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Flush Air Data System Calibration Using Numerical Simulation
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The use of computational � uid dynamics simulations for calibrating a � ush air data system is described. In
particular, the � ush air data system of the HYFLEX hypersonic vehicle is used as a case study. The HYFLEX air
data system consists ofninepressure ports located � ushwith thevehicle nosesurface, connected to onboardpressure
transducers. After appropriate processing, surface pressure measurements can be converted into useful air data
parameters. The processing algorithm requires an accurate pressure model, which relates air data parameters to
the measured pressures. In the past, such pressure models have been calibrated using combinations of � ight data,
ground-based experimental results, and numerical simulation. We perform a calibration of the HYFLEX � ush
air data system using computational � uid dynamics simulations exclusively. The simulations are used to build an
empirical pressure model that accurately describes the HYFLEX nose pressure distribution over a range of � ight
conditions. We believe that computational � uid dynamics provides a quick and inexpensive way to calibrate the
air data system and is applicable to a broad range of � ight conditions. When tested with HYFLEX � ight data,
the calibrated system is found to work well. It predicts vehicle angle of attack and angle of sideslip to accuracy
levels that generally satisfy � ight control requirements. Dynamic pressure is predicted to within the resolution of
the onboard inertial measurement unit. We � nd that wind-tunnel experiments and � ight data are not necessary to
accurately calibrate the HYFLEX � ush air data system for hypersonic � ight.

Nomenclature
A = design matrix
b = residual vector
c = polynomial coef� cient
E = residual pressure error, Pa
F = generalized surface pressure model, Pa
f = pressure correction function
g = component of f
i = pressure port label
M = Mach number
n = surface normal vector
P = surface pressure, Pa
p = component of f
q = dynamic pressure, Pa
q = air data state vector
R = pressure ratio
® = angle of attack, deg
¯ = angle of sideslip, deg
° = speci� c heat ratio
µ = local � ow incidence angle, rad
¸ = scale factor
¾ = pressure measurement standard deviation, Pa

Subscripts

a = amplitude
g = gauge
k = polynomial coef� cient index
t = total (stagnation)
0 = standard condition
1 = freestream
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Superscripts

j = iteration number
¤ = best estimate

O = unit vector

Introduction

T HE successfulcontrol of a hypersonicvehicle in � ight requires
knowledge of the vehicle state to suf� cient accuracy. Particu-

larly important are the state data that describe the ambient atmo-
sphere and its interaction with the moving vehicle. These are often
called air data and can be used to evaluate quantities such as the
pressure loading and heat loading on the vehicle. Air data may also
be used to determine the pressure altitude and attitude of the vehi-
cle, assistingthe control system to keep the vehicle trajectorywithin
the desired � ight envelope.Examples of air data parameters include
angle of attack, angle of sideslip, freestreamdynamic pressure, and
freestream static pressure. For � ight experiments, accurate knowl-
edge of these kinds of air data parameters is crucial in the post� ight
reconciliation of � ight measurements with ground-based experi-
ments and computational � uid dynamics (CFD) predictions.1

Thereare severaltypesof instrumentationavailableformeasuring
air data,manyof themreviewed in Ref. 2. Laservelocimetersystems
are reported to have good accuracy but do not work well at high
altitude and are unable to produce a full set of air data information.

Alternatively, information from onboard inertial measurement
units (IMU) can be used to infer air data. IMU gyroscopes and
accelerometers are used to compute estimates of vehicle velocity,
altitude, and attitude with respect to a � xed coordinate system. In
conjunction with an aerodynamic model of the vehicle, the IMU
data can also be used to estimate atmospheric conditions.The IMU
computed air data are prone to a number of error sources; apart
from the effects of IMU instrument drift and inaccuracies in the
vehicle aerodynamic model, the computed air data do not usually
accountfor local wind speed.Supplementingthe IMU computed air
data with positional and meteorological information derived from
satellites can improve their accuracy.

A third method for the determination of air data is a technique
based on � ow� eld pressure measurement. For subsonic and super-
sonic craft, this may be performed with a � ow-intrusive boom in-
strumented with a pitot tube and mechanical vanes.3 However, the
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high-energynature of hypersonic� ow makes an intrusiveboom im-
practical because it would quickly become damaged. Additionally,
an intrusive boom disrupts the � ow pattern around the vehicle and
can lead to � ight instabilitiesfor some craft.4 A remedy to this is the
� ush air data system concept (FADS), which consists of a number
of pressure tappings located � ush with the vehicle surface, usu-
ally near the nose. The measured distribution of the pressure � eld
around the nose is then used to infer the air data. A minimum of four
pressure ports is needed to obtain a complete set of air data param-
eters, although more ports will increase accuracy. Improvements in
accuracy start to diminish when more than nine ports are used.5

For hypersonic � ows, modi� ed Newtonian theory is able to rea-
sonably predict vehicle surface pressures as a function of air data.
Thus, by solving an inverse problem, the theory can be used to
determine the air data in terms of the known surface pressure mea-
surements. The simplicity and robustness of modi� ed Newtonian
theory make it ideal for use in a hypersonic FADS. However, the
accuracyof modi� ed Newtonian theory may not be suf� cient for all
FADS applications.

There are two main approaches in achieving increased accuracy
in air data prediction. The � rst is to apply correction factors to the
air data parameterspredictedby the FADS but retain the underlying
modi� ed Newtonian pressure model. This method has been used
extensivelyin the past.6 The second approach is more fundamental:
A better pressure model is created by applying correction factors
directly to the Newtonian theory. It is this second technique that
will be used to calibrate an entry vehicle FADS in this paper. The
calibration involves � nding sets of correction factors applicable to
different� ightconditionsexperiencedby thevehicle.The correction
factorscompensateforhigh-temperaturegaseffects,boundary-layer
growth, the bow shock wave, and other real � ow phenomena not
modeled by modi� ed Newtonian theory.

