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Miniature Multihole Pressure Probes and Their
Neural-Network-Based Calibration

Othon K. Rediniotis¤ and Rajesh Vijayagopal†

Texas A&M University, College Station, Texas 77843-3141

We present the development of miniature multihole pressure probes and a novel neural-network-based calibra-
tion algorithm for them. Seven-holeprobes of tip diameters as low as 0.035 in. (0.9 mm) were successfully fabricated
with high tip surface quality. Any of the typical probe tip geometries, i.e., hemispherical, conical, or faceted, could
be fabricated. The miniature probes were calibrated and tested in a wind tunnel. A backpropagation-basedneural-
network calibration algorithm was developed for these probes, with � exibility in network architecture design and
network self-optimization capabilities. In the feedforward mode the algorithm yields computational speeds an
order of magnitude higher than those typically achieved by similar accuracy interpolation algorithms. The new
algorithm has prediction accuracies of 0.28 deg in the � ow angles and 0.35% in the velocity magnitude.

Nomenclature
As = static pressure coef� cient
At = total pressure coef� cient
Bc = cone-anglepressure coef� cient
Bp = pitch-angle pressure coef� cient
Br = roll-angle pressure coef� cient
By = yaw-angle pressure coef� cient
C p = generic pressure coef� cient; could stand

for any of Bp ; Bc; By; Br ; At ; As

E = error vector
Oe = sum-squared error
f h
i = activation function for node i on layer h

I = identity matrix
J = error Jacobian matrix
oh

i = output of node i on layer h
pi = pressure reading at ori� ce i of the probe
pC = pressure reading at peripheral port adjacent to port i , in

the clockwise direction when looking into the probe tip
p¡ = pressure reading at peripheral port adjacent to port i ,

in the counterclockwisedirection when looking
into the probe tip

q = characteristicof dynamic pressure
wh

i j = weight applied to the connection to node i on layer h from
node j on layer h ¡ 1

xh
i = sum of node weighted inputs

® = pitch � ow angle; momentum coef� cient
¯ = yaw � ow angle
±h

i = error sensitivity per node
±Cp = uncertainty in the calculation of Cp

±pi = uncertainty in the measurement of pressure pi

´ = learning rate coef� cient
µ = cone � ow angle
Á = roll � ow angle

I. Introduction

O VER the years multihole probes, such as � ve- and seven-hole
probes, have establishedthemselvesas some of the easiest-to-

use and cost-effective devices for three-component velocity mea-
surements in research as well as industry environments. They pro-
vide accurate � ow measurements for � ow angles up to 75 deg and
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are inexpensive and robust. Furthermore, to minimize � ow distur-
bance, probes of small diameter can be fabricated.Because of their
small size, irregularities in manufacturing are unavoidable, which
requires that each probe be calibrated individually.Unless the probe
tip is physically damaged, it will maintain its structural character-
istics, and therefore only one initial calibration is required for the
lifetime of the probe.

Because multihole pressureprobes are intrusive � ow-diagnostics
instruments, concerns of probe interference with the � ows they are
trying to measure always arise. For example, in the case of leading-
edge vortical � ows over delta wings, the presence of the probe in
the neighborhood of the vortex core can induce premature vortex
breakdown.1 Therefore,a strong incentiveexists to reduce the probe
size, thus reducing the interference.Concurrently,probe-sizereduc-
tion offers higher spatial resolution for measurements in high-shear
� ows.Also,whenmeasuringneara surface,a distanceof at least four
probediametersshouldbemaintainedto avoidwall effects.2 Smaller
probescan measurecloser to the surfacewithout violating this prox-
imity rule. However, probe-size reduction presents fabrication as
well as frequencyresponsechallenges.In terms of fabrication,probe
tip-surface quality is important in measurement accuracy. For two
different calibration surfaces the smoother surface typically yields
higher prediction accuracies. This is self-evident if one considers
the fact that typical interpolationtechniquesuse smooth continuous
functions to locally model the calibration surface. The smoothness
of the calibration surface depends, in turn, on the tip-surface qual-
ity. Maintaining the same relative tip-surface roughness (average
tip-surface imperfection size divided by the probe diameter) be-
comes a fabricationchallenge as the probe diameter decreases. For
the presentwork we were able to reduce the probediameterto as low
as 0.035 in. (0.9 mm), maintaining the same high surface quality of
typical 0.125-in. (3.17-mm)-diam probes. In a different challenge,
as the probe diameter decreases, the tubing frequency response de-
creases. Because this is beyond the scope of the present work, for a
treatmentof this problemthe reader is referredto Vijayagopalet al.3

Probe calibration is generally performed by placing the probe in
a � ow� eld with known velocitymagnitudeand direction.The probe
is pitched and yawed (or coned and rolled) through a range of an-
gles to cover the range of possible velocity vector orientations.For
each probe orientation the pressures from the � ve (or seven) pres-
sure ports are recorded. This procedure is typically performed for
angle incrementsof 2–5 deg, resulting in approximately1000–3000
discrete calibration points, for a cone-angle range of 0–75 deg and
the entire roll-angle range (0–360 deg).

