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Abstract—Air Data Systems require accurate calibration to
compensate for errors caused by the disturbed flow field over
their pressure ports. If uncorrected, these pressure errors lead
to errors in the aircraft’s airspeed and altitude measurements,
posing a hazard to flight. This paper proposes a novel calibration
method that substantially reduces the flight time required to
calibrate an aircraft’s air data system by increasing analytical
rigor. Traditional altitude and GPS-based calibration methods
require minimal post-flight analysis, instead requiring numerous
in-flight experiments to determine the system calibration. More
recent dynamic calibration methods reduce the required number
of dedicated in-flight experiments but still require the test
aircraft to fly tightly scripted profiles to satisfy their analytical
assumptions. This paper eliminates the requirement for scripted
in-flight profiles by combining machine learning methods such
as Gaussian Process Regression with an Extended Kalman Filter
to produce a full-envelope Air Data System calibration. The
proposed algorithm is validated using real-world T-38C flight
test data and compared against existing calibration methods.

Index Terms—aircraft, air data computer, sensor calibration,
non-cooperative

I. INTRODUCTION

Aircraft are typically equipped with a Pitot-static instrumen-
tation system, sometimes called an Air Data System (ADS).
The ADS comprises a Pitot tube, which measures total air
pressure (PT ), a static port, which measures static air pressure
(Ps), and an Air Data Computer (ADC), which uses Pitot-
static formulae to compute airspeed and altitude from total and
static pressures. Since both airspeed and altitude are directly
derived from pressure, they are intrinsically linked to lift and
drag, which in turn, are linked to key aircraft performance
parameters such as rotation speed, approach speed, climb rate,
specific range, and endurance. The act of flying through an air
mass disturbs the flow around the air vehicle. This inherently
corrupts the static port’s ability to measure ambient pressure
(the true atmospheric pressure) and creates an error called
Static Position Error (SPE) [1].

SPE, denoted ∆Pp, is defined as the difference between
measured static pressure, Ps, and true atmospheric pressure,
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Pa. For ease of analysis, it is typically normalized by Ps when
comparing readings from various flight conditions, as

∆Pp

Ps
=
Ps − Pa

Ps
(1)

Since SPE biases static pressure readings, it yields errors in
both airspeed and altitude. SPE is primarily a function of the
aircraft’s shape, in that the disturbed flow around the aircraft
results in the erroneous static pressure measurement. This fact
makes it difficult or impossible to determine SPE a priori,
which drives the requirement for in-flight experiments. How-
ever, for a given aircraft configuration and flight condition,
SPE is consistent. When considering the full envelope of flight
conditions for a particular aircraft, we often assume that SPE
is a function Mach number and Angle of Attack (AoA) [2].

Many altitude and GPS-based algorithms leverage this as-
sumption to construct point estimates of SPE as a function of
Mach number and AoA [1] [2] [3] [4] [5] [6]. Because of their
simplifying assumptions, these techniques require multiple
experiments with dedicated or cooperative maneuvering from
the test aircraft to solve for each point estimate SPE over the
aircraft’s Mach and AoA envelope. After all SPE estimates
are collected, an analyst can fit a curve that describes SPE
as a function of instrument-corrected Mach number (Mic) and
AoA. By relaxing some of the simplifying assumptions, newer
dynamic maneuvering methods such as [7] can estimate SPE
across the entire Mach envelope with a single experiment,
resulting in considerable efficiency gains. However, these
methods still require cooperative maneuvering or dedicated
Flight Test Techniques (FTTs) from the target aircraft to satisfy
their remaining assumptions.

This paper proposes a novel algorithm for determining
SPE that eliminates the requirement for cooperative aircraft
maneuvering. By doing so, it allows for calibration of its
ADS during conventional flight profiles and greatly reduces or
eliminates the requirement for dedicated air data test events.
This is particularly appealing for vehicles with limited ma-
neuvering ability or high operational costs, such as gliders or
commercial space flight air vehicles. The proposed algorithm
combines the use of an Extended Kalman Filter (EKF) for
GPS and pressure sensor fusion, with measurement updates



from multiple atmospheric weather balloons generated by a
Gaussian Process Regression (GPR) model.

II. BACKGROUND

In surveying the air data calibration literature, three classes
of techniques are predominant: altitude methods, airspeed
methods, and pressure methods. Altitude and airspeed methods
seek to determine airspeed and altitude error as a function
of Mach number by using external truth sources, such as a
calibrated chase aircraft or GPS. In general, these methods
are simple to execute and require minimal instrumentation
and data analysis. Pressure methods tend to require more
instrumentation, but offer the benefit of measuring the static
pressure errors directly by comparing the aircraft’s static pres-
sure measurement to an offboard truth source like a weather
balloon or a trailing cone.

