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Air Data Sensing from Surface Pressure Measurements
Using a Neural Network Method
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Neural networks have been successfully developed to estimate freestream static and dynamic pressures from
an array of pressure measurements taken from ports located � ush on the nose of an aircraft. Speci� c techniques
were developed for extracting a proper set of neural network training patterns from an abundant archive of data.
Additionally, the speci� c techniques used to train the neural networks for this project were reported, including the
scheduled adjustments to learning rate parameters during the training process. The performance of the trained
networks was compared to the accuracy of the aerodynamic model that is currently being applied to these � ush
air data sensing systems.

Nomenclature
dt = data sampling interval, s
f = neural network transfer function
G.s/ = � lter transfer function
ii = neural network input signal
itotal = weighted sum of inputs from the previous layer

of the neural network
M = Mach number
o = neural network output
Pi = pressure measurement for port i of the � ush air

data sensing (FADS) instrumentation,psf
P1 = freestream static pressure, psf
qc = freestream dynamic pressure, psf
wi = neural network weight
x.t/ = measured value in a time series
x f .t/ = expected value in a time series
® = momentum parameter for the training algorithm
®1 = angle of attack (pitch) of the aircraft relative

to the freestream, deg
¯1 = angle of side slip (yaw) of the aircraft relative

to the freestream, deg
1w = change in neural network weight
± = neural network error signal
² = � lter threshold
´ = learning rate parameter for the training algorithm
µ = neural network bias term
¸ = cone angle of FADS pressure ports, deg
» = � lter damping ratio
Á = clock angle of FADS pressure ports, deg
!n = � lter natural frequency, rad/s

I. Introduction

A CCURATE measurementsof air data parametersare important
for both � ight testing and control of aircraft.These parameters
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include the speed and direction of the air mass velocity relative to
the aircraft, as well as the freestream static pressure. According to
Gracy,1 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-statemea-
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 alignment error and are susceptible to damage during
both � ight and maintenance.

Flush air data sensing (FADS) systems, described by Whitmore
et al.,2 were developed in response to problems associated with in-
trusive booms. These instruments infer the air data parameters from
pressure measurements taken with an array of ports that are � ush
to the surface of the aircraft and are, thus, completely nonintru-
sive. However, because the locations of the pressure measurements
are on the outer surface of the aircraft, locally induced � ow� elds
can seriously complicate the calibrationof these devices. Addition-
ally, the semiempiricalmodel used by other investigators to process
the FADS pressure signals has experienced numerical instabilities
that resultedin momentary degradationsin the system performance.
Current developmentsin FADS technology,describedby Whitmore
et al.,3 have successfullyimprovedalgorithmstabilitybut at the cost
of increasing the complexity of the algorithm. This paper seeks to
apply a neural network approach to develop a FADS estimation al-
gorithm that is inherently stable and that is easier to calibrate and
implement than the existing FADS system.

The need to improve the FADS interpolationalgorithmsprovides
an ideal opportunity for the application of arti� cial neural network
techniques.FADS systems use an input vector comprising 11 pres-
sure measurements Pi to estimatean outputvector that includesfour
air data parameters, ®1 , ¯1 , P1, and qc . The relationship between
these two vectors is complex and highly nonlinear. Computational
� uid dynamics can be used to study the problem, but the need for a
real-time invertiblemodelmakes the applicationof this approachin-
feasible.Neural networks,which require large quantitiesof training
data, are very well suited to situations such as this, where the more
traditional approachesare either insuf� cient 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.

Compared with existing semiempirical FADS techniques, neu-
ral networks have the advantage of being easier to develop while
providing a higher level of detail in the mapping between the two
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vector spaces. The level of detail available with a neural network
FADS (NNFADS) system is limited only by the detail available in
the � ight data and the computational time required to train those
data to a network.

