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In this paper, an advanced air data systemarchitecture based on the concept of virtual air data is proposed.Virtual

air data are virtual measurements based on the combination of inertial measurements with weather forecast data

coming from ameteorological model. This model can be considered as a virtual sensor that provides information on

wind velocities, air temperature, and air pressure. The combination of inertial measurements with weather forecast

data has been carried out using a sensor fusion algorithm (specifically, an extended Kalman filter) allowing the

estimation of the true-air-speed components. This kind of air data system architecture allows most of the typical

limitations of conventional air data probes to be overcome and does not require any specific experimental or

computational fluid dynamics calibration campaign or any thermal protection system when dealing with reentry

applications. Its effectiveness has been demonstrated with two practical applications, the first based on the postflight

analysis of the first Dropped Transonic Flight Test mission (carried out by the Italian Aerospace Research Center)

and the second based on a simulated case of the second Dropped Transonic Flight Test planned for the next years.

Nomenclature

CADB
Fa

= aerodynamic force coefficients in stability
axes

Fa = aerodynamic force acting on the vehicle, N
f = system transition function
gWGS84 = acceleration of gravity according to the

WGS84 model, m=s2

H = measured altitude, m
H�e

, H�n
= autocorrelation lengths of low-frequency

wind prediction error, m
h = system output function
L�u, L�v, L�w = turbulence scale lengths, ft
M = Mach number
Mb2n = measured body to north–east–down rotation

matrix
Ms2b = stability to body rotation matrix
m = vehicle mass, kg
ng

body
= measured body accelerations, m=s2

ps = static pressure, Pa
Q
k
, Q0 = process noise covariance matrices

R = specific gas constant of air (287:05 J=kg=K)
Re = Reynolds number
Rk, R

0 = measurement noise covariance matrices
R�e , R�n = autocorrelations of low-frequency wind

prediction error
Sref = reference surface, m2

TAS = true air speed, m=s
Ts = static temperature, K
u, v, w = body true-air-speed components, m=s
VNED = inertial velocity vector, m=s
v, w = white Gaussian noise vectors

WNE = horizontal wind velocity vector, m=s
x = state vector, output vector
z = measurement vector
� = angle of attack, deg
� = sideslip angle, deg
� = specific heats ratio of air, 1.4
� = turbulence velocity vector, m=s
� = European Centre for Medium Range

Weather Forecast wind prediction error, m=s
�elev = measured elevon deflections, deg
�rud = measured rudder deflections, deg
��e , ��n = rms intensities of the low-frequency wind

prediction error, m=s
��u, ��v, ��w = turbulence rms intensities, m=s
��e , ��n = autocorrelation time constants of the low-

frequency wind prediction error, s
��u, ��v, ��w = turbulence power density spectra (function

of the temporal frequency), m2=s
��u, ��v, ��w = power density spectra of the turbulence

model (function of the spatial frequency),
m3=s2

��e , ��n = power density spectra of the low-frequency
wind prediction error, m2=s

’, #,  = Euler angles, rad
� = spatial frequency, m�1

! = temporal frequency, s�1

!body = measured body angular rates, deg =s

Subscripts

b = body frame
n = north–east–down frame
stab = stability frame

Superscripts

l = left
meas = measured
r = right

I. Introduction

A IR data systems (ADS) consist of a set of aerodynamic and
thermodynamic sensors and associated electronics that are used

to obtain measurements of the asymptotic airflow and to determine
flight parameters often required for guidance, navigation, and control
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(GN&C) purposes [1]. All of the air data parameters that are relevant
toflight performance are derivedby sensing static and total pressures,
total temperature, and aerodynamic flow angles (angle of attack and
sideslip angle). These measurements are then processed to obtain
some other useful air data (true air speed, Mach number, barometric
altitude, etc.) using mathematical relationships of the gas dynamics
(usually the laws of the isentropic flow) and using a prefixed
atmospheric model (US62, for example). These formulas are
implemented in a dedicated computation unit named the air data
computer (ADC). In a reentry mission, these data become partic-
ularly important, especially in the last phases of flight [terminal area
energy management (TAEM) and approach and landing] when the
Mach number becomes relatively low. In fact, in this regime, the
inertial velocity is comparable with the wind velocity, and the exclu-
sive use of inertial platform measurements may lead to excessive
approximations when determining air data quantities.

Conventional ADS are based on raw measurements of static and
total pressures and of local flow angles using, respectively, static
ports, pitot tubes, and angle-of-attack and sideslip vanes. These kinds
of probes (except for the static pressure port) are said to be intrusive,
because they disturb the local airflow. These disturbances, together
with the disturbances introduced by the vehicle, generate measure-
ment errors that can be compensated only through an extensive
calibration campaign via computational fluid dynamics (CFD)
calculations, wind-tunnel tests, and flight experimentation. More-
over, traditional air data booms are sensitive to vibrations and
alignment errors and are easily damaged in flight or on the ground.

When performing space reentry missions or, more generally,
hypersonic flights, conventional ADS probes are inadequate, pri-
marily because of the high temperatures that the vehicle experi-
ences. Indeed, sharp edges and small radii of curvature of pitot tubes
and wind vanes make these sensors inherently unsuitable for the
harsh thermal environment of a reentry flight [2]. In addition, shock
wave formation significantly changes the pressure and the velocity of
the flow encountered by the probes, thus altering the measurements.
These phenomena are amplified when the probes are too intrusive.
Furthermore, even at lowMach numbers, particular vehicle attitudes
(large angles of attack or sideslip) or dynamic maneuvers may
degrade the performance of traditional air data probes, thus requiring
a different approach to air data sensing.