A. Altitude Methods

The most widely used altitude method for SPE calibration
is the Tower Fly-by (TFB) [1] [2]. A general TFB diagram
is shown in Figure 1. The TFB technique is simple to
fly and requires minimal data analysis. The TFB aims to
determine an altitude error correction, ∆Hpc, by comparing
the indicated altitude in the aircraft’s altimeter, Hic, to an
externally measured reference altitude, Hc, which is derived
from a theodolite measurement at a ground-based observation
tower. The aircraft flies at a constant altitude and airspeed as
it passes by the observation tower, where an observer records
the “truth” altitude, Hc. The aircraft records its altitude, Hic,
simultaneously. The error correction relationship is given by

∆Hpc = Hc −Hic (2)

By repeating this procedure at a range of airspeeds (i.e., Mach
numbers), one can construct a curve of altitude errors as
a function of Mach number. Since altitude is a function of
pressure, one can construct a curve of SPE as a function of
Mach by mapping the altitudes to pressures. The SPE curve
can then be used to correct the aircraft’s static pressure mea-
surements and, thus, its airspeed and altitude measurements.
While the TFB is simple and accurate, it requires multiple
fly-bys to sample the underlying ∆Pp(Mic) curve, a team
of individuals at the tower site to perform manual theodolite
readings, and most importantly, a well-surveyed TFB site.
Additionally, obtaining TFB data for transonic and supersonic
conditions is difficult due to sonic boom concerns for nearby
structures and personnel, as well as structural concerns for the
test aircraft due to the high dynamic pressure experienced at
low-altitude supersonic speeds.

B. Airspeed Methods

Following a similar logic, airspeed methods seek to deter-
mine SPE by first determining airspeed error. These methods
have seen the most innovation in recent literature due to the
emergence and proliferation of Differential Global Positioning
System (DGPS) in military and commercial aircraft. The
“wind triangle” forms the basis of most airspeed techniques [3]
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Fig. 1. Illustration of the Tower Fly-by.

Fig. 2. Illustration of the wind triangle.

[4] [5] [6]. Figure 2 illustrates this simplified two-dimensional
transformation from the body frame (b-frame) to the naviga-
tion frame (n-frame).

In [4], the true airspeed error, ∆VT , which is caused by SPE,
is estimated using DGPS by assuming a constant and unknown
wind vector. The aircraft flies a 360-degree turn at a constant
indicated altitude and indicated airspeed, which allows the
unknown parameters (vW and vTi

) to become observable to a
linear model. The model is developed using two-dimensional
vector geometry from the wind triangle using

∆VT cos(ψ) + vWN
= vG cos(ϕ)− vTi cos(ψ) (3)

∆VT sin(ψ) + vWE
= vG sin(ϕ)− vTi sin(ψ) (4)

where vTi is the aircraft’s measured (or SPE corrupted) True
Airspeed (TAS), ψ is true heading, vG and ϕ are ground speed
and ground track respectively, as measured by DGPS, ∆VT is
the unknown TAS error, and vWN

and vWE
are the unknown

constant wind vector components. Having obtained ∆VT , the
airspeed error can be converted to a pressure error, ∆Pp for
the specific Mach number flown [2], with the assumption that
there is no total pressure PT error in the system. Much like
the TFB, this method requires multiple experiments to collect
point estimates of the underlying ∆Vpc(Mic) function across
the full Mach range. It also requires cooperative maneuvering
(e.g., executing a level turn at a constant Mach number) by
the target aircraft. Additionally, the estimation process is non-
trivial: vTi is difficult to measure since it must be derived



from Indicated Airspeed (IAS), Vic, and ambient temperature,
Ta, which itself requires external calibration from the TFB or
weather balloons.

To overcome some of these challenges, another class of
calibration methods [6] [7] [8] [9] [10], use recursive esti-
mation techniques such as the Kalman Filter (KF) [11] to
converge onto calibration parameters of interest. Notably, in
[7], the underlying SPE curve is estimated as a function
of Mach number using as little as a single experiment or
test point, using a Backwards Smoothing Extended Kalman
Filter (BSEKF) [12] and a cooperative FTT consisting of a
level acceleration, which allows for characterization of the
Mach number dependency, and a level turn, which allows for
estimation of the unknown wind vector. While these methods
increase efficiency by relaxing the aforementioned assump-
tions, they still require dedicated and cooperative aircraft
maneuvering to converge on a reliable estimate of SPE.