The � rst stage in the developmentof the NNFADS system,which
was reported by Rohloff and Catton,4 was to prove that the FADS
air data estimation mapping could be adequately represented by a
trained network. A set of training data, which consisted of a single
FADS � ight pro� le, was obtained from the bank of data available
in the NASA Dryden Flight Research Center � ight data access sys-
tem. The transformation for the FADS pressure input space to the
air data output space over the range of conditionsconsidered,which
included 0:1 < M < 0:9, was successfully represented by a neural
network with three hidden layers of 75 processing elements each.
The network included 11 input elements corresponding to the 11
FADS pressuremeasurementsand four output elements for the four
air data parameters.These resultsdemonstratedthat neuralnetworks
could be trained to adequately represent the FADS transformation.
Completion of the early stages of this project was facilitatedby lim-
iting the network training set to a single � ight pro� le, which limited
the applicability of the trained neural network to similar � ight con-
ditions. Subsequentstages in the developmentof this system,which
are described subsequently,used a wider range of � ight data pieced
together from multiple � ight tests to provide a comprehensivetrain-
ing data set across the entire � ight envelope of the test aircraft.

II. Current FADS Technology
A prototype real-time FADS (RT-FADS) system has been devel-

opedat theNASA DrydenFlight ResearchCenter.2 This system was
implementedand testedon theNASA F/A-18B systemsresearchair-
craft (SRA) over the entire nominal � ight envelopeof the F-18 from
takeoff to landing (M < 1:6, ®1 < 50deg, ¡25 < ¯1 < C25 deg),
and the resultingFADS systemwas shownto be robustto noise in the
measured pressures.However, algorithm instabilitieswere encoun-
tered during the development of the RT-FADS system for certain
� ight conditions,which caused momentary degradations in the sys-
tem performance. A new adaptation of the FADS system currently
being developed at NASA Dryden Flight Research Center for the
X-33 single-stage-to-orbit launch vehicle, described by Whitmore
et al.,3 has successfully improved algorithm stability but at the cost
of increasing the complexity of the algorithm.

The hardware for the RT-FADS system is located in a modi� ed
radome of the SRA. The radome and the RT-FADS instrumentation
are shown in Fig. 1. The system consists of the FADS pressure port
matrix and the associated measurement transducers. A matrix of
11 pressure ori� ces was integrated into a composite nose cap and
attached in place of the nose boom. The locations of the ports on
the nose cap are shown in Fig. 2 and are de� ned in terms of clock
and cone coordinate angles Á and ¸, respectively.The pressures at
these locationsare sensedby11digitalabsolutepressuretransducers

Fig. 1 FADS hardware.

located on a palette inside the SRA radome. Pressure transducers
at the FADS ports are sensed by 11 digital absolute-pressuretrans-
ducers. The transducers are reported by Whitmore et al.2 to have a
repeatability that exceeds 0.01% of full scale with a measurement
range from 1.50 to 40.00 psia.

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
data5; and rawinsonde weather balloon sounding data.6

The weather balloon sounding data were veri� ed in � ight by � y-
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 differencebetween the averaged airspeed and
the averaged radar-derived groundspeed 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 directionand speed were evaluatedby adding this
static source velocity error to the indicated airspeed reading and
then plotting the groundspeed and corrected airspeed as a function
of time. Velocity data were converted to Mach numbers using tem-
perature values obtained from the rawindsonde balloon soundings
and radar-derivedgeometricaltitude.Local ambient pressurevalues
were evaluated using balloon soundings and radar-derivedgeomet-
ric altitude.

The accuracy of the reference data source techniques was re-
ported in Refs. 2 and 6. The differences between the true and ex-
pected values were shown to be 1M < 0:02, 1® < 0:4 deg, 1¯ <
0:4 deg, 1qc < 12 psf, and 1P1 < 17 psf.

III. NNFADS Training Set Compilation
The FADS instrumentation has been used to generate large

amounts of data from scores of � ight tests. Data � les include time
histories of the raw pressure readings from the FADS sensor along

Fig. 2 FADS pressure port con� guration.
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with the corresponding air data estimates compiled from the array
of � ight test instrumentation. In most cases, the air data estimates
from the onboardair data computer (ADC) were used as the training
set. These estimates were shown to agree with the referencedata set
within the expected level of precision (1M < 0:02, 1® < 0:4 deg,
1¯ < 0:4 deg, 1qc < 12 psf, and 1P1 < 17 psf). The data archives
included a total of 40 relevant time histories,but before the training
process could proceed, two problems had to be addressed. First,
many of the data sets included blocks of time where data were sud-
denly outsidephysically reasonable limits due to momentary losses
in the telemetry data. Second, there were simply too many data to
be processed all at once.