Over the years, several efforts have been made to design
nonintrusive probes suitable for hypersonic flights and reentry
vehicles. The first major attempt to collect air data on a hypersonic
vehicle was the ball-nose flow-direction sensor on the X-15 research
vehicles (further details can be found in [3,4]). The ball-nose sensor
consisted of a sphere partly housed in a truncated cone nose. A
hydraulic servomechanism rotated the sphere to maintain pressure
differentials between symmetric (vertical and lateral) flush orifice
pairs at null values. Thus, the spherewas positioned inflight such that
the center orifice sensed total pressure and the rotation angles of the
ball nose corresponded approximately to flow angles. Static pressure
was sensed from two fuselage static orifices used in conjunction
with the ball nose [2]. High-stagnation-temperature protection was
provided through the use of a cooling system. Although this kind of
sensor was subject to frequent (hydraulic) failures [4,5], its perfor-
mance appeared to be adequate to monitor hypersonic and super-
sonic flight parameters.

The ball-nose system was abandoned when the X-15 project was
concluded. In the 1980s, the Shuttle EntryAirData System (SEADS)
program was proposed. Its main objective was to design an ADS
based on the use of flush-mounted orifices, but unlike the ball
nose, without any mechanical device, and able to determine flight
parameters in a broader range of hypersonic and supersonic condi-
tions than those for the shuttle’s deployable hemispherical probes [2].
The SEADS was flight-tested as an experiment on Space Shuttle
Columbia and employed an array of 14 flush-mounted pressure
transducers on the nose cap and 6 static pressure ports on the aft
of the nose cap [1,2,5]. Pressure measurements were then related to
the air data quantities through a mathematical model of the pressure
distribution on the orbiter forebody. Actually, the SEADS was never
used to provide flight parameters to the shuttle: pressure data were

stored andwere analyzed during postflight. In fact, up to this date, the
Space Shuttle Orbiter still relies exclusively on air data provided by
two conventional fuselage-mounted differential pressure probes that
are deployed at Mach 3.5 [2]. For higher Mach numbers, air data
parameters are estimated from the inertially derived navigation state
(which implicitly and inaccurately assumes zero winds). Both air
data systems described previously verified the feasibility of the flush
air data sensing (FADS) system but did not demonstrate real-time
operation of its estimation algorithms. Real-time applications were
developed successively, within the framework of the High-Alpha
Research Vehicle program [6] andwithin the framework of the X-33,
X-38, and X-43 hypersonic research vehicles [7–9].

Recent studies demonstrate that, at least in a simulated envi-
ronment, blending FADS data with inertial measurements allows
achieving clean and unbiased air data measurements over the entire
reentry flight envelope [5]. Other types of nonintrusive probes
include the optical air data systems (OADS). Basically, these kinds of
sensors transmit laser light pulses into the atmosphere and receive
light that is reflected, or backscattered, from aerosols toward the
aircraft. Measurement of the Doppler shift and of other charac-
teristics of the backscattered signal allows the determination of the
true air speed, air temperature, and air density [1,10]. OADS and
the more recent molecular optical air data systems have shown
promising and accurate results in different flight conditions from
high-angle-of-attack maneuvers to hover flights [11].

In any case, current nonintrusive ADS, despite overcoming most
of the limitations of the traditional ADS, still require calibration
campaigns and thermal protection for hypersonic flights. Moreover,
sensing devices may introduce a number of technological issues in
terms of installation on the vehicle, reliability, or even safety when
dealing with laser measurement systems (eye and skin hazards) [11].

In this paper, starting from the limitations and problems of the
conventional ADS and taking advantage of our flight experience
acquired during the Dropped Transonic Flight Test 1 (DTFT1) [12],
an alternative architecture for an advanced nonintrusive ADS is
proposed. This novel approach is based on a sensor fusion between
inertial measurements and atmospheric data coming from a weather
forecast model that acts essentially as a virtual sensor. This archi-
tecture, conceptually a virtual air data (VAD) system, being based on
the use of nonphysical air data sensors, is inherently free from issues
that might arise when using either conventional or nonintrusive
ADS, especially during reentry missions. In fact, it has the advantage
of neither requiring any calibration campaign nor any thermal
protection of the sensing devices.

The work developed in this paper, although preliminary, aims at
assessing the feasibility of this architecture to provide air data with
the required accuracy for guidance, navigation, and control purposes.
Originally, this newADS approach was conceived with the intention
of overcoming the measurement errors experienced during the
DTFT1mission due to the use of conventional air data sensors (initial
large oscillations of the wind vanes, delayed pressure signals with
irregular behavior in the transonic regimewith negative effects on the
Mach measurement, and freezing of the total temperature probe).

