mea-
surements P; to estimate an output vector that includes four air-data
parameters (000, Boo> Poo, and ¢, ). The relationship between these
two vectors is complex and highly nonlinear. Computational fluid
dynamics can be used to study the problem, but the need for a real-
time invertible model makes the application of this approach infea-
sible. Neural networks, which require large quantities of training
data, are very well suited to situations such as this, where the more
traditional approachesare either insufficient or too complex, but the
empirical data are plentiful. These neural network systems allow
the correlation of complex nonlinear systems without requiring ex-
plicit knowledge of the functional relationship that exists between
the input and output variables of the system.

The development of the neural network flush air-data sensing
(NNFADS) system was initiated as an alternative to the semi-
empirical system described by Whitmore et al.> A trained neural
network provides a set of explicit calculations, and is therefore in-
susceptibleto the instabilitiesthat were sometimes encounteredwith
the iterative regression techniquesdescribed by Whitmore et al. The
first successful postflight demonstration of neural network tech-
niques applied to the FADS system was reported in Rohloff and
Catton.* The FADS air-data estimation was shown to be adequately
represented by a trained neural network. However, the data used
to train this network only included a single flight profile, and the
applicable range of this particular network was limited to similar
flight conditions.

The next stage in the developmentof the NNFADS system, which
was reported by Rohloff et al.,” used a wider range of flight data
pieced together from multiple flight tests to provide a comprehen-
sive training data set across the entire flight envelope of the F-18.
Specific techniques were developed for extracting a proper set of
neural network training patterns from an overly abundant archive
of data. Additionally, the specific techniques used to train the neu-
ral networks for this project were reported, including the scheduled
adjustments to learning rate parameters during the training process.
Two neural networks were trained to estimate static and dynamic
pressures across the entire domain on available flight data. The ac-
curacy of these networks was shown to match the accuracy of the
semi-empirical system over a wide range of flight conditions from
subsonic to supersonic speeds.

The neural networks developed by Rohloff et al.> were incor-
porated into the fault-tolerant NNFADS algorithm described by
Rohloff et al.’ This algorithm was composed of a combination
of aerodynamic models and neural network models used to trans-
late a discrete pressure distribution from the nose of an aircraft
into a set of air-data parameters including static pressure, dynamic
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pressure, Mach number, angle of attack, and angle of sideslip. Tech-
niques were developed to detect and eliminate the effect of a lost
signal from the measured pressure distribution. The performance
of this system was once again found to match the aerodynamic
model-based processorin the estimation of the air-data parameters.
The system was also found to be stable, with no major deviations
in the air-data estimates, throughout the domain for which it was
developed.

The details of the neural network development and the NNFADS
algorithm can be found in Refs. 5-7. These references also de-
tail the performance of this system under normal operating condi-
tions. This paperinvestigatesthe performanceof the NNFADS under
more adverse conditions. First, the performance of a new statisti-
cal goodness-of-fit test that was developed to identify unacceptable
levels of noise in the input measurement, was tested by artificially
adding data spikes to the input readings. Second, the stability of
the system outside the domain of the training data was studied to
ensure that the system would not fail catastrophically under these
new conditions.

Current FADS Technology

A prototype real time flush air-data sensing (RT-FADS) system
has been developed at the NASA Dryden Flight Research Center.?
This system was implemented and tested on the NASA F/A-18B
Systems Research Aircraft (SRA) over the entire nominal flight
envelopeof the F-18 from takeoffto landing (M < 1.6,a,, < 50deg,
—25deg < B < +25 deg). The FADS system was compared with
the ship system air-data computer (ADC) measurements, and was
shown to be robust to noise in the measured pressures.