The � rst step in improving the quality and reducing the quantity
of data sets was to graph the time histories of all of the relevant
parameters from each of the 40 candidate sets. Often the data from
a particular set were very limited, or the data were outsideof a phy-
sically reasonable domain. These sets were simply removed from
the group of candidates. Causal inspection of the remaining sets
revealed that a vast majority of the available data was recorded at
what could be called moderate conditions,where the angle of attack
was less than 15 deg and the Mach number was less than 0.9. To
further reduce the overwhelmingly large quantity of candidatedata,
some of the less interesting data sets were simply discarded. Care
was taken to keep any data where either ®1 > 15 deg or M > 0:9.
The � nal step in this preliminary � ltering process was to exclude
portionsof the time historiesthatwere recordedeitherbeforetakeoff
or after landing. After this process, the total group of candidates
was reduced to a more manageable 24 sets, with a total of 1:5 £ 106

frames or points of data.

IV. Training Preprocessing
A. Source of the Air Data Parameters

Time histories were analyzed at 20 samples per second. The ex-
tracted parameters included the FADS pressure measurements from
the nose of the aircraft, along with a best estimate of the associated
air data parameters P1 , qc , ®1 , and ¯1 . The best estimate,however,
was not always obtained from the onboard ADC. The onboard in-
strumentation was applicable for angles of attack of only 25 deg or
less. Above that, � ow separation caused the aircraft’s instrumenta-
tion to fail. A best estimate of the true air data state for high angles
of attack had to be obtained from the output of the RT-FADS al-
gorithms. Independent measurements, reported by NASA Dryden
Flight ResearchCenter, indicatedthat RT-FADS agreedwith the ref-
erence data set within the expected level of accuracy (1M < 0:02,
1® < 0:4 deg, 1¯ < 0:4 deg, 1qc < 12 psf, and 1P1 < 17 psf). In
addition to high-angle-of-attackdata, all estimates of the angle of
side slip were based on the output of the RT-FADS algorithm be-
cause the onboardADC did not measure this parameter. The source
of each parameter is summarized as follows: 1) Pi always used
FADS instrumentation pressure data; 2) P1, qc, and ®1 with low
angle of attack (®1 < 25 deg) then used onboard ADC estimates
and with high angle of attack (®1 ¸ 25 deg) then used RT-FADS
estimates; and 3) ¯1 always used RT-FADS estimates.

B. Data Filtering
Despite the initial screening of the data sets, occasional spikes,

which resulted from lapses in communication between the ground-
based tracking system and the onboard telemetry, were present in
the parameter time histories. When these spikes occurred, the value
of one or more of the parameterswould change drasticallyfrom one
time frame to the next and would return back to the original values
shortly thereafter.The intense time rates of change associated with
these spikes indicated that they were physically unreasonable.

To removethesespikes, the time historieswere processedthrough
a low-pass � lter. This � lter used the information available from two
successive time frames to generate an expected value for the third
in the series. If the recorded value of any of the parameters of a
given time frame varied by more than a given threshold ² from
the expected value predicted by the low-pass � lter, then that entire
frame of data was removedfrom the data set. Otherwise, the original
recorded values were maintained. Note that the expected values
from the � lter were used only to identify corrupted data and not to
replace them.

Corrupt data frames were identi� ed using a second-order low-
pass � lter similar to that describedby Brown.7 The transfer function
for this � lter is given by

G.s/ D !n

s2 C 2»!ns C !2
n

(1)

where » is the damping ratio and !n is the natural frequency of the
� lter. The � lter was discretizedusing a bilinear transformsimilar to
that found in Ref. 7.

When starting this technique with a new series of data, the ex-
pected value for the � rst two frames had to be initialized. This was
accomplishedby setting the expectedvalue x f .t/ D x.t/ for the � rst
two time frames (t D 0 and t D dt ).