The DTFT1 test flight is the first of three planned atmospheric
flights within the framework of the research program named
Unmanned Space Vehicles (USV) carried out by the Italian
Aerospace ResearchCenter (CIRA) [12]. Themain focus of theUSV
program is primarily related to aerodynamic and aerostructural
behavior and to advanced GN&C systems for transonic, supersonic,
and sustained hypersonic flights. The USV program is divided into
two parts, the first of which deals with flight and operation issues
related to typical flight regimes of the TAEM phase of a reentry
pattern, and the second of which is concerned with sustained
hypersonic flights. In particular, the DTFT1 mission profile is based
on a drop of an experimental, unpowered, and autonomous vehicle,
the FTB1, from a stratospheric balloon at an altitude of about 20 km.
The FTB1 vehicle has a winged slender configuration, with two
kinds of aerodynamic effectors: the elevons that provide both pitch
control when deflected symmetrically and roll control when
deflected asymmetrically and the rudders, which can be deflected
only symmetrically to allow yawcontrol. Lateral-directional stability
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is also enhanced by means of two fixed ventral fins (see Fig. 1). The
DTFT1 mission was executed on 24 February 2007 and further
details may be found in [12–14].

The present work demonstrates the capability of the VAD
architecture only within the flight envelope of the DTFT1 mission
and within the simulated flight envelope of the upcoming DTFT2
mission. Nevertheless, the authors believe that future USV missions
will demonstrate the capability of the VAD towork in a broader flight
envelope. In addition, current work is focusing on the imple-
mentation of the VAD for in-flight use as the main air data sensor
system for GN&C purposes during the DTFT2 mission.

This paper is organized as follows. The general concept of virtual
air data is introduced in Sec. II. The characterizations of the wind
forecast error and of wind turbulence are reported in Sec. III. The
sensor fusion algorithm is described in Sec. IV, and the results of this
work are discussed in Sec. V. SectionVI contains some comments on
applications and future enhancements, and Sec. VII contains some
brief concluding remarks.

II. Virtual Air Data

The VAD concept is based essentially on the combination of
inertial measurements with meteorological forecast data via a sensor
fusion algorithm,with the purpose of obtaining an estimation (virtual
measurement) of the air data quantities.

The inertial measurements necessary for the determination of
the virtual measurements are position and velocity, which can be
computed using accelerometers, and Euler angles, which can be
determined using rate gyros and magnetometers or can be directly
provided by an attitude and heading reference system (AHRS).

The weather forecast data consist of wind velocity components
in the local horizontal plane, the atmospheric temperature, and the
atmospheric pressure, all expressed as a function of the inertial
position of the vehicle. These quantities can be provided by any
meteorological model. In particular, in the development of this work,
the forecast data of the Integrated Forecast System (IFS) numerical
model by the European Centre for Medium Range Weather Forecast
(ECMWF) have been used.

Figure 2 shows the functional architecture of the virtual air data
concept. Themeteorological (forecast) model can be seen as a virtual
sensor that supplies atmospheric data with a known accuracy. These
datahave theadvantage that canbeeasilyuploadedbefore themission
starts or, for space reentry missions, before deorbiting operations.

A. Basic Virtual Air Data

As stated in the Introduction, the plain estimation of the air data
quantities using only inertial measurements (zero-wind estimation)
can be extremely inaccurate when inertial velocity and wind velocity
are comparable. The easiest possible approach to virtual air data
estimation is the simple algebraic combination of wind forecast
data and inertial measurements; that is, the inertial velocity is alge-
braically summed to the wind forecast to obtain an estimate of the
wind-relative velocity. This basic sensor fusion (basic VAD) yields
virtual air data measurements that are certainly more reliable and
accurate than the plain zero-wind estimation. Of course, this basic
estimation is affected by errors on theweather forecast model and on
the inertial measurements. These errors are not taken into account in
this simple sensor fusion algorithm. However, the basic virtual air
data measurements give a good and straightforward indication of
the validity of the virtual sensor approach (some results are reported
in Sec. V). Therefore, the estimation method has been improved
through the implementation of a more advanced sensor fusion
algorithm, which will be the main subject of this paper.

B. Advanced Virtual Air Data

The advancedVAD system architecture consists of a sensor fusion
algorithm that blends, via a Kalman filter (KF), the inertial mea-
surements with weather forecast data while taking into account
measurement errors, modeling errors, and the uncertainties on the
ECMWF predictions. Indeed, the errors on the IFS weather forecast
model have been statistically characterized through an extensive
analysis of historical meteorological data (see [15]). This character-
ization, however, doesnot account for errors due to local andunsteady
wind phenomena (turbulence and gusts) existing in the true wind
because of the large spatial sampling of these data. Therefore, an
appropriate dynamic wind error model should be introduced to
improve the results. In particular, the high-frequency component of
the true-air-speed error can be characterized using a well-known
turbulencedynamicmodelsuchas theDrydenspectral representation.

III. Characterization of the Wind Prediction Error

In this section, the characterization of thewind velocity prediction
error will be carried out. As previously described, the wind velocity
provided by the IFSweather forecast data is obviously affected by an

Fig. 1 FTB1 vehicle.
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estimation error, which is the difference between the true and the
estimated wind. This error, hereafter called the low-frequency
prediction error, has been statistically characterized through an
analysis of historical meteorological data: that is, comparing the
ECMWF forecast data with historical analysis data [15]. This
characterization provides a wind-prediction-error model that can be
used by the sensor fusion algorithm described in the following
section. However, as previously remarked, the preceding character-
ization is not capable of accounting for unsteady phenomena,
because of the nature of the availablemeteorological data. Therefore,
to achieve a complete characterization of the wind prediction error, a
turbulence dynamic model is also needed.