For both approaches, the correction factors can be determined
from � ight experiments, ground-based experiments, CFD, or ana-
lytical � ow theory.Undoubtedly,� ight-generatedcorrectionfactors
are the most desirable, but they are unavailable for maiden � ights
and single-use vehicles. Correction factors may be obtained from
ground-basedexperiments,suchaswind-tunneltests,7 but thesemay
not cover the entire � ight envelope or provide suf� cient accuracy
and are subject to the effects of scale.8 Additionally, a large num-
ber of ground-basedexperiments are needed, and performing them
can be time consuming and costly. Using a validated CFD solver to
generate a suite of correction factors is an attractive option due to
its wide range of applicability, low cost, and very high precision.
The accuracy of a CFD solver, though, must be ascertained before
it is relied on.

We will examine a FADS calibration technique that involves the
determination of correction factors using only CFD. The proposed
method involves correcting the underlying pressure model exclu-
sively, rather than correcting the predicted air data. This procedure
will subsequently be applied to generate air data parameters from
FADS pressure data collected by the hypersonic � ight experiment
(HYFLEX) entry vehicle. The air data parameters predicted by the
CFD-calibrated FADS will be compared to IMU results. It will be
shown that this solely numerical calibration procedure provides air
data that are generally accurate enough for hypersonicvehicle con-
trol requirements. Comparison will also be made against air data
parameters predicted by an uncalibrated FADS based on modi� ed
Newtonian theory.

HYFLEX Project
The JapaneseNationalAerospaceLaboratoryand NationalSpace

DevelopmentAgencyundertookthe HYFLEX projectto gatherdata
on entryvehicleaerodynamicsand aerothermodynamics.9 In Febru-
ary 1996, the HYFLEX vehicle successfully performed an aero-
braking maneuver to decelerate and descend to sea level from an
initial height of 110 km and Mach number of 13. A diagram of the
HYFLEX is shown in Fig. 1. The vehicle was approximately 4 m
long, with a nose radius of 0.4 m. Also visible in Fig. 1 are the nine
FADS pressure ports located in a cruciform array on the nosecap,
together with their corresponding labels.

Although the HYFLEX was instrumented with FADS pressure
sensors, they were not employed during the � ight to determine air

Fig. 1 HYFLEX vehicle and nose pressure port layout.

Fig. 2 HYFLEX time–altitude map.

data parameters. Instead, the FADS pressure measurements were
transmitted to surface receivers to be used for post� ight analysis.
During � ight, an IMU was used to compute air data parameters for
control purposes.10

The HYFLEX descent time–altitude map is shown in Fig. 2. At
approximately 120 s after separation, the vehicle enters the contin-
uum � ow � ight regime and is traveling at 3.74 km/s (Mach 11.4).
High-temperaturegas effects in the shock layer, including chemical
nonequilibrium,are strong at this time. By about 170 s after sepa-
ration, the high-temperature effects are weak, and the vehicle has
decelerated to 2.28 km/s (Mach 7.1). At 300 s, the vehicle speed
is 0.90 km/s (Mach 2.9). For the scope of this work, the HYFLEX
FADS will be calibrated for operation over the range of � ight con-
ditions encountered during the period 120–300 s after separation.
In the rare� ed and transitional � ow experienced before 120 s, pres-
sure sensorerror constitutesa signi� cant proportionof the measured
pressures. Pressure measurements made during this time are, thus,
less useful as test data for the comparisonof FADS calibrationtech-
niques.

Air Data Inverse Problem
The surface pressure distributionover the HYFLEX is a function

of a large set of variables, including the entire vehicle geometry.
However, we may approximate the surface pressures at the nose
pressure ports by the following functional relationship:

Pi Fi .Pgt ; P1; ®; ¯I Oni / (1)

where i represents the pressure port and Fi is a function estimating
the surface pressure Pi at this pressure port location. The vector Oni

is the unit normal to the surface at location i , measured in a vehicle
frame of reference.This vector is easily measured before � ight and
can be considered a known quantity. Pgt is the gauge pressure at
the stagnation point on the vehicle surface, equal to the stagnation
pressure Pt minus the freestream static pressure P1 . The vehicle
angle of attack is ®, and the sideslip angle is ¯ . Most other air
data of interest, including freestream dynamic pressure and Mach
number, can be calculated from these four parameters.
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A procedure for solving for the four unknown air data parame-
ters (Pgt ; P1; ®, and ¯/ is now presented. Given that nine pressure
observations are available on the HYFLEX, we may construct the
following system of nine equations:

Pi D Fi P¤
gt ; P¤

1; ®¤; ¯¤I Oni C E¤
i ; i D 1; 2; : : : ; 9 (2)

The quantity Pi is the surface pressure measured by sensor i , and
P¤

gt ; P¤
1; ®¤, and ¯¤ are the unknown air data parameters that best � t

the availableset of pressureobservations.For nine pressure sensors,
there are more equations than unknowns, and solution requires the
inversionof an overconstrainedsystem. In general, it is not possible
to solve the systemexactly,and residualerrors E¤

i will remain.Thus,
some kind of error minimization technique must be employed to
invert the system.The methodof least squares is commonly used for
minimizing error in overdetermined systems,11 and this technique
has also been used before in FADS applications.5

Least squares can be performed quickly and easily on linear
systems. However, for the nonlinear equation set (2), the equa-
tions must � rst be linearized and an iterative technique applied.
Let the j th guess for the best state vector of air data parameters be
q j D [P j

gt P j
1 ® j ¯ j ]T . The guess is then improved iteratively by

applying

q j C 1 D q j C ±q (3)

until q j D q¤. In practice this is attained when estimate j is close to
estimate j C 1.