Applying this technique to the FADS data, the � lter tuning pa-
rameterswere optimizedheuristically.Setting » D

p
2=2, !n D 3¼ ,

and ² D 1% guaranteed that all of the physically unreasonabledata
spikes were removed with only a 5% reduction in the data set. A
heuristic approach is justi� ed here because the � lter was used only
to identify suspect data frames and not to replace them.

V. Determination of the Boundaries of the Training Set
Trained with a given set of data, neural networks are excellent

tools for interpolatingbetween the original examples.However, the
performanceof a neural net falls substantiallywhen applied to data
outside the domain of the original set. In other words, neural net-
works are ineffective at extrapolating outside the original training
domain. It is, therefore, very important to use all of the points co-
incident with the envelope around the data set when constructing a
subset to be used in the actual training process. One technique for
determining the outermost points of a set of data is to examine the
convex hull polytope (CHP) of the set, as described by Courrieu.8

The CHP associated with a set of n-dimensional data is de� ned
as the minimum convex surface that encompasses the entire set. An
example of a CHP for a two-dimensional data set is included in
Fig. 3. A region is considered convex if, for any two points in the
region, all of the points on the line segment joining the two are also
in that region. Thus, the convex hull of a set of data includes the
line segments between every combination of two points from the
set. Additionally,all of the points along each of these line segments
exhibit the properties of a convex set, i.e., the segments joining
these points are also elements of the convexhull. These connections
continue until the convex set completely � lls the region delimited
by the polytope, or n-dimensional polyhedron, de� ned by vertices
coinciding to the outermost points of the original data set.

An algorithm for determining the vertices of a CHP is presented
by Courrieu.8 This approach is based on measuring the Euclidean
distance, or exteriority, between a given point and the closest point
in the convexset. If the point lies within the CHP, then it is a member
of the convex set, and the exteriority is identically zero.

Vertices of the polytope will delimit the domain of the training
set. Any new point that lies within this domain will be within the
domainof interpolationof the trainingdata.The � nal set of data used
to train the neural networks should, therefore, include the vertices
of the polytope.

VI. Training Set Density Distribution
Neural networksare most successfulwhen they are used for inter-

polation,andincludingtheverticesof theconvexhullof theavailable
data will guarantee that the trained network will be operating in the
interpolation mode. However, if the domain being mapped by the
network is wide or internallycomplex, then a training set composed
solely of the exterior points will not be enough to ensure adequate
performance of the neural net. The training set must also include
enough internal data to properly represent the entire operating do-
main. Ideally, the data set will be fairly evenly distributedacross the
domain without any major holes. Techniques, therefore, have been
developed to examine the density distribution of a set of training
data. Areas in which the data are too sparse can then be identi� ed,
and efforts can be taken to obtain additional data to � ll in the holes.

A. Constructing Density Graphs
The method used to determine the number density distribution

of a given set of n-dimensional data relies on the fact that the
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Fig. 3 Number density distribution qc vs ® 1 .

n-dimensional space can be taken two parameters at a time to gen-
erate planar projections of the original set. Graphical demonstra-
tion of the overall density distribution is achieved by projecting the
n-dimensional vectors onto each of the possible two-dimensional
coordinate planes. The following steps were used to generate the
density graphs:

1) Given an n-dimensional data set, there are (n ¡ 1)! combina-
tions of two-dimensional planes in which the original vectors are
projected. Each plane is considered separately.

2) These planes are divided into equal bins, and the number of
data points within each bin is recorded.

3) The coordinatesof each bin are recordedalongwith thenumber
of points in that bin.

4) The distribution of points is then graphed and evaluated visu-
ally.

These graphsgive an indicationof thenumberdensitydistribution
of the data set. This process is not guaranteed to � nd all of the holes
in the data set, but the larger voids should be uncovered.