A. Low-Frequency Wind Prediction Error

The error due to the ECMWF forecast uncertainty (low-frequency
error) �� � �e �n �T depends on the inertial position of the vehicle.
Nevertheless, its characterization has been carried out considering
the error to be independent of latitude and longitude. This assump-
tion can be justified considering that above a certain altitude, thewind
prediction error is mainly due to the wind model inaccuracy and not
to the specific geography of the site [15]. Furthermore, a first-order
Gauss–Markov stochastic model [16,17] has been used with the
following altitude autocorrelation function:

R�e��� � �2�ee
� j�jH�e R�n��� � �2�ne

� j�jH�n (1)

whereH�e
andH�n

are the autocorrelation scale lengths, and ��e and
��n are the error rms intensities. Now considering an aircraft flying
with a vertical velocity Vz, these models can be easily transformed
into standard stochastic processes with autocorrelation time
constants ��e �H�e

=Vz and ��n �H�n
=Vz,

R�e ��� � �2�ee
� j�j��e R�n��� � �2�ne

� j�j��n (2)

and power density spectra

��e �j!� � �2�e
2=��e

�1=�2�e� � !
2
� �2�e

2

��e
jH�e
�j!�j2

��n �j!� � �2�n
2=��n

�1=�2�n � � !
2
� �2�n

2

��n
jH�n
�j!�j2 (3)

where

H�e
�j!� � 1

�1=��e � � j!

H�n
�j!� � 1

�1=��n � � j!

The parameters ��e , ��n , �
2
�e
, and �2�n in Eq. (2) have been

determined by fitting the experimental autocorrelation functions
(computed through a statistical analysis of historical data) with the
models of Eqs. (1).

B. Turbulence Model

To characterize the turbulence components to be added to the TAS
body vector, a turbulence dynamic model has been introduced. The
most widely used turbulence models are Dryden and von Kármán
models, which define three power density spectra for the body axes’
turbulence velocities �� ��u �v �w �T .

In this paper, theDrydenmodelwill be used; in fact, even if thevon
Kármán model is more reliable [18], the Dryden model has the great
advantage of being simpler and hence more suitable to achieve an
analytical form necessary for the linearization process required by
the methodology herein presented (see Sec. IV). The power density
spectra of the Dryden turbulence model are then given in Eq. (4):

��u��� � �2�u
2L�u

	

1

1� �L�u��2

��v��� � �2�v
L�v

	

1� 3�L�v��2
�1� �L�v��2�2

��w��� � �2�w
L�w

	

1� 3�L�w��2
�1� �L�w��2�2

(4)

where � is the spatial frequency; L�u, L�v, and L�w are the
turbulence scale lengths; and ��u, ��v, and ��w are the turbulence
rms intensities. The spectrum parameters L�u, L�v, and L�w and
��u, ��v, and ��w are altitude-dependent, but above 2000 ft, the
following assumption can be made [18]:

L�u � L�v � L�w � �L ��u � ��v � ��w � ���Hmeas� (5)

where �L� 1750 ft and ���Hmeas� is a known function of the altitude
and of the turbulence level (severe, moderate, light, etc.) identified
with an exceedance probability.

The preceding described power turbulence model should be
converted into a stochastic process, as done for the ECMWF forecast
error. Hence, starting from the preceding defined power spectra and
considering an aircraft flying with a true air speed V, it is possible to
obtain the following spectral density as a function of the temporal
frequency !��V by exploiting the following equality,Z �1

�1
�x���d��

Z �1
�1

�x�!�d!� �2x ) �x�!�

�
�x���j��!V

V
x��u;�v;�w (6)

thus obtaining the following Dryden power spectral densities:

��u�!� � ��2
2

	
��

1

1� �!���2
� ��2

2

	
��jH�u�!�j2

��v�!� � ��2
��
	

1� 3�!���2
�1� �!���2�2

� ��2
��
	
jH�v�!�j2

��w�!� � ��2
��
	

1� 3�!���2
�1� �!���2�2

� ��2
��
	
jH�w�!�j2 (7)

where

H�u�!� �
1

1� j!��

H�v�!� �
1�

���
3
p
��j!

�1� j!���2

H�w�!� �
1�

���
3
p
��j!

�1� j!���2

and �� � �L
V
.

IV. Kalman Filter

Using the translational dynamics of the rigid body together with
the forecast wind error model and the turbulence model described in
Sec. III, it is possible to obtain a state-space model that can predict,
stochastically, the time evolution of the inertial velocity VNED, the
low-frequency prediction error �� � �e �n �T, and the turbulence
body components �� ��u �v �w �T . Note that the wind
velocity plays a crucial role (see Fig. 3) because it affects not only
the aerodynamic forces and the dynamic pressure (through TAS and
Mach), but also directly affects the TAS itself (and therefore the
flow angles and theMach number). Therefore, it is clear that thewind
must be properly identified both in its low-frequency and in its
turbulence content to provide a TAS that is as close to reality as it
can get.