The hardware for the RT-FADS system is located in a modified
radome of the SRA. The radome and the RT-FADS instrumentation
are depicted in Fig. 1. The system consists of the FADS pressure
port matrix and the associated measurement transducers. A matrix
of 11 pressure orifices was integrated into a composite nosecap and
attached in place of the noseboom. The locations of the ports on the
nosecap are depicted in Fig. 2, and are defined in terms of clock
and cone coordinate angles, ¢ and A, respectively. The pressures
at these locations are sensed by 11 digital absolute pressure trans-
ducers located on a palette inside the SRA radome. The transducers
are reported by Whitmore et al.? to have a repeatability that ex-
ceeds 0.01% of full scale with a measurement range from 1.50 to
40.00 psia.

RT-FADS
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Fig. 1 FADS hardware.
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Fig. 2 FADS pressure port configuration.

The reference air-data source reported by Whitmore et al.2 was
generated by combining information from various sources. These
measurements included the onboard inertial navigation system atti-
tudes, rates, and accelerations;radar tracking velocity and position
data®; and rawinsonde weather-balloon sounding data.’

The weather-balloonsounding data were verified in-flight by fly-
ing 360 deg at a constant speed, and performing a level turn before
and after each maneuver. When the indicated airspeed was aver-
aged over the course of the 360-deg turn, the effects of the winds
were eliminated. The difference between the averaged airspeed and
the averaged radar-derived ground speed was the velocity error for
that airspeed caused by the static source error. The velocity error
provided an accurate point on the position error curve.

The local wind direction and speed were evaluated by adding this
static source velocity error to the indicated airspeed reading and
then plotting the ground speed and corrected airspeed as a func-
tion of time. Velocity data were converted to Mach numbers using
temperature values obtained from the rawindsonde balloon sound-
ings and radar-derived geometric altitude. Local ambient pressure
values were evaluated using balloon soundings and radar-derived
geometric altitude.

The accuracyof the referencedata sourcetechniqueswas reported
in Refs. 2 and 8. The difference between the true and expected val-
ues were shown to be AM <0.02, Ax <0.4 deg, AB <0.4 deg,
Agq. <12 psf, and AP, < 17 psf. These source data were used for
the development of both the RT-FADS model described by Whit-
more et al.2 and the neural network system being investigated in
this paper. The accuracy of both models has been shown to be of the
same order as the source data for normal flight conditions. A detailed
discussion of the accuracy of the neural network model for standard
operationcan be foundin Ref. 7. The focus of this paperis to evalu-
ate the neural network performance under more adverse conditions.

Measurement Redundancy

A major concern during the implementation of this neural-
network-based FADS system is its robustness to signal failure. Per-
formancecriteriaestablishedfor this projectrequired that the signal-
processingsoftware be robust to the failure of any single lost signal.
The preliminary study, discussed in Ref. 4, centered on a single
neural network constructed to use all 11 FADS pressure signals in
the calculationof the four air-data parameters. Thus, all 11 pressure
signals had to be available for this preliminary network to operate
properly. A singlelost signal caused that initial system to fail. How-
ever, it was discoveredthatneural networks with smaller inputlayers
could also be trained to make the air-data estimates from a reduced
set of the FADS pressure signals. More specifically, networks were
successfully developed to make air-data estimates from as few as
five or six of the pressure signals. This discovery was taken advan-
tage of during the development of a neural-network-based system
that is robust to partial signal failure by training several different
neural networks with groupings of five or six of the FADS signals
each. The estimates from the different pressure groupings can then
be averaged to give a best estimate. If any single pressure signal is
identified to be corrupted with noise, then any neural net trained with
a grouping that includes the failed signal can simply be excluded
from the vote. Given that only a limited number of configurations
can be reasonably included, it is not possible to guarantee that the
system of networks will be able to handle the loss of two or more
signals simultaneously,but there will be some combinations of two,
three,and even four lost signalsthat will not affectall of the available
networks. The groupings providedin Table 1 were defined using the
port index system provided in Fig. 2.

Table 1 Subsets of the FADS

array used in NNFADS
Configuration Port indices
Cl 1,4,5,6,7
C2 2,3,8,9,10,11
C3 1,8,9,10, 11
C4 2,3,4,5,6,7
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Note that each grouping is symmetric about both the vertical
and horizontal axes. Furthermore, each configuration includes both
points from the center region (A < 40 deg), and from the outer rings
(A>55 deg).