The density graphs produced by the preceding procedure were
used to visually check for holes in the full four-dimensional data
set. Figure 3 gives an example of a two-dimensional projection in
the output spaceof densitydistributionof the candidateset projected
in the ®1–qc plane. Note that the data are relatively thin for high
anglesof attackandhigh dynamicpressure.Previousversionsof this
same graph revealed that the original data density of these regions
was too thin. Therefore, before the graph in Fig. 3 was prepared,
the data archives were scoured in search of any and all data for
®1 > 15 deg and M > 0:9 (high M corresponding to high values
of qc). Even after this comprehensive search, these regions are still
thin, but they now include all of the available data for that region.

B. Extraction of Evenly Distributed Training Set
Once the entire set of 1:5 £ 106 data frames was checked for

holes, a smaller set had to be extracted for use in training the neural
nets. The constructionof this smaller set had to meet three criteria.

1) The vertices of the convex hull polytope had to be included.
2) The data had to be uniformly extracted from the domain of the

set.
3) The � nal subset of training data had to be much smaller.
The binning techniquesused to construct the density graphs were

adaptedsuch that an equal number of points could be extracted from
each four-dimensional bin. The actual number being taken from
the bins was varied until the extraction process gave a reasonably
sized subset of training data of about 40,000 points. The points that
composed the vertices of the convex hull were added to this subset,
and the � nal training data set was complete.

Fig. 4 Single processing element.

The � nal step in generatingthe NNFADS trainingsetwas to break
the set of 40,000 points into a uniformlydistributed training set and
a complementary test set. Points for the training set were extracted
randomly from the larger set. The neural networks were trained to
represent the data in the training set and were subsequentlyapplied
to the test set to measure their ability to generalize to new data. The
optimum proportionsof the two sets had to be determined heuristi-
cally. If the training set was too small, then the network would not
be able to representthe complex mappingexistent in the FADS data.
On the other hand, if the training set was too large, then the training
algorithmwould have troubleconvergingdown to a reasonablelevel
of error within an acceptableperiod of time. Typically, the optimum
training set size required for the neural networks in the NNFADS
processor was found to be in the range from 1000 to 5000 points.
Note that the training set always included the points of the CHP.

VII. NNFADS Training Process
A. Neural Network Modeling

Arti� cial neural networks comprise many interconnected pro-
cessing elements (PEs), an example of which is shown in Fig. 4. As
shown in Fig. 4, each of the input signals ii impingingon the unit has
a correspondingweight wi . The total input to the PE, itotal , is given
by the sum of the products of the inputs and the weights. This net
signal is subsequentlypassedon to an activationfunction,or transfer
function f .itotal/, which is typicallynonlinear.This activation func-
tion is used to transform the net input signal to the output signal o,
which is passed forward to other units in the network. A transfer
function that is fairly common in neural network applications and
that was used in this study, is the logistic activationfunction.Output
signals for nodes using this type of function are given by

o D 1

1 C exp ¡
X

µ wµ iµ C µ
.2/

where µ is a bias term and i is summed over the connections from
the previous layer. The term wi ii is the weighted output of a node
from the previous layer.
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Fig. 5 Neural network architecture.

Complete networksare constructedbyconnectingseveralof these
PEs into a seriesof layers, as shown in Fig. 5. The � rst layer, referred
to as the input layer, simply receives and distributesthe input signals
without any sort of transfer function. The input signals are passed
along through the network to the last layer, or output layer, which
produces the � nal network outputs. All of the layers in between
these two, which have no direct external contact, are called hidden
layers. There is no deterministic means of de� ning the appropriate
network architecture, and a heuristic approach must be employed.
As can be seen from Fig. 5, there can be many more connectionsin a
network than there are PEs. It is this array of weighted connections
that contains the information of the trained neural network.

The neural network training algorithm that is used in this work is
a variation of the general backpropagationof errors method.9 This
procedurestarts by de� ning an error functionand then uses steepest-
descentmethods to � nd a set of network weights that minimizes the
function and that optimizes the performance of the network for the
particular task.