After the probe has been calibrated, it can be used to measure the
� ow properties in an unknown � ow� eld. By measuring the probe
port pressuresat a point and comparing them to the calibrationdata,
estimatesof the � ow anglesand the velocitymagnitudecan bemade.
This comparison process is achieved by the calibration algorithm.
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In the present work a neural-network-based calibration algorithm
was successfully developed. Before we present it, a brief overview
of different types of calibrationalgorithms used in the past is given
next.

For hemisphericalprobe tips one calibrationmethod used the po-
tential � ow solution for � ow over a sphere to relate � ow angle and
velocity to pressure differentialsmeasured by the probe.4 The tech-
niquewas demonstratedby calibratinga hemispherical-tip� ve-hole
probe. This method can be sensitive to construction defects of the
probetip and is generallyaccurateto onlya fewdegreesatbest.Inter-
polationtechniquesarewidelyusedwith multiholeprobecalibration
data. Zilliac,5 in his calibrationof conical seven-holeprobes for use
in � ows with large angularity, used the Akima (IMSL subroutine)
interpolationprocedure. For each calibration point the seven probe
pressures and the total pressure are recorded along with the calcu-
lated pressurecoef� cients and the known roll and cone (or pitch and
yaw) angles. Then, when test data are collected, the relevant coef� -
cientsare calculatedandcomparedto the storedcalibrationdatabase.
By locating calibrationpoints with pressure coef� cient values sim-
ilar to the measured coef� cients, the approximate � ow conditions
are identi� ed. The adjacent coef� cient values are then interpolated
to yield the precise � ow properties. The technique yields good ac-
curacy. However, the present authors’ experience with the Akima
interpolationprocedure is that it is time consuming.This procedure
is not suitable especially for applications, like air-data systems for
example, where tens of readings per second are necessary.

Alternatively, empirical relationships can be derived in terms of
the pressurecoef� cientsover thedifferent� ow regionsof the probe.6

In Ref. 6 the measurement regionsof a � ve-holeprobewere divided
into the low-angle regime and four high-angle regimes correspond-
ing to the center hole and each one of the four peripheral holes,
respectively.The calibration data were used to derive empirical re-
lationships representing the pitch and yaw angles of the velocity
vector in terms of the measured pressure coef� cients for � ve-hole
hemispherical probes. Using a � xed number of points, polynomial
curve � ts were made through the known calibration points to de-
scribe the variation of the � ow variables over the measurement do-
main. Rediniotis et al.7 derived bicubic polynomial � ts through the
calibration data for a conical seven-hole probe. Further, they in-
creased the number of regions for which polynomials were iden-
ti� ed. This resulted in eight low-angle regions and 32 high-angle
regions, thus improving the description of the probe measurement
domain. This technique guarantees agreement with the calibration
points but does not necessarilyensure well-behavedcalibrationsur-
faces between calibration points.

Arti� cial neural networks have been effectively applied to me-
chanical and control systems. In aerodynamics, neural networks
haveproven their worthinessboth as installedcomponentsin the air-
craft control systems as well as research tools to investigate,model,
and control � uid � ows.8– 10 Neural networkswere coupledwith � ow
measurement tools such as an omnidirectionalpressure probe to in-
vestigate separated and recirculating � ows.11 In the present work
a novel neural-network calibration scheme has been formulated
for use in the calibration of multihole pressure probes (� ve-hole
or seven-hole). This procedure uses a large database of calibra-
tion information taken over a large range of � ow cone angles (up
to 75 deg). The calibration data is then used to train a multilayer
neural network to predict the � ow variables based on calculated
pressure coef� cients. During the training process, a network infor-
mation � le is generated that contains the necessary details of the
network weights and biases. Subsequently, test data presented to
the network are processed in a feedforwardmode to predict the � ow
direction and magnitude based on the network’s knowledge. This
versatile technique allows for nonuniform calibration grids, dense
calibrationgrids, and updatingof the calibrationdata, provideshigh
predictionaccuracy, and is very fast in the feedforwardmode. Also,
the speed in the feedforward mode is independent of the size of
the calibration � le in contrast to conventional local interpolation
algorithms5 ;11 of similar accuracy, whose speed is highly depen-
dent on the size of the calibration data � le. Moreover, the size of
the feedforward code is on the order of a hundred lines, rendering
interfacing with existing user codes (such as data-acquisition and
data postprocessingcodes) extremely easy.