Traditionally, air data systems provide a direct measurement of the
TAS vector. In a VAD system instead, TAS is computed using the
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forecast wind corrected for prediction errors, the turbulence
components, and the inertial velocity components, which are
obtained through the integration of the translational dynamics
equations. This integration, however, requires the knowledge of the
aerodynamic database (ADB) necessary to compute the aerody-
namic forces. Such an ADB is provided by means of a mathematical
modelwith a given accuracy that can be improved using some inertial
measurements to perform corrections. The degree of such correction
is usually related to the level of confidence that one gives to both the
measurements and the mathematical model itself. A methodology
that is based on this principle is thewell-knownKFapproach [19,20].
It is capable of providing the optimal state estimation of an uncertain
dynamic model in the presence of measurements affected by errors.

The reference systems are as follows:
1) The north–east–down (NED)-oriented frame is the local

horizontal reference system.
2) The body frame is centered in the center of gravity of the

vehicle, with the x axis lying along the longitudinal axis (forward-
oriented), the z axis in the symmetry plane (down-oriented), and the y
axis consequently oriented to the right wing.

3) The stability frame is obtained by rotating the body frame about
the y axis of the angle of attack.

The continuous nonlinear state-space model used for the KF
formulation is introduced:

dx

dt
� d

dt

VNED

�e

�n

�u

�v

�w

�v1

�w1

0
BBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCA

� f�x; u; t� � w�t�

�

FaNED=m� � 0 0 gWGS84 �T

��e=��e
��n=��n
��u=��

� �v
��
� �1�

��
3
p

��
��v1

� �w
��
� �1�

��
3
p

��
��w1

��v1=��
��w1=��

0
BBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCA

�w�t� (8)

z�t� � g�x; u; t� � v�t� (9)

where:

M meas
b2n � �Mmeas

n2b �T �
cos# cos � sin cos’� cos sin# sin ’ sin sin ’� cos sin# cos ’
sin cos# cos cos’� sin sin# sin’ � cos sin ’� sin sin# cos’
� sin# cos# sin ’ cos# cos’

 !
(10)

M s2b �
cos� 0 � sin�
0 1 0

sin� 0 cos �

0
@

1
A (11)

F aNED
�Mmeas

b2n �Ms2bFastab � (12)

F astab
� CADB

Fa

�
�

2
pforecast
s M2

�
Sref (13)

C ADB
Fa
� CADB

Fa
��; �;M;Re; �relev; �lelev; �rud; !meas

body� (14)

TAS no turb
NED � VNED � �Wforecast

NE � �� (15)

TAS body � � u v w �T �Mmeas
n2b TAS

no turb
NED �� (16)

�� arctan

�
w

u

�
�� arcsin

�
v

TAS

�
M � TAS���������������������

�RTforecast
s

p
(17)

w� �waNED w�e w�n w�u
w�v

w�w
w�v1

w�w1
�T

and v� � vVNED vngbody �T are uncorrelated white Gaussian noises
with zero mean and covariance functions Q�t1; t2� �Q0��t1 � t2�
and R�t1; t2� � R0��t1 � t2�, respectively. Furthermore, �v1 and
�w1 are additional state variables because the Dryden turbulence is
described by a second-order model concerning the v and w
components [see Eq. (31)].

The inputs to the model come from real and virtual sensors:

u� umeas �

Eulmeas

Wforecast
NE

pforecast
s

Tforecast
s
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�rud
gWGS84

!meas
body

Hmeas

0
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Fig. 3 Virtual air data main computation flow.
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Note that in afirst approximation the dynamic derivativesmight be
neglected: in this case, the angular-rate measurements are not re-
quired by the filter.

The measurement vector is composed of inertial quantities only:

z� zmeas �
Vmeas

NED

ngmeas
body

� �
(19)

Inertial velocity measurements can be obtained through an
integration of the output of the accelerometers, ng

body
, for which the

accuracy has been experimentally determined in our laboratories.

A. Extended Kalman Filter

The state equations of the Kalman filter [Eqs. (8) and (9)] are
highly nonlinear, and therefore a local linear approximation along the
trajectory becomes necessary to use the classical theory of a Kalman
filter [19]. In particular, an extended Kalman filter (EKF) has been
used. This kind of KF computes the linearized system starting from
the state estimation and input vector at the previous step [20]. Note
that the linear approximation will be quite accurate because it is
updated with a computational frequency (100 Hz) much greater than
the typical flight dynamics’ frequency bandwidth. The only disad-
vantage of this approach is the necessity of performing an analytical
linearization, because a numerical linearization would imply a com-
putational effort unsuitable for a real-time application.

The state and measurement vector of a nonlinear discrete time
system with additive noises (wk and vk) can be expressed as�

xk�1 � f�xk; uk� � wk
zk � h�xk; uk� � vk

(20)

The linearized equations of the preceding system, evaluated in the
state estimation at the previous time step, are�

�xk�1 � f�x̂k; uk�
�zk � h� �xk; uk�

(21)

�
xk�1 � �xk�1 � A�xk � x̂k� �wk
zk � �zk �H�xk � �xk� � vk

(22)

where

A k �
@fi
@xj
�x̂k; uk�

is the Jacobian matrix of partial derivatives of fi with respect to xj,

H k �
@hi
@xj
� �xk; uk�

is the Jacobian matrix of partial derivatives of hi with respect to xj,
andwk and vk are uncorrelatedwhite Gaussian noiseswith zeromean
and diagonal covariance matrices Q

k
and Rk, respectively. The

relationship between the covariance matrices Q
k
and Rk and Q

0 and
R0 can be easily achieved by considering a sampling time Tc small
enough, thus obtaining [20]

Q k 	 Q0Tc Rk 	 R0=Tc (23')

B. Neural-Network-Based Aerodynamic Model

Analytical linearization of the system requires the knowledge of an
analytical form of all the relationships that describe the system.
Unfortunately, in our model, the aerodynamic coefficients are
expressed in a tabular form as a function of several parameters.
To overcome this limitation, an analytical relationship has been
determined using an approach based on feedforward neural networks
[21,22].