C. External Reference Methods
One of the most accurate methods for estimating SPE is

the pressure survey method [1]. In this technique, a weather
balloon capable of measuring Pa, Ta, and GPS altitude, Hg , is
launched into the local airmass. The balloon measurements of
Pa can then directly be used to compute SPE using (1). This
method provides the most accurate results since it directly
measures the desired error. The survey method is limited
by the assumed constant atmospheric properties between the
balloon launch site and the area where the experimental
aircraft collects its data. This assumption also limits the ability
to perform this technique online since the truth data needed
for calibration is only available and/or valid for a limited time
and geographical region.

D. Contributions
Having explored the underlying characteristics of the SPE

problem and the state-of-the-art solutions, we now turn to the
proposed algorithm, henceforth referred to as Non-Cooperative
Calibration for Air Data Systems (NCADS), and its specific
contributions. The proposed NCADS algorithm:

(a) Builds on the hybrid pressure-airspeed-altitude algo-
rithm from [7] by eliminating the need for cooperative
aircraft maneuvering.

(b) Enables full Mach number domain characterization in-
cluding transonic and supersonic effects using a single
experiment.

(c) Optimally combines multiple external weather balloon
measurements into a GPR model to create an atmo-
spheric sensor model for a BSEKF.

E. Outline
The remainder of this paper is organized into three ad-

ditional sections. Section III develops the flying and data
processing algorithms that enable the research advancements
proposed herein. Section IV presents results from a T-38C
flight test program comparing the proposed algorithm against
state-of-the-art methods. Finally, Section V summarizes the
research effort, and presents conclusions and future work.

III. METHODOLOGY

A. General Approach

The general approach of the NCADS algorithm contains
four steps:

(a) Create an atmospheric sensor model for use in a BSEKF
by combining readings from any number of weather
balloons into a single GPR model.

(b) Create a GPS velocity sensor model for use in a BSEKF
by equating the relationship between 3D GPS velocity,
aircraft attitude, static pressure, and ambient tempera-
ture.

(c) Use the above sensor models in a five-state BSEKF to
produce optimal estimates of ambient pressure, ambient
temperature, and three-dimensional wind.

(d) Use the estimated ambient pressure readings from the
BSEKF and (1) to produce estimates of SPE, then fit
a smoothing spline model through the resulting SPE
observations to produce a final lookup table for the
ADC.

B. BSEKF State Dynamics

The NCADS algorithm uses a five-state BSEKF to produce
estimates of the state vector

xk =
[
Pa(tk), Ta(tk), vWN

(tk), vWE
(tk), vWD

(tk)
]⊤

(5)

where tk is the time at sample k, Pa is ambient pressure, Ta
is ambient temperature, and vWN

, vWE
, vWD

, are the North,
East, and Down wind velocities, respectively.

The propagation dynamics for the pressure (Pa) and temper-
ature (Ta) states are computed using the standard atmosphere
[13] equations and based on the change in GPS altitude (Hg)
between tk and tk+1 using:

Pa(tk+1) = Pa(tk) + ∆Pa (6)
∆Pa = PSL (δ [Hg(tk)]− δ [Hg(tk+1)]) (7)

Ta(tk+1) = Ta(tk) + ∆Ta (8)
∆Ta = TSL (θ [Hg(tk)]− θ [Hg(tk+1)]) (9)

where δ is the pressure ratio function, PSL is sea-level
pressure, θ is the temperature ratio function, and TSL is sea-
level temperature, as defined in the standard atmosphere model
[2] [13].

Since both the pressure ratio (δ) and temperature ratio (θ)
functions are sampled using GPS altitude (Hg) instead of the
unknown true pressure altitude (Hc), the BSEKF discrete-time
propagation noise uncertainty matrix (Qd) for both Pa and Ta
states is constructed using:

QdPa
= σ2

Pa
∆Pa (10)

QdTa
= σ2

Ta
∆Ta (11)

where the variances σ2
Pa

and σ2
Ta

are the appropriately tuned
to allow for subsequent measurement updates to effectively
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Fig. 3. Illustration of GPR atmospheric model for BSEKF.

correct the state estimates. For the results presented in this
paper, the variances were set as follows:

σ2
Pa

= 22 [psi2] (12)

σ2
Ta

= 22 [K2] (13)

The propagation dynamics for the North, East, and Down
wind (vWN

, vWE
, vWD

) states were modeled as a three-state
First Order Gauss-Markov (FOGM) process [14] using GPS
altitude (Hg) as the correlation variable. For the results pre-
sented in this paper, the FOGM parameters were set as:

σVw =
[
30 30 1

]
[kts] (14)

τVw
=

[
100 100 1

]
[ft] (15)

where each of the three dimensions in the vectors in (14)
and (15) correspond to the North, East, and Down wind state
components.