Researchers in the � ight-test community have used the princi-
ples of multihole probes to develop � ush air-data systems.12 – 15 In
these systems the nose of the aircraft is instrumentedwith multiple
pressure ports, strategically positioned, and in essence operates as
a giant multihole probe. In some efforts neural networks have been
successfully used, even in real time, to extract air-data information
from the pressure measurements,16 with speeds similar to the algo-
rithm presented here. These air-data systems have a different port
arrangementthan typical � ve- and seven-holeprobes,a higher num-
ber of ports, and are not plaguedby calibrationissues that emerge as
a result of miniaturization.Such an issue, for example, is the trans-
portability of the calibration from one system to another. For the
miniature probes discussed here, calibration transportability,with-
out compromisingmeasurementaccuracy,is not an option,and each
probe has to be calibrated individually. This is because the effect
of the probe manufacturing defects on the calibration is inversely
proportional to the size of the probe.

II. Miniature Pressure Probe Fabrication
Inwhat followstheprobediameterrangeindicatedby“miniature”

is between 0.035 and 0.065 in. (0.9 and 1.65 mm). The construction
of probes can be divided into the fabricationof internal and external
features. The external features de� ne the geometry exposed to the
� ow. The internal features de� ne the discreet pressurechannels that
transmit the pressure from the probe tip to the pressure transducers.

External Features
Figure 1 illustrates the arrangement of the probe components.

Probe tips are typically made of brass, with the exception of the
smallest probe (0.035 in. or 0.9 mm in diameter). There are three
parameters de� ning the tip geometry and features: 1) diameter
(0.035–0.065 in. or 0.9–1.65 mm), 2) shape (conical, hemispher-
ical, faceted), and 3) number of holes (5 or 7). The � rst extension
(Fig. 1) precisely matches the outside diameter of the tip and is
typically up to 20 diameters long. Ferrules gradually increase the
outside diameter of the probe shaft, providing the strength of ma-
terial necessary for a given length. If needed, a second extension
can be added, creating a very long probe for special applications.
Mounts are typically hexagonal to allow for probe roll referencing
with the � at surfaces aligned with the hole pattern of the tip.

Internal Features
Each of the holes in the probe tip leads to a stainless-steel tube

with its inside diameter matching the diameter of the hole. As the
probe shaft diameter increases, each tube is telescoped into a larger
tube,which � nally protrudes from the back of the mount. Each con-
nection is soldered and tested for strength and leakage. The � nal
assembly is also tested for pressurecross-talk, i.e., pneumatic com-
munication between two or more probe holes and their associated
tubing. Pictures of the miniature probes fabricated at the Aerospace
Engineering Department of Texas A&M University are shown in
Figs. 2a–2g. Figure 2a shows a probe with conical tip, 0.035 in.
(0.9 mm) in diameter,whereas Fig. 2b shows a faceted tip, 0.065 in.
(1.65mm)in diameter(in all pictures,thecoin is a dime). Figure2c is
an assortment of probes with conical and hemispherical tips, 0.035,
0.065, and 0.125 in. (or 0.9, 1.65, and 3.17 mm) in diameter. Fig-
ures 2d–2f showdifferentzoomed-inviews of a probewith a conical
tip, 0.04 in. (1 mm) in diameter. Figure 2g shows the end view of a
hemispherical� ve-holeprobewith tipdiameter0.065in. (1.65mm).

Fig. 1 Schematic of miniature probe assembly.
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a) b)

c)

d) e)

f) g)

Fig. 2 Miniature probe pictures: a) probe with conical tip, 0.035 in.
(0.9 mm) in diameter; b) faceted probe tip, 0.065 in. (1.65 mm) in diam-
eter; c) assortment of probes with various tip geometries; d) electron
microscope picture of probe with conical tip, 0.04 in. (1 mm) in diam-
eter; e) and f) closer tip views for the probe of Fig. 2d; and g) electron
microscope picture ofhemispherical tip, 0.065 in. (1.65mm)in diameter.

Fig. 3 Seven-hole measurement
domain divided into seven sec-
tors, each centered on an individ-
ual pressure port numbered 1–7.