Let us consider the structure of each aerodynamic coefficientCADB
i

in more detail:

CADB
i �M;Re; �; �; �relev; �lelev; �rud; !body� � CBL

i ��C�i ��C�ei

��C�li ��Cpi ��Cqi ��Cri (24)

Essentially, each CADB
i is a summation of a baseline term (BL)

and other contributions due to the effect of other aerodynamic
parameters. The term CBL

i represents the baseline contribution to the
global coefficient CADB

i at zero sideslip in a clean configuration (i.e.,
with no deflection of control surfaces and with no dynamic effects

[23]). The term�Cji is the incremental coefficient due to a variation
of the parameter j in a clean configuration and at zero sideslip
(except, of course, when j� �). A detailed description of the
database can be found in [23].

All of the termsCBL
i and�Cji (hereinafter called ci) are in the form

of lookup tables as a function of theMach number, Reynolds number,
angle of attack (AOA), and other parameters [angle of sideslip
(AOS), elevon deflections, or rudder deflections, according to the
coefficient considered].

To derive an analytical characterization of each lookup table,
training has been carried out on as many feedforward neural
networks as the number of ci. Each neural network had the same
structure in terms of number of neurons, layers, and activation
functions.

Figure 4 schematically shows the structure of each network. There
are two layers: the hidden layer has 8 neurons and uses an hyperbolic
tangent activation function, and the output layer uses a linear
activation function. The number of input parameters p varies ac-

cording to the ci considered, as a consequence of the different
functional dependencies of each term.

The training was carried out via a backpropagation technique
using a comprehensive set of training pairs. Each pair consisted of a
set of input/output values covering the entire set of lookup table
breakpoints. Once trained (i.e., once the weights and the biases W1

are completely determined), the output of the network described in
Fig. 4 can be easily computed analytically:

ci � w2i 
 tanh�W1ipi � b1i� � b2i (25)

And it is equally easy to compute its derivativewith respect to any
of the state variables, uponwhich the parametersp are dependent. Of
course, the terms ci depend on the state variables through p, and so

@ci
@x
� @ci
@p

i

@p
i

@x
(26)

Finally, the aerodynamic coefficients can be analytically written as

CADB
i �

X
ci �

X
�w2i 
 tanh�W1ipi � b1i� � b2i� (27)

Consequently, their derivatives are

@CADB
i

@x
�
X @ci

@x
�
X�

@ci
@p

i

@p
i

@x

�

�
X�

@

@p
i

�w2i 
 tanh�W1ipi � b1i� � b2i�
@p

i

@x

�
(28)

It was verified that the approximation error introduced by the
neural network on the aerodynamic coefficients is on the order of 2–
3%,which is an acceptable degree of accuracy as far as the objectives

Fig. 4 Structure of the two-layer feedforward neural network.
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of this work are concerned. Figure 5 reports an example of the
approximation of an ADB aerodynamic coefficient using the neural
network approach.

C. Process Noise Characterization

As previously said, the dynamic state Eq. (8) takes into account
unmodeled dynamics and parameter uncertainties through the
random vectorw�t�, and the measurement Eq. (9) takes into account
the measurement errors through the random vector v�t�.

Concerning the tuning of the elements of covariance matrix Q0

corresponding towaNED (that is, �
2
waNED

), a Monte Carlo analysis [24]

(with reference to the DTFT mission of interest) has been performed
considering all the sources of uncertainties (i.e., ADB uncertainties;
neural network ADB approximation; WGS84 gravity-acceleration
error model; and measurement errors on angular rates, Euler angles,
and control surfaces deflections).

The elements of Q0 related to the Gauss–Markov wind forecast

error models �2w�e and �
2
w�n

are computed, recalling that these errors
are obtained by passing white noise w�e and w�n with variances
�21 � �2�e�2=��e� and �

2
2 � �2�n�2=��n � through the filtersH�e

�j!� and
H�n
�j!� [see Eqs. (3)] having the following equations:

d�e
dt
�� �e

��e
� w�e

d�n
dt
�� �n

��e
�w�n (29)

which have the same form of Eq. (8), then we can simply put
�2w�e � �2�e�2=��e � and �

2
w�n
� �2�n�2=��n � [see Eq. (3)].