At each iteration step, the incremental term ±q in Eq. (3) must be
evaluated. Consider a Taylor series expansion of the Fi about state
j and neglect terms higher than � rst order. We may then write

b D A±q (4)

where
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and

b D
E j

1
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¢ ¢ ¢

E j
i
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9
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T

(6)

In Eqs. (5) and (6), A andb are referredto as the designmatrix and
residual vector, respectively. The weighting terms ¾i represent the
standarddeviationin pressuremeasurementuncertaintyfor sensor i .
It is assumed here that all pressure sensors have equal uncertainty.
To � nd ±q, we multiply both sides of Eq. (4) by A¡1:

±q D A¡1b (7)

BecauseA is a nonsquarematrix, its inverseis unde� ned. The matrix
A¡1 is, thus, referred to as the pseudoinverse of A. To solve the
least-squaresproblem for ±q, we now need the pseudoinverseof the
design matrix that minimizes the 2-norm of the residual vector.

There are several techniques available to accomplish this task.
Singular value decomposition (SVD) is one of the most robust and
can be applied to decompose A into the product of a series of com-
ponent matrices that are easily inverted. The technique is described
in many numericalanalysis texts11 and will not be repeatedhere.Al-
thoughSVD is not the fastestway to solve the least-squaresproblem,
it provides useful information about the conditioning of the design
matrix and the relative importance of solution components.

The partial derivativesin Eq. (5) are easily found if Fi is a simple
analytical function.For more complex functions, the derivativesare
evaluated numerically. The numerical approximation to the partial
derivative of Fi with respect to any air data parameter x is

@Fi

@x
j

Fi .x j C 1/ ¡ Fi .x j /

1
(8)

where 1 is a small number, such that 1=x j is a few orders of
magnitude greater than machine precision (for x j 6D 0).

If the measured pressure data contain spikes or irregularities or
a very poor initial guess q1 is made, then the iterations may not
converge. Nonconvergenceis usually manifested in the guesses for
q oscillating about (but not approaching) q¤. If convergence is not
reached within a reasonable number of iterations, a semi-implicit
technique is employed to attempt to regain stability. This technique
involves calculating all of the partial derivatives in A with Eq. (8)
while setting 1 to the correspondingvalue of the air data parameter
in the most recently computed ±q. Equation (7) is then used to � nd
a better ±q. New derivatives for A are recalculated using the new
±q as values of 1 in Eq. (8), and the procedure is repeated several
times. Once the optimum valueof ±q is � nally found,it is substituted
into Eq. (3) to update the state vector estimate. The semi-implicit
technique then remains in use until convergence is obtained.

Once the best air data state vector q¤ is determined, the known
air data parameters are used to compute other air data of interest.
The freestream dynamic pressure q1 is determined by solving the
Rayleigh–Pitot equation. This equation describes the process of a
thermallyperfectgas passingthrougha normal shock and then isen-
tropicallyslowing until stationary. It relates the freestreamdynamic
and static pressures to the postshock gauge stagnation pressure by

1 C
Pgt

P1
D .° C 1/.q1=P1/

°

° =.° ¡1/

£ ° C 1

4.q1=P1/ ¡ .° ¡ 1/

1=.° ¡1/

(9)

Real air, when processed througha strong shockand stagnated,does
notkeep constant° and is not accuratelydescribedby the Rayleigh–

Pitot equation. Allowances for this are described in a later section,
when CFD-determined correction factors are used to remove this
error source.

Mach number, if required, is easily calculated from the estimates
of freestream static and dynamic pressure:

M1 D 2q1=° P1 (10)

Surface Pressure Models
In the describedair data system algorithm, the most critical factor

affecting accuracy is the surface pressure model. If the assumed
relationshipbetween air data parameters and surface pressure is not
correct, then the air data estimates will be poor.

Newtonian theory is a simple and reasonably accurate surface
pressure model. The theory assumes that the freestream � ow di-
rectly impacts onto the vehicle surface, transfers all momentum
in the surface-normal direction to the body, and retains tangential
momentum. The normal momentum � ux is, thus, representativeof
the surface pressure, according to the theory. Most of the error in
Newtonian theory arises because it is a panel method: It does not
model interactionswithin the � ow. Also, the theorydoesnot account
for boundary-layerdevelopment,shock waves, or high-temperature
gas effects. Best results are obtained for hypervelocity� ows, when
the shock shape closely follows the body shape and the standoffdis-
tance is small; otherwise, � ow interactions within the shock layer
may invalidate the Newtonian assumptions.Newtonian theory does
not usually predict the correct stagnation pressure and can be im-
proved by introducing a scaling term to rectify the problem. This is
called modi� ed Newtonian theory and is written as

Fi D Pgt cos2 µ C P1 (11)
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where

cos µ D
¡cos® cos¯

sin ¯

¡sin ® cos¯

¢ Oni (12)

The intermediate variable µ denotes the angle between the local
(outward-facing) surface normal and the freestream � ow.

The actual pressure distribution around the HYFLEX nose does
not follow the Newtonian cosine-squared law. We introduce a cor-
rection factor function f into Eq. (11) to further improve its accu-
racy:

Fi D Pgt [cos2 µ C f .µ; R; ®; i/] C P1 (13)

where

R D
P1

Pgt C P1
(14)

The correction function is introduced as an additive (rather than
multiplicative) term, so that the accuracy of the formulation is not
degraded when cos µ approaches zero. The functional dependence
of f on µ re� ects that the correction factor varies with � ow in-
cidence angle. Likewise, nonuniformity in some of the HYFLEX
nose geometry necessitates the dependence of f on the pressure
port identi� cation number i and angle of attack ®. The variable R
is used to give the correction function an indication of the severity
of high-temperaturegas effects and the nature of the � ow� eld. The
variable is conveniently expressed in terms of already available air
data parameters through Eq. (14). In the hypersonic limit, it can be
deduced that R roughly scales with M¡2

1 . Because stagnation en-
thalpy is approximately proportional to M2

1 , it can be concluded
that R is roughly inversely proportional to the total temperature in
the shock layer.