III. Probe Calibration Background
A brief overview of the probe calibration theory is given next for

the case of the seven-hole probe. The � ow over a seven-hole probe
can be typicallydividedinto two regimes: low-angle and high-angle
� ow. The low-angle � ow regime is de� ned as the velocity inclina-
tion range for which the pressure registered by hole #1 (Fig. 3) is
the highest among the seven measured pressures.The � ow remains
attached over the entire probe; therefore,a unique set of seven pres-
sures exists at every probe orientation with respect to the � ow. The

Fig. 4 Flow angle and probe coordinate system de� nition.

orientation of the probe with respect to the � ow is de� ned by two
angles: the pitch-angle ® and the yaw-angle ¯ (Fig. 4). For high-
angle � ows the i th hole registers the maximum pressure pi , where
i takes a value from 2 through 7. The � ow may not be attached
over the entire probe. For high-angle� ows the position of the probe
with respect to the � ow is more conveniently de� ned in spherical
coordinates. The two orientation angles are the cone-angle µ and
the roll- angle Á (Fig. 4).

At everymeasurementlocationin a � ow-mappingexperiment,the
local velocity vector can be fully characterized by four variables.
In the low-angle regime the variables are pitch-angle ®, yaw-angle
¯ , total pressure coef� cient At , and the static pressure coef� cient
As . In the high-angle regime the four variables are cone-angle µ ,
roll-angle Á, and the pressure coef� cients At and As . Knowledge
of the local temperature is also required; however, for the � ows of
interest here the temperature is constant and equal to the freestream
temperature,which is measuredand known.The four variablesneed
to be determined as functions of the measured pressures or the two
nondimensionalpressure coef� cients formed from these pressures:
Bp , By for low-angle � ow and Bc, Br for high-angle � ow. The
de� nitions are as given next.

Low-Angle Regime (Sector 1)
Independent (Input) Variables:

Bp D 1
p

3
¢

.p7 C p5 ¡ p4 ¡ p6/

q
(1)

By D .p2 ¡ p3/

q
C .p6 ¡ p5 C p7 ¡ p4/

2 ¢ q

Dependent (Output) Variables:

At D .p1 ¡ pt /

q
; As D .p1 ¡ ps /

q
(2)

Pitch-angle; ® Yaw-angle; ¯

where q D p1 ¡ [.p2 C p3 C p4 C p5 C p6 C p7/=6], pt is the local
total pressure, and ps is the local static pressure.

High-Angle Regimes (Sectors 2–7)
Independent (Input) Variables:

Bc D .pi ¡ p1/

q
; Br D .pC ¡ p¡/

q
.3/

Dependent (Output) Variables:

At D .pi ¡ pt /

q
; As D .pi ¡ ps/

q
(4)

cone-angle; µ roll-angle; Á

where q D pi ¡ [. pC C p¡/=2] and pi is the highestmeasured pres-
sure (at the i th port). Looking into the probe tip, pC and p¡ are the
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pressures measured by the peripheral holes adjacent to port i in the
clockwise and counterclockwisedirection, respectively.

IV. Arti� cial Neural-Network Architecture,
Training, and Optimization

Network Architecture
An arti� cial neural network is composed of processing elements

called nodes, with each node having several input branchesbut only
one output branch. Each input connection to a node has a weight
associatedwith it. The input values are multiplied by the associated
weights and summed together with a node bias value. An activa-
tion function then acts on the summed value producing the output
value for the node. An arti� cial neural network is built of several
layersof nodeswith the � rst layer typicallyhaving as many nodesas
there are input variables. The number of middle or hidden layers is
application dependent. Figure 5 shows a typical network structure,
which could be used to train and predict the pitch-angle. All of the
node interconnections are shown. The input layer accepts two in-
put elements. There are two hidden layers and one output layer. The
output of each node in a layer servesas input to the nodes of the next
layer. In Fig. 5, f 1– f 9 are the activation functions applied at each
node.

A node’s output oh
i is given by

xh
i D

j

wh
i j o

h ¡ 1
j ; oh

i D f h
i xh

i .5/

where superscript h denotes the layer number, subscript i denotes
the nodein question,andsubscript j denotes thenode in the previous
.h ¡ 1/ layer.

The arti� cial neural-network algorithm that has been developed
uses coef� cients calculatedfrom probe calibrationpressuredata for
the training of a set of neural networks. For the seven-hole probe
each network uses two system inputs, the two pressure coef� cients
Bp (or Bc), By (or Br ), and four system outputs, At , As , pitch ® (or
cone µ ), and yaw ¯ (or roll Á) angles. A large training set of data
containingcone and roll anglesand the pressureinformationis taken
using a calibration apparatus.11 The pressures are reduced to the
relevant pressure coef� cients. The network uses this information as
its trainingdataand, througha trainingalgorithm,adjusts itsweights
to minimize the resultant error between the predicted and the exact
valuesof theoutputs.Oncethenetworkis trained,measuredpressure
data that may or may not coincidewith the trainingdata can be input
to the network, which then predicts the � ow variables (velocity and
angles) corresponding to the measured pressures.