The elements ofQ0 related to the turbulence model are computed,

recalling that these errors are obtained by passing a generic white
noise nwith variances �2n � ��2�2��=	�, through the filtersH�u�!�,
H�v�!�, and H�w�!�, respectively [see Eq. (7)]. H�u�!� has the
state-space equation

d�u

dt
���u

��
� n

��
(30)

andH�v�!� andH�w�!� have the following second-order equations:

d�v1
dt
���v1

��
� n

��

d�v

dt
���v

��
�
�
1 �

���
3
p

��

�
�v1 �

���
3
p n

��

d�w1

dt
���w1

��
� n

��

d�w

dt
���w

��
�
�
1 �

���
3
p

��

�
�w1 �

���
3
p n

��
(31)

which have the same form of Eq. (8), provided that

w�u �
n

��
w�v �

���
3
p
n

��
w�w �

���
3
p
n

��
w�v1 �

n

��

w�w1
� n

��

Therefore, combining Eqs. (8), (30), and (31), the following noise
variances are obtained:

w�u �
n

��
) �2w�u

� 2 ��2

	

1

��
w�v �

���
3
p
n

��
) �2w�v

� 3
��2

	

1

��

w�w �
���
3
p
n

��
) �2w�w

� 3
��2

	

1

��
w�v1

� n

��
) �2w�v1

� ��2

	

1

��

w�w1
� n

��
) �2w�w1

� ��2

	

1

��
(32)

Finally, the covariance matrix R0 is defined by the accelerometers’
accuracy (experimentally determined) and the related velocities’
accuracy.

V. Results

Some relevant results of this work are reported in this section and
are referred to as the DTFTmissions [12]. In particular, a verification
of the VAD algorithm was carried out using the flight data of the
DTFT1 mission.

The VAD algorithms provide the complete set of air data,
including angles of attack and sideslip and Mach number [see
Eq. (17)], together with other quantities (air temperature, static and
total air pressure, barometric altitude, etc.). In this section, only the
flow angles and the Mach number will be reported, because these
quantities are strictly related to the TAS vector for which the
estimation is the main objective of the VAD sensor fusion.

During theDTFT1mission, thesemeasured air datawere provided
by twowind vanes and static and total pressure probes. The declared
static accuracies for these three basic measurements are reported in
Table 1. Therefore, it can be assumed that the true air data are
contained within these uncertainties bounds.

The basic inertial sensor unit for the DTFT missions is com-
posed by microelectromechanical system accelerometers (bias
�0:015 m=s2) and by fiber optical gyros (bias �3 deg =h). The
accelerometers are used to compute inertial velocity using Euler-
angle information provided by the AHRS module. Note that the
velocity drift is not of concern because of the short time ranges of the
DTFT missions; therefore, no additional measurement (i.e., Global
Positioning System) is required.
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Fig. 5 An example of the approximation of an ADB aerodynamic coefficient using neural network approach.
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The results here reported are related to the DTFT flight envelopes;
thus, the analysis carried out is limited to the transonic region.
Further studies are required to also numerically validate the VAD
approach in the supersonic and hypersonic regions.

In the following, the results of the VAD sensor fusion will be
shown, also putting in evidence that the application of the EKF
(advanced VAD) improves the accuracy of the computation of the air
data with respect to a simple algebraic composition of inertial mea-
surements and weather forecast data (basic VAD) (see Sec. II).

In the DTFT1 mission, the FTB1 vehicle was dropped (with nose
down) from an altitude of about 20 km and performed a controlled
flight with a constant angle of attack to reach a Mach value of 1.05
before slowing down. Figure 6 shows the virtual angle of attack
computed using the �18 h forecast meteorological information
(without EKF) with respect to the measured AOA, affected by the
white noise measurement specified in Table 1. Note that the �18 h
forecast represents the most reliable meteorological information
available for the DTFT1 mission. In fact, even if during the flight
campaign some soundings were carried out at the site of launch, the
last sounding available was carried out about 6 h before the launch.
However, it was shown in [15] that these soundings are less reliable at
predicting the wind behavior than the wind forecast data relative to
18 h before the launch. This iswhy the�18 hwind forecast data have
been used to construct the wind model used by the VAD system.

Figure 6 also reports the inertial estimation of the AOA: that is, the
estimation of the angle of attack made using inertial measurements
only. The figure shows that the basic VAD estimation is much more
accurate than the inertial estimation, especially when inertial and
wind velocities are comparable. However, there are still significant
estimation errors, mainly due to unmodeled prediction errors and
to unsteady local phenomena. This limitation can also be overcome
using the measured load factors and appropriate mathematical
models for the wind prediction error, turbulence, and vehicle
aerodynamics.

During the initial seconds of flight (0–15 s) the true air speed is
relatively low; as a consequence, because the wind vanes are a very
low damped mechanical system, the measured flow angles exhibit
large oscillations. Conversely, the virtual data cannot be affected by
this problem, as shown in Fig. 7.

As it can be seen in Fig. 8, after 20 s from the drop, the virtual
sideslip angle becomes significantly different from the vane
measurement principally as a consequence of a low-frequency wind
forecast error, which is not taken into account. This effect is more
evident on the sideslip angle rather than on the AOA, because AOS
values are closer to zero.

Figure 9 shows other relevant advantages of the VAD approach. In
the transonic regime, it is usually necessary to carry out an experi-
mental calibration of the air data to take into account compressibility
effects. In the case of the DTFT1mission, no specific calibration was
carried out (see Table 1), leading to a measured Mach number less
reliable than the virtual one. Moreover, as can be seen, the virtual
Mach is not influenced by lower saturations affecting the pressure
transducers or other sensors.

Now let us consider the VAD with the EKF sensor fusion
approach: the introduction of thewind forecast errormodel and of the
turbulence model significantly improves the air data estimation that
now also includes the effects of the high-frequencywind phenomena
(see Figs. 10 and 11).