The valueof the pressurecorrectionfunction f for a particularset
of arguments .µ; R; ®; i/, can be found by evaluatingthe difference
between the modi� ed Newtonian pressure prediction and the pres-
sure determined from another, more accurate, source. By repeating
this procedure over a large argument domain, the complete cor-
rection function will eventually be described. Here, the correction
function will be developed by comparing the modi� ed Newtonian
theory with a number of CFD simulations. It is emphasized that
no ground-based experiment data or � ight pressure data are used
to augment the pressure correctionmodel. Accordingly, hereinafter
Eq. (13) will be referred to as a CFD pressure model.

To determine the form of f over a large enough domain, a CFD
code was used to compute the HYFLEX nose pressures for a range
of different � ight conditions that occurred on the actual trajectory.
Figure 2 shows the seven points on the � ight trajectory that were
simulated. Thus, we know that seven � ight conditions are guaran-
teed to be in the domain of f . The question then arises: Is it valid
for pressure data, recorded during the � ight, to be used as input
to test a FADS algorithm that is based on a CFD pressure model
that was calibrated for that same � ight’s trajectory? It is an im-
portant question, inasmuch as fair evaluation of the CFD pressure
model in the results section depends on it. The validity of the on-
trajectory calibrationcan be justi� ed with two arguments. First, the
actual � ight trajectory was so close to the planned trajectory9 that
no real a posteriori accuracy advantage is gained by calibrating on
� ight trajectory conditions. Second, it will later be demonstrated
that the CFD pressurecorrection function producesaccurate results
for sample � ight conditions that are signi� cantly off trajectory.The
calibration was performed on the � ight trajectory simply to allow
convenientcomparisonof CFD and � ight measured pressure results
without the need for further simulations.

CFD Simulations
The SF3D CFD code was used to numericallysimulate � ow over

the HYFLEX vehicle forebody.SF3D is a three-dimensionalexten-
sion of SF2D, a hybrid shock � tting and capturing code developed
by Johnston and Jacobs.12 The code employs a three-dimensional
� nite volume space discretization to solve the integral form of the

Navier–Stokes equations over the � ow domain. Although SF3D is
time accurate, it is assumed (for simplicity) that the � ow around
the HYFLEX is instantaneously steady at all points in � ight. The
assumption is reasonable because only small changes in � ow con-
ditions occur over the time required for full development of the
� ow� eld. For example, at 120 s after � ight commencement, the
freestreamvelocity changes by only 0.1 m/s (0.003%) in the equiv-
alent of four body lengths of � ow time. Importantly, the assumption
allows the generation of CFD � ow solutions at any point on the
trajectory, independentof previous � ight conditions.Simulations of
steady-state � ow are obtained by marching solutions through time,
from an initial condition, until the solution converges. Nominally
second-order time accuracy is achieved with Runge–Kutta integra-
tion.

A modi� ed van Albada limiter is combined with MUSCL re-
construction to obtain nominally second-order spatial accuracy.13

For the HYFLEX simulations, some � nite volume cells are quite
abruptly clustered close to the vehicle surface to allow the bound-
ary layer to be adequatelycaptured.Both the reconstructionscheme
and limiter are able to accountfor this nonuniformcell spacing, thus
reducing the detrimental impact of cell clustering on solution qual-
ity. A shock � tting technique is used to accurately resolve the bow
shock shape and location. Shock � tting also ensures that the com-
putationalgrid is fully utilized,by keepingall cells within the shock
layer and avoiding shock smearing. The hybrid advection upwind
splitting method14 (AUSMDV), combining � ux differencing and
vector splitting, is used to calculate the � uxes of conserved quanti-
tiesbetween the � nite volumecells at each time step.The AUSMDV
is fairly robust and accurate and at the same time computationally
cheap in comparison with other � ux calculators (such as Riemann
solvers).

The simulated air� ow is assumed to be composed of � ve constit-
uent species: N, N2, O, O2, and NO. Nonequilibriumeffects within
the system are modeled with 17 � nite-rate chemical reactions.8 For
the HYFLEX trajectory, the computed air temperature in the shock
layer rarely exceeds 5500 K, and so the effects of ionization are
ignored. The vehicle surface is assumed to be noncatalytic,nonslip,
and isothermal.The surface temperature is set to 1200 K, which is a
typical value for entry vehicles. Test simulations showed, however,
that the surface temperaturehas a negligibleeffect on computedsur-
face pressures.The air viscosity is calculatedusing Wilke’s law and
the Herning–Zipperer approximationfor gasmixtures,with the indi-
vidual species viscosities obtained from curve � ts.15 No turbulence
model is used because boundary-layer transition is expected to oc-
cur well aft of the pressure port locations.The maximum Reynolds
number encountered in the HYFLEX computational domain cor-
responds to one-quarter of the smallest Reynolds number at which
transition is observed on the Space Shuttle Orbiter.16

Because the aim of the CFD simulations is air data system cali-
bration, only the parts of the � ow that affect the nose pressure ports
needbe modeled;unnecessarilysimulatingthe entirevehiclewastes
computer resources and slows computation. Figure 3 shows an ex-
ample gridded � ow domain used for a HYFLEX simulation. Grids
typically contained46 cells in the longitudinaldirection,45 cells in
the transverse direction, and 15–25 cells in the body-normal direc-
tion. At hypersonic � ight conditions, the grid covers all of the areas
of subsonic � ow around the nose and undersurface of the vehicle.
Also, the advection Mach number on all of the grid out� ow planes
were large enough to prevent the out� ow boundary characteristics
affecting the � ow around the pressure ports. The internal grid cells
were constructedso that all of the nose pressure ports coincidewith
the center of a � nite volume cell face. For low-supersonicand tran-
sonic � ight regimes, the subsoniczone expands to encompassmuch
of the vehicle, and the grid in Fig. 3 is no longer useful. However,
we are concernedonly with � ows faster than about Mach 2.9, where
the subsonic zone remains relatively small.