The training procedure involves the presentationof a set of pairs
of input and output patterns. The input pattern is used by the neural
network to calculate its own output vector. These calculatedoutputs
are then compared to the desired output pattern, or target vector. If
there is no signi� cant difference, then no training is required. Oth-
erwise, the weights in the network are changed to reduce the error.
The change in weights after a new pattern presentation,1w.n C 1/,
is proportional to the product of an error signal ± and the output of
the unit from which that node is receiving input ii , added with a
fraction of the previous update 1w.n/,

1wi .n C 1/ D ´±ii C ®1wi .n/ .3/

where ´ is the constant of proportionality or the learning rate pa-
rameter and ® is the momentum parameter. A detailedderivationof
the training process can be found in Ref. 9.

At the start of the training procedure, the weight space has to
be initialized. A random set of weights is typically assigned to the
network to prevent any symmetries in the initial space. During the
trainingprocedure,any symmetries that might exist would be main-
tained during the weight updates, and there would be no relative
change within the space. This symmetry, in effect, would prevent
the network from being trained.

The training rules described called for weight updates after each
presentationof an input/outputpattern.This procedureis sometimes
referred to as continuous updating. Networks can sometimes be
trained faster if updating occurs after each cycle through all of the
available training data. One entire cycle though all of the training
patterns is sometimes referred to as a single epoch, and summing
the error seen by each weight over an entire epoch before making
adjustments is, consequently, referred to as epochwise updating.

B. Training NNFADS Neural Networks
The tuningparametersof the trainingprocesshad to be adaptedto

the current task using a trial-and-errorapproach because there were
not any set rules for choosing the optimum values. In fact, a great
deal of time was required to systematically vary the parameters to
� nd acceptable and/or optimal values and settings. For example, a
high level of successwas experiencedwhen the originalweight state
was randomly distributedbetween valuesof ¡0:5 and C0:5. During
the actual training process, epochwise updatingwith a fanning in of
the learning rate parameter´ was found to work well. Fanning in the
learning rate parameter just means that ´ is divided by the number
of nodes in the layer before it is applied to updating the weights in
that layer.

A complication in the training process arose from the need to
change some of the parameters dynamically over time. Parameter
values that worked well during the initial stages of training caused
instabilitiesin the weight space convergenceduring the � nal stages.
Some of the parameters were, therefore, adjusted for the different
stages of the training process. These parameters included the learn-
ing rate parameter ´ and the momentum parameter ®. These para-
meters were adjustedduring the threemain stageusingthe following
schedule:

1) The � rst stage lasted for about the � rst 100 to 500 epochs.
During this phase, the root mean square error of the neural network
predictions oscillated at fairly high levels before starting to decay.
The following set of parameters was found to initiate the decay of
the rms error: ´ D 0:15–0.75 and ® D 0:05.

2) After the rms error started to decay, the settings ´ D 0:05 and
® D 0:95 were found to accelerate the convergenceprocess without
causing instabilities. The rms error dropped drastically during the
next 1000–5000 epochs before leveling off.

3) The � nal stage consists of a very slow, stable decline in the
rms error over 50,000–200,000 epochs, parameters ´ D 0:05 and
® D 0:99.

A sample trainingcurve,shownin Fig. 6,wasgeneratedto demon-
strate the advantageof stagingthe trainingparameters insteadof just
setting them to constantvalues. Two neural nets were trained to rep-
resent static pressure over the entire � ight envelope, and the rms
error of the predictionswas recorded as a function of training time,
i.e., the number of epochs. It can be seen from the graph (Fig. 6)
that the staged process converges to a minimum error faster, and to
an overall lower level of error, than the straight process.

VIII. Results
The outlineddata sets and training techniqueswere applied in the

development of a pair of neural networks. The � rst network trans-
lates the signals from the FADS instrumentationinto an estimate of
static pressure, and the second gives an estimate of dynamic pres-
sure. (Results for ®1 and ¯1 are not available at this time.) The
fully connectedfeedforward architectureof both networks includes
5 input nodes, two hidden layers of 20 nodes each, and a single out-
put node, as shown in Fig. 5. The � ve input nodes correspondto 5 of
the 11 FADS pressure signals, and the output nodes of the two net-
works provide the estimates of P1 and qc , respectively.The size of
these networks was optimized heuristically during the early stages
of their development. The trial-and-error search demonstrated that
networks with too few nodes in the hidden layer were incapable of
representingthe system and networks with too many nodes required
too much computational training time. Thus, the ideal network in-
cluded the minimum number of nodes that could still adequately
represent the system.