If the high-angle sectors were further split up to improve the
description of the measurement domain as shown in Fig. 6, higher
predictionaccuracy could be achieved. This was expected from our
previous neural-networkexperience in which it became repeatedly
obvious that, the more complicated the function to be represented
and the bigger its de� nition domain, the harder the task of � nding
a neural network with high modeling accuracy. So the high-angle

Fig. 5 Typical network structure that takes a two-element input to
train for and predict the pitch-angle.

Fig. 6 Seven-hole domain split up to enhance neural-network perfor-
mance.

sectors were � rst split into low–high and high–high regimes. The
high–high regimes were further split laterally (in roll). For example,
sector 2 of Fig. 3 was replaced by three such subsectors in Fig. 6: 2
(low–high), and 13, 14 (high–high). In this way a seven-holeprobe
was split up to have as many as 19 sectors.Care was taken to ensure
that there was at least a 5-deg overlap (in cone and roll) between
adjacent sectors.This is done to deal with calibrationand test points
that lie near the borders of adjacent sectors.

Arti� cial Learning
An arti� cial neural network learns by adjusting the values of its

weights through a training process. The training process consists of
giving the neural-networksample input-outputdata pairs and letting
the neural-networkalgorithmadjust the weightsuntil it can produce
the correctoutput for each input.This procedureis called supervised
learning. Backpropagationis one method of self-correction.During
this process, input is applied to the � rst layer of a neural network
and propagated through until an output is generated at the last layer
of the neural network. The output obtained through forward propa-
gation is then compared with the desired output to generate an error
signal. The error is then distributed back to the nodes of the previ-
ous layer accordingto their contribution to the error. This process is
repeated for all layers, updating the weights. The neural network is
iteratively trained with several input-output vector sets until it has
all of the training data encoded into it. Once the network has cor-
rectly encoded the trainingdata, it can process input data according
to the parameters set forth by the training process. It is important
to note that the trained neural network will perform only as well
as the training data allows. For this reason, care should be taken in
selecting the set of training vectors.

Typically, the question of error convergence to a local or global
minimum arises. If the backpropagation algorithm converges to a
local minimum, learning will then cease, and the error of the net-
work output may be unacceptably high. Two simple methods of
dealing with this circumstance are to increase the number of hid-
den layers or to start over the training process with a different set
of initial weights. When the backpropagationalgorithm does reach
an acceptable solution, there is no guarantee that it has reached the
global minimum. But as long as the solution is acceptable from an
error standpoint, convergence to a local minimum is irrelevant. To
avoid the situation of the algorithm converging to a local minimum
without reachinga desiredminimum error,momentum learningwas
implemented in the code. Momentum learning allows the network
to respond, not only to the local gradient of the error surface, but
also to recent trends in the error surface. The algorithm is thus less
likely to get trapped in local minima. To speed up convergence,
adaptive learning was also implemented. Adaptive learning allows
the learning rate to vary depending on the output error. This allows
the network to adapt the learning rate to the local terrain of the er-
ror surface. When a larger rate is possible for stable learning, the
rate is increased.When smaller learning rate is required, the rate is
automatically decreased.

The trainingalgorithmaccepts as its input a raw pressuredata � le
containing the calibration data for the probe. This data � le is then
converted to training vector � les for every sector of the probe. The
training vector � les are used to train the neural networks by back-
propagation.Weight initializationis performed either by generating
random weights or by using existing weights � les from previously
trained similar networks. During training, the weight matrices are
updated using a steepest descent technique to progress toward the
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minimum error. The error is calculated at each node on the output
layer as the difference in the predicted and known outputs:

±H
k D

d f H
k x H

k

dx H
k

oH
k ¡ known .6/

where ±H
k is the error sensitivity for node k on the output layer H .

The error is backpropagated through the network by the following
recurrence relation17– 20 :

±h ¡ 1
i D

d f h ¡ 1
i xh ¡ 1

i

dxh ¡ 1
i k

wh
ki ±

h
k ; h D 2 : : : H .7/

For each of the nodes in the hidden layers, ±h
i represents the contri-

bution of error to the network output. The weight changes at each
node are then calculated by the following learning rule18:

1wh
i j .t C 1/ D ®1wh

i j .t/ C .1 ¡ ®/´±h
i oh ¡ 1

j .8/

where1wh
i j .t/ is thechangein weightsfor layerh at iteration t, oh ¡ 1

j
is the output of node j on layer h ¡ 1, and ±h

i oh ¡ 1
j is the estimated

error gradientcalculatedfor each weight,which can be expressedas

@ Oe
@wh

i j

D ±h
i oh ¡ 1

j .9/

As already mentioned, to aid in convergence a momentum term
® is used to dampen the oscillations in the convergence and the
adaptive learning rate term, ´ is used as a type of dynamic over-
and under-relaxationfor updating the weight matrices. The learning
rate is increased, and the weights are updated after each iteration
that reduces the sum-squared error Oe of the network. After each
unsuccessfuliteration the learning rate is decreased, and the weight
changes are discarded.