In Fig. 10, the estimated AOA is reported. It can be seen that the
estimation is very close to the vane measurement. The main reason
for this good result is that the relationship between themeasured load
factors, and the air data has been explicitly taken into account
through the aerodynamic model [Eq. (14)].

In the transonic region (t� 32 s), the angle of attack evidences a
rapid pitch-down phenomenon. In such a case, static accuracies
reported in Table 1 are not properly applicable. As a consequence, no
specific consideration can be made about the performance of the
VAD in this particular flight phase.

The estimated AOS (Fig. 11) is generally within the measurement
uncertainty bounds in thewhole time span inwhich it is reasonable to
consider the vane measurements as valid (i.e., after 15 s from the
drop). Around 26 s, the estimated AOS is slightly out of the vane
measurement bounds. However, this behavior is in agreement with
the measurement of the lateral load factor (see Fig. 12).

In Fig. 13, the estimated Mach number is reported: note that it is
quite similar to that obtained using the basic VAD approach (see
Fig. 9). In fact, the Mach number is less sensitive to wind and
turbulence disturbances than theflow angles, because it only depends

Table 1 Declared static accuracies for the measured air data

Measured air
data

Maximum
error

Additional notes

AOA 0.5 deg In addition, there is an additive positioning error, evaluated by means of CFD analysis.
AOS 0.5 deg N/A
M 0.01 The sensor is declared calibrated only for 0:2<M < 0:9; in particular, no specific calibration was carried out in the

transonic region.
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on the module of the true-air-speed vector, whereas the flow angles
depend on the body components of the TAS.

In the transonic region (i.e., after 30 s from the drop), the ADB
uncertainties increase noticeably and the VAD are estimated,
improving the relative trust to inertial measurements with respect to
the mathematical models. In any case, no reliable data accuracies are
available for the air data measurements in this regime.

Note that all the reported results are obtained using the �18 h
weather forecast data and the related Gauss–Markov model of the
ECMWFwind prediction error. If this meteorological information is
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not available, a less recent forecast may be used in combination with
a different error model that accounts for the lower reliability of the
forecast. In any case, the unsteady phenomena will always be well
taken into account by the Dryden turbulence model (as explained in
Sec. III).

TheDTFT2mission, currently scheduled for the end of 2009, aims
at extending and improving the investigation of the transonic regime
of flight, from both the aerostructural and the stability and control
points of view. The DTFT2 mission objective is to perform a
controlled acceleration phase (after the vehicle drop at 24 km of
altitude) with a constant angle of attack followed by an angle-of-
attack sweep maneuver at constant Mach number in the transonic
flight regime before slowing down the vehicle to the minimum
attainable Mach value (necessary condition for the safe opening of
the recovery parachute).

For the results concerning this mission, measurements are
obtained through a simulation environment that uses the ADB
identified during the DTFT1 postflight analysis [25], reference wind
profiles, and gust and turbulence simulation models. For simplicity,
only the results related to the advanced VAD are presented, because
this algorithmwill be implemented in the upcomingDTFT2mission.

The results shown in Figs. 14–16 essentially demonstrate that the
EKF process noise characterization performed for the DTFT2
mission (related to a significantly differentflight trajectory) still gives
satisfactory results.

VI. Future Enhancements

The results of the virtual air data approach presented in Sec. V
appear to be promising and encouraging for flight applications. Of
course, further improvements on its architecturewill be considered as
a part of futurework. Current work is focusing on the implementation
of the VAD for in-flight use as the main air data sensor system for
guidance and control feedback during the DTFT2 mission. In any
case, the VAD architecture appears to be suitable as an effective
backup system for real ADS. In this case, the VAD sensor fusion
algorithm could bemademore reliable and accurate through in-flight
and online training of the neural network that approximates the
aerodatabase (the training should be carried out, of course, before the
ADS failure). This online training procedurewould therefore provide
a more accurate aerodatabase for the computation of the VAD when
needed.

Finally, the authors believe that the VAD approach could
eventually allow full replacement of current air data systems,
provided that further studies demonstrate sufficient reliability of
the algorithm and of the weather forecast data in typical reentry
flight regimes. In addition, future USV missions will assess the
effectiveness of the VAD in supersonic and hypersonic flight
envelopes.

VII. Conclusions

An innovative air data system architecture has been developed
based on the concept of virtual air data. This novel approach
combines weather forecast data with inertial measurements and
does not require any air data sensor. In fact, the true-air-speed
components are estimated through an extended Kalman filter,
which also requires a turbulence model and an ADB model. As a
matter of fact, the results presented in this work appear to be highly
satisfactory and promising. Indeed, this approach may effectively
work as a backup solution for conventional air data systems when
an ADS failure occurs. In addition, the VAD architecture appears to
be a viable solution to overcome the common limitations of the
conventional air data systems, eventually replacing real air data
sensors when the feasibility and reliability of the presented ap-
proach will be fully demonstrated.

The effectiveness of the proposed architecture has been demon-
strated, comparing the air data estimation with the flight data of
CIRA’s DTFT1 mission. The algorithm was also validated in a
specific simulation environment for the DTFT2 mission and will be
used onboard as the main DTFT2 air data sensor system for GN&C
purposes.
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