There are several important differences between the current re-
sults and thosepresentedby Rohloffand Catton.4 First, and most im-
portantly,thecurrentneuralnetworkswere trainedto cover theentire
� ight envelope of the F-18 SRA, including 0:1 < M < 1:6, whereas
the previous results were limited to a much smaller range. Second,
the air data parameters are now being estimated from smaller in-
dependent networks instead from a large, single network with mul-
tiple outputs. Splitting the networks resulted in an increase in the
accuracy of the air data estimates while reducing the computational
burden required to process each set of FADS pressure signals. Fi-
nally, only a fraction of the available pressure signals is now being
used for each network. Referring to the index notation presented in
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Fig. 6 Sample training convergence curves.

Fig. 7 Neural network estimate of static pressure P 1 .

Fig. 8 Neural network estimate of dynamic pressure qc.

Fig. 2, ports 1 and 4–7 were used as inputs to the current networks.
This con� guration was determined by systematically reducing the
number of inputs before training and by later observing the accu-
racy of the trained network. The accuracy was found to deteriorate
if fewer then � ve inputs were used, but no more then six inputs were
needed to still produce excellent results. Note that the symmetry of
the original con� guration was maintained in each of the reduced
input sets.

The performanceof the two trained neuralnets was demonstrated
for 1 of the 24 � ight pro� les described. The neural net predictions
of static and dynamic pressures are graphed as a function of time in
Figs. 7 and 8, respectively.The Mach number was calculated from
these estimated values and is graphedas a functionof time in Fig. 9.
The estimates from the ADC are includedin the threegraphs.Notice
that neural network values follow closely those of the ADC across
the entire � ight pro� le. Over most of the graphs, the two curves are
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Fig. 9 Calculated estimate of Mach number M.

Fig. 10 Residuals in static pressure.

Fig. 11 Residuals in dynamic pressure.

indistinguishable.The only signi� cant deviation occurred in Fig. 7
for the estimate of static pressure. At around 26,000 s, during the
high-Mach-numbermaneuver, the two curves varied by as much as
1.5% with respect to full scale (1980 psf). Fortunately, this is still
within an acceptable range of error.

The accuracy of the RT-FADS system relative to the ADC esti-
mates is being used as a standard of performance for the NNFADS
system. The differences between the neural network estimates and

those of the ADC must not exceed the difference between the
RT-FADS system and the ADC. The residual in the air data esti-
mates is de� ned as the difference between the estimated values and
the values taken from the ADC. The ratio of these residuals to the
maximum (full-scale) values of the air data parameters are graphed
for static and dynamic pressures in Figs. 10 and 11, respectively.
The residuals from both the NNFADS and RT-FADS estimates are
includedin thesegraphs.Close inspectionof thesegraphsshows that
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both the maximum and mean error of the neural networks are lower
than those of the RT-FADS system. The accuracy of the RT-FADS
system was already shown to be of the same order as the reference
data set (1M < 0:02, 1® < 0:4 deg, 1¯ < 0:4 deg, 1qc < 12 psf,
and 1P1 < 17 psf). Therefore, the accuracy of the neural networks
is within the acceptable range.

IX. Conclusions
Neural networks have been successfully developed to estimate

freestream static and dynamic pressures from an array of pressure
measurements taken from ports located � ush on the nose of an air-
craft. The accuracy of these networks has been shown to meet the
accuracy of other aerodynamic-model-based systems over a wide
range of � ight conditions from subsonic to supersonic speeds. Un-
like the aerodynamicmodels, the neural networks are implemented
using a set of explicit calculations and are, thus, unsusceptible to
computational instabilities. However, the fault tolerance and ex-
trapolation capability of this system still need further evaluation to
quantify uncertainty, and many of the details of the � nal algorithm
still need to be worked out. At this time, a neural-network-based
FADS system promises to be a viable alternative to currently avail-
able systems.
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