An example CFD result is presented in Fig. 4. Contours of pres-
sure and pressure correction factor f are drawn on the vehicle sur-
face. Pressure port locationsare indicated by dots. For these results,
the vehicle was simulated as traveling at 3.7 km/s at an altitude of
48 km, with a 32-degangleof attackand no sideslip.Examinationof
Fig. 4 reveals that the correction factor contours are axisymmetric
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Fig. 3 Exploded view of the surface of the HYFLEX forebody and the
gridded � ow domain (shown without cell clustering, for clarity).

a) Pressure

b) Pressure correction factor

Fig. 4 Contour plots of CFD results over the HYFLEX nose and un-
derside. (Filled circles mark the locations of pressure ports.)

(about the stagnation point) over much of the nose. The axisym-
metry is to be expected because the nose cap is mostly spherical.
The upper pressure port (ps3), though, is located on a region of
the nose where the radius of curvature decreases. This decrease in
nose radiuscauses an increasedrate of � ow expansion,and the CFD
result is observed to quickly depart from the modi� ed Newtonian
approximation. Pressure port ps2 is also affected by the change in
nose radius, but to a lesser extent.

The axisymmetryof the correctionfactor contoursabout the stag-
nation point may be exploited in several ways. First, the axisymme-
try indicatesthat f shouldbedependenton only one spatialvariable,

describing position on the nose relative to the center of symmetry.
On the spherical parts of the nose, the � ow incidence angle is also
a measure of angular separation from the stagnation point and is
an ideal choice for this variable. Second, the axisymmetry allows
f to be built using fewer and simpler simulations than would be
required for an asymmetric body. This is because the � ow around a
sphere (of radius equal to that of the HYFLEX nose) is analogous
to the � ow around the HYFLEX nose itself. In terms of computa-
tional requirements,the simulationof a sphere is considerablyfaster
and easier than the simulation of the HYFLEX forebody. Results
from CFD tests showed that the correction factor distribution on
the sphere matched the distribution on the spherical parts of the
HYFLEX nosecap. Thus, with the exception of ps2 and ps3, just
one sphere � ow� eld is required to determine the complete form of
f for a given � ight condition. In total, the � ow over a sphere was
simulated at seven different R values, corresponding to the seven
� ight conditions shown in Fig. 2. These simulations were used to
de� ne the core of function f .

A different strategy was used to modify f to make allowance for
the two pressure ports affected by the nonuniformity in nose cap
curvature. Simulations of the HYFLEX were performed at various
angles of attack and � ight conditions, and the correction factors at
pressure port locations ps2 and ps3 were recorded. The correction
function was then amended by evaluating the difference between
these values and the correction factors at equivalent incidence an-
gles on a sphere. Overall, only about 20 simulations were used to
construct f . By comparison, recent calibrations of neural-network
air data systems17 with ground-basedexperimental results have re-
quired well over an order of magnitude more data. The 20 CFD
simulations took the equivalent of 60 days of computation on a
single MIPS R10000 processor running at 195 MHz. In practice,
multiple processorswere used to reduce the actual time required to
perform all of the simulations.

The SF3D computed correction factors are fairly small, with
magnitudes typically not exceeding 0.04. As a consequence, the
correction factors are especially prone to error introduced by the
discretization of the � ow domain. Thus, for the correction factors
to be reliable, the CFD solver must be signi� cantly more accu-
rate than 4%. A grid convergence analysis was performed to test
for numerical accuracy and is described in Ref. 8. Results showed
that the average error in computed pressure (over the parts of the
� ow domain containing the pressure ports) was equal to 0.08% of
the postshock stagnationpressure. This accuracy is good enough to
render the correction factors valid.

CFD-Calibrated Surface Pressure Model
It is convenient to express the pressure correction function in

terms of several component functions:

f D fa.R/p.¸.R/; µ/ C ft .R/ ¡ g.R; ®; i/ (15)

The core of Eq. (15) is the polynomial p. It is given by

p D
4

k D 1

ck [¸.R/µ ]2k ; jµ j · 1:2 rad (16)

with the constants c1 D ¡4:7, c2 D 6:82, c3 D ¡3:02, and c4 D 0:45
derived from CFD results. The polynomial describes the variation
of the correction factor with � ow incidenceangle. Because the � ow
around the spherical part of the HYFLEX nose is axisymmetric,
p is thus necessarily symmetric about the stagnation point (µ D 0).
Hence, p contains only even powers of µ .