Chi-Squared Approach to Signal Filtering

Neural networks trained for the four different configurations pro-
vide four estimates for static and dynamic pressures. As was dis-
cussed earlier, the four configurations of pressure include two sets
of nonoverlappingpairs. Configuration C1 does not have any ports
in common with C2, and configuration C3 does not have any portsin
common with C4. If any single pressure port returns an inaccurate
reading, then two out of the four configuration will still be unaf-
fected. A procedure for identifying estimates that may have been
affected by inaccurate pressure measurements is developed next.

It follows from Whitmore et al.,? that the relationship between
the FADS pressure distributionand the air-data state s, in almostall
cases, accurately described by an aerodynamic model in the form

P = qcz(cos2 6; + & sin’ 9,-) + P, 1)

where P; is the surface pressure at port i; 6; is the angle between the
surface normals at porti and the stagnation point; q., is the dynamic
pressure behind the shock; P, is the freestream static pressure; and
¢ is a free parameter that is dependenton the air-datastate. The form
of this model must remain valid, independentof the technique used
to determine the air-data parameters. The results from the NNFADS
system are no exception. Defining the NNFADS static and dynamic
pressure estimates for pressure port configuration j as Py,; and g, ;,
respectively, then the pressure coefficient is given by:

A Pz_ﬁoo .
C,ij = ——=L = cos’ 6§, + ¢, sin* 6, 2)
qde2j

Note that both the pressure coefficient C,;, and the free parameter
¢;, are functionsof the pressure port configurationbeing considered.
The values 6; are calculated using the meridian approach developed
in Ref. 3. This approach uses pressure differences along the merid-
ians of the FADS sensor (¢ =0, 180 deg or ¢ =90, 270 deg) to
determine the location of the stagnation point. The local incidence
angles 6; are then calculated relative to the surface normal at the
stagnation point. Rearranging Eq. (2):

Each set of pressure ports for the differentconfigurations j will have
a set of equations:

A ) ]
Cij —cos” 6 sin® 6,

: = : &j @
C,,; — cos? 6, sin® 6,

The least-squares-error solution for ¢; is obtained by multiplying
both sides of Eq. (4) by sin* §; and summing over all components:

X:Sin2 0; (é’m — cos? 9,-) = X:Sin4 0 )e; 3)

Solving for ¢;:
> sin®6; (é’m — cos? 9,-)
B > sin*6;

Equation (6) is the least-squares-error solution for ¢ for pressure
port configuration j. A set of FADS pressures associated with the
estimated values of the air-data parameters for pressure port config-
uration j can now be calculated:

(6)

&j

P, =z}c2j(c0529,-+8j sin29,-)+1300j 7

The sum of the squares of the residuals between measured and cal-
culated surface pressures is defined as

K=Y (By— Py @®)

i=1

This error measure gives a means of checking for inaccurate
FADS pressurereadings. If any single reading from the FADS pres-
sure array is inconsistent with the others, then calculated values will
no longer correspond to the measured values, and X,? will conse-
quently increase. The minimum value of X,z will therefore corre-
spond to the pressure port configuration that is in best agreement
with the physical model.

The population distribution of X,? was calculated for a set of
43,000 frames of flightdata, and a histogramwas generatedin Fig. 3.
Based on this analysis, 95% of all the pressure distributions were
foundto have valuesof x2 < 100 (psf)?, and 85% were foundto have
values of x2 < 50 (psf)?. During actual applications, using the 85%

C,ij — cos™6; = &; sin’ 6, (3) cutoff [ x> = 50 (psf)?] was shown to be optimal for signal-filtering
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Fig. 3 Chi-squared distribution of NNFADS residuals.
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applications. This implies that 15% of the observed pressure distri-
butions are expected to have a higher then acceptable probability of
causing errors during the signal processing. If X,? for all four con-
figurations is below the cutoff value, then all four will be included
in the final calculations. If one or more of the X,? values are over this
threshold, then the system pressurereadings are considered suspect,
and only the configuration with the minimum value of X,? is used
in the final calculations.If all four configurations have X,? above the
threshold, then other techniques will have to be used to define the
best estimate.