To further improve the convergence rate, the Levenberg–

Marquardt optimization method was implemented21:

1W D .JT J C kI/¡1JT E .10/

Here J is the error Jacobian matrix consisting of the partial deriva-
tives of the error terms with respect to the nodeweights,k is a scalar,
and E is the error vector determined from the known vector output
and the network calculated values. When k is large, the expression
is approximately the gradient descent method. When k is small, the
expressionapproximatesthe Newton method.20 Because the second
method is faster but tendsto be less accuratewhen nearan errormin-
imum, the scalark is adjustedlike the adaptivelearning rate.As long
as the error decreases, k is made larger. If the error increases, k is
made smaller. Further, residual monitoring and active perturbation
of the weight matricesare additionalmethods used by the algorithm
to ensure satisfactory convergence and to stimulate learning.

Network Optimization
Different network architectureswill obviously produce different

levels of prediction accuracy. Procedures to � nd the optimum net-
work structurefor speci� c problemshaveso far beenprimarilybased
on trial and error. Ideally, the neural-network code should develop
its own intelligence and experience in deciding on the optimum ar-
chitecturerather than the user being tied to hours of tedious,manual
interrogation.In the present code, although the user can at any time
override the code’s decisions, an expandable heuristic rule base is
incorporated that guides the algorithm in the optimal network se-
lection. The main function of these rules is to associate a certain
problem or a certain class of problems to certain optimal network
architecture or a range of optimal architectures.The main function
of the code’s optimizer is to generate and train different network
architectures and, by comparing their relative performance for a
speci� c problem, conclude on a set of optimal architectures. It can
generate optimal network architecturesfor � ve-hole probes, seven-
hole probes, conical, hemispherical, and faceted tip geometries and
sphericalomniprobes. For the probes calibratedhere the typical op-
timal architecture consisted of one input layer, two hidden layers,
and one output layer; and the number of nodes per hidden layer
were typically eight and four for the � rst and second hidden layer,

respectively.The activation functions that worked the best were lin-
ear, sine, cosine, hyperbolic tangent, and sigmoid.

V. Calibration Hardware and Setup
Pressure data acquisition during probe calibration and use was

performed with a 32-transducer electronic pressure scanner (ESP)
from PSI, Inc., with a pressure range of §10 in H2O. The ESP was
interfacedto a laboratory computer and was calibratedon-line.The
calibration was performed using the apparatus described in Kinser
and Rediniotis.11 A 16-bit A/D board from ComputerBoards was
used to perform data acquisition.A dual-axis stepper-motorassem-
bly, which is computer controlled,can vary the cone and roll angles
(µ; Á) in the ranges (0, 180 deg) and (¡180, 180 deg), respectively.
The positioning resolution for the calibration assembly is 0.32 deg
in cone and 0.9 deg in roll. To be able to assess the accuracy of the
calibration technique, test data were also collected, which involved
positioning of the probe at several known orientations, (®test; ¯test)
or (µtest; Átest), none of them coincidentwith any of the orientations
used for calibration, (®cal; ¯cal ) or (µcal; Ácal ), and collection of the
pressures. These pressures were fed into the calibration routines,
and a predictedpair (®pred; ¯pred) or (µpred; Ápred ) was calculated.The
difference between the two pairs (®test; ¯test) and (®pred; ¯pred) or
(µtest; Átest) and (µpred; Ápred ) is a measure of the calibrationaccuracy,
although some bias errors are not included (for example, becauseof
tunnel � ow angularity, as seen later in Sec. VI).

Calibration and data acquisition were performed in the Texas
A&M 3 £ 4 ft AerospaceEngineeringWind Tunnel.This is a closed
circuit tunnel with a test section equipped with a breather so that
the static freestream pressure is equal to the control room pressure.
The clear Plexiglas® test section is 4 ft (1.22 m) wide, 3 ft (0.91 m)
tall, and 6 ft (1.83 m) long. The contraction ratio is 9:1. The maxi-
mum speed achieved in the tunnel is about 150 ft/s (45.7 m/s) with
freestream turbulence less than 0.16%. To avoid temperature � uc-
tuations over time, there is an active cooling system to keep the
freestream temperature at 60±F (15:6±C) during testing.