A striking feature of Eq. (16) is that the curve � t coef� cients ck

are constants. That is, the underlying shape of the correction func-
tion does not depend on � ight conditions.Flight conditionsare only
needed to dictate the scaling and ordinatepositionof the basic poly-
nomial p. The sensitivity to � ight conditions is introduced with a
single variable R [de� ned in Eq. (14)], which is a measure of prox-
imity to the hypersonic limit and the strength of high-temperature
effects. This variable is used as an argument to the function ¸.R/,
which is used to scale p with respect to µ . In a similar manner, fa.R/
is used to set the amplitude of the polynomial p, according to the



JOHNSTON, JACOBS, AND SHIMODA 817

Table 1 Values of various functions with respect to R

R ft fa ¸

g.R; ®0; 2/

g.R0; ®0; 2/

g.R; ®0; 3/

g.R0; ®0; 3/

0.0059 0.0270 0.0578 0.9278 0.7993 0.8295
0.0108 0.0157 0.0495 0.9815 1.0000 1.0000
0.0172 0.0123 0.0450 1.0010 1.2172 1.4454
0.0262 0.0094 0.0407 1.0205 1.4695 2.0202
0.0386 0.0067 0.0366 1.0337 1.7992 2.5477
0.0570 0.0038 0.0324 1.0415 2.3999 3.2533
0.0857 0.0018 0.0282 1.0292 3.2730 4.0409

Fig. 5 Various functions against R.

� ight conditions.Thus, fa.R/ can be thought of as a measure of the
variation in f over the body. Table 1 and Fig. 5 show the values of
these functions at various R, as derived from CFD simulations.

The function ft .R/ is used provide an ordinate offset, so that the
correct value of f is obtainedat the stagnationpoint (µ D 0). A � rst
examinationof the CFD pressure model [Eq. (13)] indicates that ft

should be set to zero for all values of R. However, due to the inac-
curacy of the Rayleigh–Pitot equation [Eq. (9)], this is not the case.
The function ft .R/ is used to cause the air data inversion algorithm
to compute an adjusted value of Pgt , which, when substituted into
the Rayleigh–Pitot equation, will produce the correct value of the
air data parameter q1. In a physical sense, ft .R/ may be thought
of as the relative error in calculatinggauge stagnationpressurewith
the Rayleigh–Pitot equation, as compared with a CFD calculation.
Table 1 and Fig. 5 show the computedvaluesof ft .R/ for various R.

The last term in Eq. (15) is used to account for the nonuniformity
in the HYFLEX nose radius. It takes the form

g D
g.R; ®0; i/

g.R0; ®0; i/
g.R0; ®; i/ for i D 2; 3; ¯ ¼ 0

0 otherwise

(17)

For the pressure ports unaffected by the change in nose radius,
the term vanishes. For pressure ports 2 and 3 though, the value of
g.R; ®; i/ is determinedusinga systemof two lookuptables.Table 1
shows how g varies with R at a constantvalue of ® (®0 D 32:7 deg).
In a like manner, Table 2 shows how g varies with angle of attack ®
at a constant value of R .R0 D 0:0108/. Using spline � ts, Tables 1
and2 are interpolatedand the resultscombinedaccordingto Eq. (17)
to � nd g.R; ®; i/. This procedure relies on the assumption that the
behavior of g, with respect to ®, scales with R. By making the as-
sumption, it is possible to calibrate g without needing CFD results
at all angles of attack at all values of R. Thus, computationaleffort
is signi� cantly reduced. Equation (17) also requires that the vehi-
cle angle of sideslip is small because Table 2 was calculated with
¯ D 0. This requirement is satis� ed for the hypersonic part of the
HYFLEX trajectory because ¯ never exceeds 1 deg.

Examples of the pressure correction function at two different
� ight conditions are now presented. In both examples, g is ig-
nored. The � rst set of conditions corresponds to 120 s after � ight
commencement, where the vehicle velocity is 3.7 km/s and the
freestream static pressure is 97.7 Pa. For these conditions, Fig. 6

Table 2 Values of g with respect to angle of attack

®, deg: 20 30 32.7 40 50

g.R0; ®; 2/ £ 103 11.95 6.82 4.73 1.33 1.06
g.R0; ®; 3/ £ 103 16.21 8.75 4.17 ¡2.70 ¡5.04

Fig. 6 Pressure correction factors for R = 0.0059.

Fig. 7 Pressure correction factors for R = 0.0130.

shows the pressure correction factors calculatedby CFD at discrete
values of µ . Because these CFD results were already used in the
calibration of f , we consequently see very good agreement with
Eq. (15). A second set of conditions is now chosen, with a vehi-
cle velocity of 2.5 km/s and freestream static pressure of 97.7 Pa.
These conditions are signi� cantly off the HYFLEX � ight trajec-
tory, and the pressure correction function has not been calibrated at
this condition. Figure 7 shows that very good agreement between
CFD results and the pressure correction function is still achieved at
off-trajectoryconditions.

Results and Discussion
We now test and compare the performanceof the CFD-calibrated

FADS algorithm with that of a FADS algorithm based on the mod-
i� ed Newtonian theory pressure model. The comparison is con-
ducted over the hypersonic part of the HYFLEX trajectory, using
the HYFLEX pressure measurements recorded in � ight as input.

Figure 8 shows the FADS predictions and IMU measurement of
vehicle angle of attack. The CFD–FADS prediction is observed to
agree closely with the IMU result, whereas the Newtonian–FADS
result deviates considerably from the IMU signal. A plot showing
the differencebetween the FADS predictionsand IMU result is pre-
sented in Fig. 9. The HYFLEX handbook18 reports that the accuracy
of the IMU measurement is §0.65 deg at the point of maximum dy-
namic pressure (140 s after � ight commencement), decreasing to
§0.45 deg at Mach 3 (about 300 s after � ight commencement).
These quoted accuracies represent a variation of §3 standard devi-
ations. Thus, with the exception of a single data spike, the CFD–

FADS result is completely contained within the quoted error band,
whereas the Newtonian–FADS result lies mostly outside the band.
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Fig. 8 Comparison of angle-of-attack predictions made by the IMU
and the FADS using the CFD pressure model (C), and the modi� ed
Newtonian pressure model (N); results are shown at a 10-Hz frequency.