Robustness of NNFADS to Noise (Biased Input)

The robustness of the NNFADS processor to noise in the input
measurements was evaluated by systematically introducing a bias
to one or more of the input signals. Flight data were artificially
corrupted by adding spikes to the measured signals before they
were processed through the NNFADS processor. These tests were
performed in two stages. During the first stage only one of the input
signals was biased. Measurementsfrom ports 1,2,4,7, and 11 were
corrupted one at a time with signal spikes of increasing magnitude.
The magnitude of the spikes (A P;) were calculated with

AP, = £NSR x P,

where P, is the average of the input signals, and NSR is the noise-to-
signal ratio that was varied from 0 to 0.5. During the second stage of
this test, two ports were corrupted at a time. Port 1 was consistently
biased with NSR =+0.2, and ports 2, 4, 7, and 11 were corrupted
one at a time with spikes ranging from NSR = 0.0 to £0.5.
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Fig. 5 Single port bias—dynamic pressure: - ---, fault detection off,
and ——, fault detection on.

The percent rms error in the estimates of P,, and g. with one
biased input signal were plotted in Figs. 4 and 5 as a function of
the NSR. Each of the graphs includes two curves. The first curve
was generated without any fault detection, and the second was cre-
ated with a system that included the x? fault-detectiontechniques.
Without the filter, the neural network estimates of both parameters
steadily degraded as the noise level was increased. However, with
the fault-detectionroutine activated, the neural network system per-
formed dramatically better, and was found to be only marginally
affected by the spike in the input signal. As the NSR increased from
0 to 0.35, the x? filter most often identified the artificial data spike.
AtNSR = 0.2, the errorin Py, was ~3%, and the errorin g, was just
over 5%. Between NSR = 0.2 and 0.35, the error in both of these
estimates decreasedto the same value as at NSR = 0.0. The effectof
databias in any single signal was always identified for NSR > 0.35.

The percent rms error in the estimates of P, and g. with two
biased input signals were plotted in Figs. 6 and 7. The magnitude
of the error increased significantly over one biased port, even with
the signal classifier activated. The fault-detection algorithm does
manage to reduce the average level of error if the two failed ports
leave atleast one unaffectedinput configuration. Otherwise, the best
estimate of the air data will be corrupted by at least one bad signal.

The NNFADS system is robust to any level of noise in any one
pressure port. The criteria for this project have therefore been met.
If future systems require a higher level of fault tolerance, then the
techniques applied in this system can easily be adapted. Additional
independent sets of FADS pressure ports can be used to increase
the robustness of the system. For example, if three independentsets
were available, then the system would be resistant to the loss of any
two signals.
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Fig. 6 Double port bias—static pressure: - - - -, fault detection off, and
, fault detection on.
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The calculationsof the angles of attack and sideslipdo not require
that the pressure measurements be processed directly with a neural
network.® Instead, the meridian approach, discussed in Ref. 3, is
used to estimatea local value of the incidenceangles. The freestream
values are then just a function of these local values and the Mach
number. The process used to make these estimates facilitates the
elimination of the effect of failed inputs without the use of the chi-
squared filter.

Total Extrapolation Distance
Outside the Training Domain

Data generated with an inverted version of the RT-FADS system,
describedin Ref. 2, were used to test the extrapolationcapabilitiesof
the NNFADS system. The exteriority, defined in Ref. 10, was used
as a measure of the distance of any point outside the domain of the
archived flight data to the convex hull polytope of the training set.
Convex hulls are multidimensional surfaces that tightly encompass
a set of multidimensional data. The method presented in Ref. 10
uses standard mathematical procedures to determine the vertices
of the convex hull of the training data used to construct a neural
network. Once this surface is defined, the Euclidean distance of a
new pointto that surface can be calculated. This distance, termed the
exteriority,is defined as zero if the pointlies on or within the convex
hull, and it is positive if it lies outside. The exteriority is therefore
a measure of the distance between a new point and the domain of
the original training set. The reader is referred to Refs. 5 and 7 for
a more complete discussion of convex hulls and exteriority.