VI. Discussion of Results and Error Analysis
One of the salient featuresof the calibrationalgorithmdeveloped

is the range of available control over the network architecture.Typ-
ical commercial codes allow for an input layer; a few hidden layers
(limited number), each one with a speci� c activation function for
the entire layer; and an output layer with its activationfunction.The
code developed here allows the user to specify different activation
functions at each node. The activation functions f 1– f 9 in Fig. 5
can be selected from a database of functionsor can be user-de� ned.
These functions include constant, linear, quadratic, cubic, logsig,
tansig,17 cosine, sine, and exponential functions. These functions
can be customizedand the user can de� ne new activation functions.

To assess the effect of using multiple activation functionwithin a
layer, two types of network architectureswere trained on data from
analytical polynomials and actual probe calibration data. The � rst
architecture had one type of activation function per layer, whereas
the secondemployedmultiplefunctionswithina layer.Bothnetwork
architectureswere optimized through the algorithm’s optimizer. In
the � rst network architecturethe network with the best performance
was found to have the followingstructure:four layers, threeofwhich
are hidden, each with a single activation function, linear, quadratic,
and cubic, respectively. The optimal network of the second type
was a simpler two-layer network. Its single hidden layer used three
differentnode types: linear,quadratic,and cubic. Both architectures
have the ability to model a cubic polynomial selected for this test.
However, the multifunctionnetwork requiresonly 2 layers,4 nodes,
and 10 weights to achieve better results than the 4-layer, 10-node,
34-weight single-function/layer network. The convergence rate for
the multifunction network is markedly better as Fig. 7 illustrates.
Of the two architectures, multifunction layer networks have been
consistently found to have higher convergence rates and converge
to lower error levels.

Once the network has been trained to a satisfactory level of con-
vergence,an output binary � le is then created,which contains all of
the trainednetwork information.This binary � le is used by the feed-
forward procedurefor reducingany new pressuredata acquiredwith
the calibratedprobe to the velocity components and the orientation
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Fig. 7 Convergence history for single and multiple activation function architectures.

a) Pitch-angle

b) Yaw-angle

c) Cone-angle

d) Roll-angle

Fig. 8 Neural-network prediction results.
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Fig. 9 Prediction error histograms for pitch, yaw, cone, and roll-angle and velocity magnitude.

angles. This feedforward mode is exceptionallyfast as compared to
similar accuracy local least-squares interpolation techniques11 and
is not dependenton the size of the calibrationdata � le. Typically, the
neural-networkcode can reduce a test data � le that contains100 test
points in just about 5 s, whereas the same test � le may take about
a minute to be processed by the local least-squares interpolation
technique. As mentioned in the Introduction, this increased data
reduction rate of the neural-network algorithm makes it suitable
for applications like air-data systems, where several readings per
second are required.

A miniatureconicalseven-holeprobe,0.063in. (1.6mm) in diam-
eter was calibrated at a freesteam velocityof 70 ft/s (21.3 m/s). The
high-angle sectors were split up as alreadydescribed to enhance the
performance of the networks. Figures 8a–8d show the predictions
for the � ow anglesboth in low-angleand high-anglesectors.Typical
calibration performance results are shown in Fig. 9 in the form of
error histograms.The error is representedalong the horizontalaxis,
while the vertical axis (labeled frequency) represents the number
of points in a speci� c error bin. The error band of a speci� c bin
is indicated by the width of the corresponding vertical bar. From
these histograms the following error statistics can be calculated:
pitch-angle—average absoluteerror D 0.22 deg, standarddeviation
of error D 0.26 deg; yaw-angle—averageabsoluteerror D 0.28 deg,
standard deviation of error D 0.34 deg; cone-angle—average ab-
solute error D 0.15 deg, standard deviation of error D 0.18 deg;
roll-angle—average absolute error D 0.17 deg, standard deviation
of error D 0.21 deg; and velocity magnitude—average absolute er-
ror D 0.35%, standard deviation of error D 0.52%. The higher error
levels in the pitch- and yaw-angle prediction (low-angle sector), as
compared to the error levels in the cone- and roll-angle prediction
(high-angle sectors), are due to the fact that each of the high-angle
sectorswas further split up to several subsectors,and each subsector
was calibrated individually,while no such subdivision was applied
to the low-angle sector.

The uncertainty analysis presented next is based on the tech-
niques discussed in Ref. 22, and the application of the techniques
to the multihole probe problem follows the proceduresdiscussed in
Ref. 23. First, the uncertaintyof the pressuremeasurementhardware
is estimated. The pressure scanner used was calibrated during cali-
bration of the probe, on-line, every hour. A 5-point calibration was