Fig. 9 Difference between the angle of attack predicted by the FADS
and the IMU.

The CFD–FADS estimates of ® vary from the IMU with an av-
erage bias of C0.05 deg and standard deviation of 0.13 deg. The
Newtonian–FADS shows an averagebias of C0.51 deg and standard
deviationof 0.39 deg. For a generic,broad-envelope,hypersonicve-
hicle, accuraciesof 0.5 deg in angleof attackare typicallyrequired.2

The results show that this kind of accuracy can be achieved with a
CFD-calibrated FADS.

The accurate CFD–FADS prediction of ® is strongly dependent
on the g.R; ®; i/ term in the pressurecorrectionfunction [Eq. (15)].
As already described, g is used to account for the nonuniformity
in nose radius near pressure ports 2 and 3. Without the inclusion
of this term, it was found that the CFD–FADS estimates of ® were
of an accuracy similar to the Newtonian–FADS results. Thus, it
appears that the inability of modi� ed Newtonian theory to properly
model ps2 and ps3 is responsible for its degraded performance in
the prediction of ®.

Figure 10 compares the angle of sideslip estimates made by the
FADS and the IMU. The estimates made by the CFD–FADS and
Newtonian–FADS algorithms are close to identical. Relative to the
IMU results, the CFD–FADS has an averagebias in ¯ of ¡0.34 deg
and a 0.17-deg standard deviation. The Newtonian–FADS has an
average bias of ¡0.3 deg and a standard deviation of 0.16 deg.
The IMU has a §3¾ uncertainty in ¯ of §0.41 deg at 140 s and
§0.6 deg at 300 s (Ref. 18). For the control of a hypersonicvehicle,
¯ is typically required to an accuracyof 0.5 deg (Ref. 2). For both of
the FADS results, accuracy is better than 0.5 deg for the most part.

Figure 11 shows the FADS and IMU predictions of freestream
dynamic pressure. Differences between the sets of data are more
clearly seen in Fig. 12, which shows the FADS predictions rela-
tive to the IMU. The §3¾ uncertainty in the IMU estimated q1
is at least §360 Pa at 140 s and §120 Pa at 300 s (Ref. 18). The
CFD–FADS q1 estimates straddle the edge of the IMU error band
and have an average bias of C130 Pa with a 200-Pa standard devi-
ation. The Newtonian–FADS estimates are well outside the quoted

Fig. 10 Comparison of angle-of-sideslip predictions made by the IMU
and the FADS.

Fig. 11 Dynamic pressure predicted by the IMU compared with the
predictions made by the FADS.

Fig. 12 Difference between the dynamicpressure predictions made by
the FADS and the IMU.

band and have an averagebias of C500 Pa and standarddeviationof
410 Pa with respect to the IMU data. Typically, a hypersonicvehicle
requires dynamic pressure to within §1% accuracy.2 This require-
ment is not met by the Newtonian–FADS. Because the resolution
of the IMU roughly corresponds to §2.5% of q1, it is not possible
to say whether this goal was reached by the CFD–FADS.

The wind-tunnel calibration of the Shuttle entry air data system
(SEADS) is described in Ref. 7. The paper includes an accuracy
analysis of the SEADS for a Shuttle entry over the range from
Mach 0.5 to Mach 26. The air data accuracies are presented as
averagevalues over 100-s time intervals.Over the range from Mach
2.8 to Mach 11.9, which corresponds to the HYFLEX � ight speeds
considered in this paper, the maximum averaged error in SEADS
® and ¯ estimates are reported to be 0.69 and 0.33 deg, respec-
tively. The maximum averaged error in SEADS stagnationpressure
is 540 Pa. (The absolute stagnation pressure corresponding to this
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Fig. 13 Freestream static pressure estimated by the FADS com-
pared with the atmospheric pressure determined from meteorological
data (M).

error is not stated in Ref. 7.) The results from the wind-tunnel cal-
ibrated SEADS are, thus, of comparable accuracy to those of the
CFD-calibrated HYFLEX FADS.

The � nal air data parameter to be investigated is the freestream
static pressure P1 . Figure 13 shows the FADS predictions of P1,
alongwith a valuebasedon theHYFLEX trajectoryandmeteorolog-
ical data. The CFD–FADS estimate is observed to be poor, whereas
the Newtonian–FADS estimate is much worse. After examination
of Eq. (13) [or Eq. (11)], the cause of the bad P1 estimates becomes
apparent. At hypersonic � ight conditions, the P1 term is dwarfed
by Pgt . Because of the disparity in relative magnitudes, it is very
dif� cult to accurately resolve both quantities simultaneously.Small
amounts of error or noise in the surface pressure measurements
further compound the problem. Examples of this kind of error in-
clude the pneumatic lag in the tubing connecting pressure ports
to sensors, pressure port angular misalignment resulting from the
deformation of the nose cap at high temperature, and sensor error
itself.

The error in predicting P1 consequently causes error in R
[Eq. (14)]. Because R is used to determine many of the parameters
in the CFD pressure correction model, the CFD–FADS prediction
of other air data parameters (besides P1 ) might thus be expected to
suffer. Contrarily, Figs. 8–12 show that the CFD–FADS results are
quite good. Good results are still obtainedbecause the core curve-� t
coef� cients in the CFD pressuremodel [ck in Eq. (16)] are indepen-
dent of R.

By using satellite positioning and meteorological data, it is pos-
sible to make a reasonably accurate estimate of P1 . If these data
are available onboard the vehicle, they can be used as a supplement
to help improve the accuracy of the FADS air data estimates. To
investigate this technique, the FADS algorithm was tested with P1
constrained to meteorologicalestimates.All of the results shown in
Figs. 8–10 did not change appreciably. However, the Newtonian–

FADS predictionof q1 did show signi� cant improvement. By con-
straining P1, the quality of the pressure model � t becomes less im-
portant in determining the magnitude of Pgt and, consequently,q1.