The convex hull polytope encompassing the four-dimensional
volumein the air-dataspace was assumed to be a good representation
of the limits of the available data. It is important to note that the air-
data vectors used to define the location within the air-data space
had to be normalized between 0 and 1. This ensured that the scale
of the exteriority would be the same in any direction. Furthermore,
the normalizedexteriorityrepresentsthe percentdistanceoutsidethe
training setrelative to the full scale values of the air-dataparameters.

To test the extrapolation capabilities of the air-data neural net-
works, the signal-filtering techniques were not employed during
these trials. The normalized standard deviationis given as a function
of exteriority in Fig. 8. The deviation of all four air-data parame-
ters stay within 10% rms error for extrapolation distances as high
as 20%. Above 20% exteriorities, the error in the incidence angles
increased to a range of 15-20%. The accuracy of both M and P,
stay within 10% for the entire range of extrapolationdistances be-
ing considered. This demonstrates that the processor does not fail
catastrophically outside the domain of the training set.

The data used in this test were generated with the inverted RT-
FADS algorithm. However, the RT-FADS system was calibrated on
the same data set used to train the neural networks of the NNFADS
system. This means that when the data set was generated for these
tests, the RT-FADS system was also extrapolating outside its orig-
inal domain of validity. Therefore, it is not clear whether the error
observedin Fig. 8 was aresultof the NNFADS system or of the gen-
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erated data set. However, it is not plausible to assume that the error
associated with extrapolation would be the same for both systems.
Thus, for extrapolation distances of less than 20%, the stability of
both the NNFADS system and the RT-FADS system is validated.

Extrapolation Within the Training Domain
in Direction of Mach Number

A second extrapolation test was performed with the NNFADS
system. In this trial, a version of the NNFADS system was con-
structed with neural networks trained only with the subsonic flight
data (M < 0.75). This system was subsequently applied to a set of
test data covering the entire envelope of the flight data, including
M > 0.75. A graph of the rms error of the air-data parameters as
a function of Mach number is provided in Fig. 9. As can be seen
from the graph, the estimates for P,, and q., degrade by several
percentthrough the transonicregion. Despite the fact that the neural
network used in this test was not trained for supersonic conditions,
the accuracy of the estimates for static pressure appears to be only
slightly affected through the larger Mach numbers. However, the
rms errors for both g, and M continue to degrade as M increases
into the supersonicregime. The deteriorationis a smooth increasing
function of the distance outside the domain of the training set. This
reaffirms the results of the previoussection. The neural network pro-
cessors do not fail catastrophically,and can be applied a moderate
distance outside the original domain of the training set.

The two incidence angles are unaffected by this test. The corre-
lations for translating between local and freestream values were not
dependenton the value of the Mach number, and the estimates of «
and B were not included in Fig. 9.

Conclusions

The neural network air-data estimator was shown to be tolerantto
both partial and complete failure of any single measurement out of
the 11 pressurereadings.Redundantsubsetsof the array of measure-
ments were used in conjunctionwith a statistical goodness-of-fit test
to identify and eliminate the effect of a signal that was inconsistent
with the current flight conditions. This same technique can easily
be adapted in the developmentof systems that are tolerantto two or
more signal failures.

The neural network system was also demonstrated to be stable
when applied to new points outside the original domain of the train-
ing data. The extrapolation capabilities of the system were tested
with both physical models and actual flight data.

Based on the results of both the previous and current studies,
neural network techniques can be successfully employed for the
signal processing needs of flush air-data sensing systems. The re-
sulting system can be both accurate under nominal operating con-
ditions, and robust under more adverse conditions. Neural network
techniques can therefore be used as an alternative to the methods
currently being employed for air-data signal processing.
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