performed, which accounted for transducernonlinearities.The ref-
erence manometer used for calibration had an uncertainty of 0.005
torr for the range of pressures used here (§6 torr). The preceding
combination,along with a one-countA/D conversionuncertaintyof
the 16-bit A/D board, yielded a pressure measurement worst-case
error of 0.015 torr or 0.009 in H2O. Errors in angular positioning
were negligible. The resolution of the cone- and roll-positioning
steppermotors (0.32 and 0.9 deg) should not be confused with their
positioningprecision,which is on the order of arc seconds.Slipping
of the stepper motors could of course compromise the accuracy, es-
pecially because no angular positioning encoders were employed.
However, strongevidence (althoughnot absoluteproof) that no slip-
ping occurred was the fact that at the end of a calibration session
the stepper motors returned the probe, as instructed, to the exact
orientation that it started from at the beginningof the session. If any
slippinghad occurred,it shouldhavehappenedin a fashionsuch that
all slipping occurrences canceled themselves out, which is a very
unlikely event. Bias errors because of probe sting de� ection were
also negligibleat the speeds of calibrationand for the speci� c struc-
tural design of the sting. Uncertainty in the tunnel � ow angularity
will cause a bias error if the probe is tested or used in a different
facility. However, for the calibration test processes followed in this
work, as described in Sec. V, � ow angularitydoes not have an effect
for the following reason. Both calibration and test data were taken
in the same facility and freestream velocity, and the calibration ap-
paratus was designed such that it maintained the probe tip always
at the same location, regardless of probe orientation.

The uncertainty in the evaluation of the pressure coef� cients
Bp ; By; Bc; Br ; At ; As was calculated using their de� nition for-
mulas (1)–(4) and constant-oddscombination22 given by

±C p D
i

@Cp

@pi
±pi

2

.11/

whereC p is any of thepressurecoef� cientsand±pi is theuncertainty
in the measurement of pressure pi . Subsequently, and to see how
the uncertainty in the calculationof the pressure coef� cients propa-
gates through the neural-networktechnique, a jitter approach22 was
followed. The estimates of the ±pi were obtained from a Gaussian



REDINIOTIS AND VIJAYAGOPAL 673

a) Cone-angle error

b) Roll-angle error

c) Velocity-magnitude error

Fig. 10 Error histograms derived from uncertainty analysis.

distribution with zero mean and a standard deviation of 0.005 torr.
This was chosen so that the worst-case error in pressure measure-
ment, i.e., 0.015 torr, correspondsto three standard deviations from
the mean, which in turn corresponds to a 99.5% probability that the
pressure measurement error is smaller or equal to 0.015 torr. The
precedingallowed the estimationof uncertaintyin Bp (or Bc ), By (or
Br ), At , and As for every calibrationand test point throughEq. (11).
The obtained ±Bp (or ±Bc ), ±By (or ±Br ), ±At , and ±As were used
to perturb the original values of these coef� cients for the calibration
points, and the perturbed values were subsequently used as the in-
puts to train the neural networks. Once the networks were trained,
they were used to reduce the test data that were also perturbed in the
manner just explained.The predictionsobtainedin this processwere
compared to those obtained from the unperturbednetworks and test
points, and the standard deviation of the differences between these
two yielded estimates for the overall uncertainty. The results are
listed here: standard deviation in cone-angle errors, 0.24 deg; stan-
dard deviation in roll-angle errors, 0.37 deg; and standarddeviation
in velocity magnitude error, 0.72%.

Figure 10 shows the histograms of these errors. The statistical
properties of these histograms are very similar to the ones obtained
from the actual calibration tests (Fig. 9). As already seen, the error
levels obtained from the actual test are within those predicted from
the uncertainty analysis. The uncertainty analysis presented here
applies strictly to steady-state � ows. The issues of probe calibra-
tion and measurement accuracy in unsteady � ow environments are
addressed elsewhere.3;24

VII. Conclusion
Miniature multihole probes were successfully designed and fab-

ricated with high tip-surfacequality.Five- and seven-holeminiature
probes were fabricatedwith hemispherical, conical, and faceted tip
geometries and tip diameters as low as 0.035 in. A neural-network-
based probe calibration algorithm was developed. The algorithm’s
features include � exibility in network architecture design and net-
work self-optimization capabilities. The introduction of multiple
activation function architectureshad a signi� cantly positive impact
on the network trainingconvergencerates and levels. In the feedfor-
ward mode the algorithm yields computational speeds an order of
magnitude higher than those typically achieved by similar accuracy
interpolation algorithms. Moreover, the small size of the feedfor-
ward code facilitates its formulation into a subroutineand enhances
its ease of interfacing with other software. A miniature seven-hole
probe was calibrated and tested in the wind tunnel. The new al-
gorithm combined with precision probe calibration hardware and
procedures yielded prediction accuracies of 0.28 deg in the angle
predictionand 0.35% in the velocity magnitude prediction.Finally,
an error analysis was performed on the calibration procedures and
algorithmand yieldeduncertaintylevels compatiblewith those pro-
duced by the actual probe test.
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