The size of the pressure residuals [E¤
i in Eq. (2)] is a useful

indicator of how well the pressure models � t the measured data. A
residual of zero implies a perfect � t. Shown in Fig. 14 are the root
mean square pressure residuals for the nine nose pressure sensors,
expressed as a percentageof freestreamdynamic pressure.For both
pressuremodels,erraticresultsareobservedearlyin the � ight,where
the air density is low, the vehicle has greatest speed, and high-
temperaturegaseffectsare strong.Thus, it may beconcludedthat the
pressure measurements, the pressure models, or both lose accuracy
at the more extreme � ight conditions. Later in the � ight, the CFD
pressure model displays a residual consistently smaller than the
modi� ed Newtonian pressure model.

Algorithm Convergence and Stability
Figure15 shows thenumberof iterationsrequiredforconvergence

of the air data inversionalgorithm.All air data parametersfromstate
estimate j C 1 must differ by less than 0.001% (or 1 £ 10¡4 deg)

Fig. 14 RMS pressure residual for the FADS algorithm, expressed as
a percentage of freestream dynamic pressure.

Fig. 15 Number of iterations required for convergence of the FADS
algorithm using different pressure models.

from estimate j before convergence is obtained [see Eq. (3)]. The
Newtonian–FADS takes about three iterationsto reachconvergence,
whereas the CFD–FADS requires at least an extra two iterations.To
understand why, consider the � rst-order Taylor series expansion in
Eq. (5). By using this expansion, we are assuming that the pres-
sure model behaves linearly about a particular air data state. The
CFD pressuremodel, being more complex (and farther from linear)
than the modi� ed Newtonian model, is adversely affected by the
linearization to a greater extent. Thus, the absence of high-order
terms in Eq. (5) means that the inversion algorithm requires extra
iterations to achieve convergence when the CFD pressure model
is used. The overall speed of the CFD–FADS running on a MIPS
R10000 195-MHz processor was 370 Hz. The correspondingspeed
for the Newtonian–FADS algorithm was 1270 Hz. Both speeds are
in excess of 50 Hz, which is the typical in-� ight requirement for a
hypersonicvehicle air data system.2

The singular values of the design matrix A provide a convenient
way to check the stabilityof the air data solutiontechnique.Singular
values of zero indicate that column degeneraciesexist in A and that
there are linear combinations of air data parameters that are ill de-
termined by Eq. (4). To obtain meaningfuland stable solutions from
the air data system algorithm, it is important that all singular values
remain signi� cantly larger than machine precision. The condition
number of A is also a useful indicator of solution stability and is
de� ned as the ratio of its largest and smallest singularvalues. A low
condition number is desirable, and a condition number of in� nity
implies that the matrix is singular. Using the modi� ed Newtonian
pressure model, the worst (largest) design matrix condition number
encountered was 1:24 £ 105 , whereas the worst (smallest) singular
value was 0.49. For the CFD-calibrated pressure model, the worst
condition number and singular value were 7:23 £ 104 and 0.53, re-
spectively.Thus, the CFD-calibrated pressuremodel poses a better-
conditioned air data inversion problem. Additionally, the condition
numbers and singularvalues of A lie well within machine precision
for both pressure models.



820 JOHNSTON, JACOBS, AND SHIMODA

In testing, the FADS algorithmproved to be robust and converged
for all of the sets of pressure data for both pressure models. This
is despite a number of data spikes being present in the input data.
The effect of these input spikes on air data predictionis clearly seen
in the displayed results. Previous investigators have encountered
instability problems when the edge of the bow sonic zone nears or
crosses pressure port locations.4 For the HYFLEX � ight, the sonic
line crosses the outer transverse pressure ports (ps7 and ps9) at
about 270 s after � ight commencement. No perturbationsin results
or algorithm stability problems are observed at this time.

Conclusions
A technique for calibrating the HYFLEX vehicle FADS was de-

scribed. The calibration involved using CFD simulation to provide
the FADS algorithm with an accurate pressure model. No experi-
mental or � ight pressure data were used to augment the CFD pres-
sure model. Using the pressure data recorded during the HYFLEX
� ight, we compared air data predictions from the calibrated FADS
to those obtained from a FADS based on the modi� ed Newtonian
pressure model. The main � ndings were as follows:

1)The CFD-calibratedFADS predictedthevehicleangleof attack
and angle of sideslip to approximately the accuracy required for
control of a broad-envelope,hypersonicvehicle. Dynamic pressure
was predicted to an accuracy better than or equal to that of the
onboard IMU.

2) The modi� ed Newtonian–FADS estimates of angle of attack
and dynamic pressure did not meet the accuracy required for vehi-
cle control. The modi� ed Newtonian–FADS angle-of-sideslipesti-
mates were close to those made by the CFD-calibrated FADS.

3) Both theuncalibratedand calibratedFADS gavepoor estimates
of the freestream static pressure.

4) The experimental calibrationof air data system pressure mod-
els is not mandatory.Numerical results alone were suf� cient to gen-
erate a good pressure model for the HYFLEX FADS in hypersonic
� ight.

5) The numerical calibrationprocedureproducedresults of accu-
racy comparableto that obtainedby proceduresthat use wind-tunnel
data, such as in the SEADS calibration.

6) The nonuniformity in radius of the HYFLEX nose made the
CFD–FADS calibrationmore dif� cult. Also, the nonuniformitywas
the predominant cause of error in the angle-of-attack predictions
made by the uncalibratedFADS. In the future, it would be bene� cial
to position all pressure ports on a symmetric region of the nose.
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