C. Atmospheric Sensor Model
Having established state propagation dynamics for the five

BSEKF states, we now turn to the first measurement model
used to correct state estimates using sensor updates. As
illustrated in Section II-C, one of the main disadvantages
of external reference methods for ADS calibration was the
limited accuracy of using a single weather balloon to model
the entire geographical area used during the flight profile.
Here we introduce the use of machine learning methods such
as GPR [15] to not only produce fused Pa, Ta, vWN

, and
vWE

measurements from multiple weather balloons, but also
estimate the variance in such measurements so they can be
effectively integrated into the BSEKF. Using notation from
[16], BSEKF measurement updates are computed using:

rk = zk −Hkx̂
−
k (16)

Kk = P−
k H

T
k

(
HkP

−
k H

T
k +Rk

)−1
(17)

x̂+
k = x̂−

k +Kkrk (18)

P+
k = P−

k −KkHkP
−
k (19)

where zk is the measurement vector at time tk, Hk is
the measurement matrix (or linearized measurement function
for nonlinear measurements), Rk is the measurement noise
covariance matrix, x̂−

k and x̂+
k are the pre- and post-update

state estimates, and P−
k and P+

k are the pre- and post-update
state estimation covariance matrices, respectively. As shown
in (16)-(19), expressing weather balloon measurements using
zk and Rk is required to integrate them into the BSEKF.

In general, a GPR model [15] can be considered a type
of machine learning process, and it is useful where the
observations being modeled do not fit the assumptions of a
linear model [17] or the form of their relationship is not well
known a priori. Unlike a linear model of the form

y = Xβ + ϵ (20)

where y is the vector of observations, X is the linear model
design matrix, and ϵ is a vector of Independent Identically
Distributed (IID) White Gaussian Noise (WGN), a GPR model
follows the form

P (y|X) = N (y|µ,K) (21)

where µ is the vector of mean values for the chosen kernel
function, and K is the kernel’s covariance function. For
the results presented in this research, the following kernel
covariance functions were used

k(xi, xj) = exp

(
−d(xi, xj)

2

2l2

)
+ w(xi, xj) (22)

where d(xi, xj) is the Euclidean distance between xi and xj ,
l is the length scale of the kernel (set to a value of 1 for the
results shown), and w is given by

w(xi, xj) =

{
σ2, if i = j

0, i ̸= j
(23)

where σ2 is the noise level parameter of the kernel (set to
a value of 1 for the results shown). For this research, a
four-dimensional BSEKF measurement model was formed by
fitting a separate GPR model for y = Pa, Ta, vWN

and vWE
,

each as a function of GPS altitude, i.e. Xk = Hg(tk). Figure 3
illustrates the process of producing a single four-dimensional
measurement model from any number of N independent
weather balloons.

D. GPS Velocity Sensor Model

Given the potential geographical distance between the air-
craft and the area where the weather balloons sampled the
atmosphere, as well as the possibility of the aircraft exceeding
the GPS altitude envelope of the weather balloons, it is also
important to consider the onboard GPS velocity information
as a means to improve the estimates of the BSEKF states.
The NCADS algorithm uses a modified version of the GPS
measurement update developed in [7]. In general, we consider
the wind triangle illustrated in Figure 2 but using its three-
dimensional form including roll, pitch, yaw, AoA, and Angle
of Sideslip (AoS) angles, to relate measured GPS velocities to
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Fig. 4. Example GPR model using measurements from two weather balloons.

the aircraft’s TAS. The GPS velocity measurement model in
NCADS is developed using

M̂pc = f(P̂a, PT ) (24)

â = aSL

√
T̂a
TSL

(25)

v̂T = M̂pcâ (26)

v̂w
T =

[
v̂T 0 0

]T
(27)

v̂n
T = Cn

bC
b
wv̂

w
T (28)

v̂n
g = v̂n

T +
[
v̂WN

v̂WE
v̂WD

]T
(29)

where the function in (24) is given in [2], the Direction Cosine
Matrices (DCMs) Cn

b , and Cb
w are created using the rotation

matrices defined in [18], and v̂n
g is the estimated GPS velocity

vector to be used in the BSEKF measurement update.

E. Final SPE Model

Leveraging the use of NCADS in its ability to omit dedi-
cated or cooperative experiments for calibration, a single flight
sortie from takeoff to landing can be processed through the
BSEKF to produce a time history of estimated variables. Given
BSEKF estimates of Pa, estimated SPE observations can then
be computed using (1). Next, given a time history of SPE and
corresponding Mic, we use a smoothing spline model [19] to
compute the final SPE vs. Mic lookup table for the aircraft’s

ADC. For the results presented in this paper, the following
smoothing spline “knot” locations (k) were used:

k =
[
0 0.8 0.9 0.95 0.96 0.97 1.02

]
(30)

IV. RESULTS

Figure 4 illustrates the results of Pa, Ta, vWN
and vWE

GPR models generated using observations from two indepen-
dent weather balloons. As shown, the GPR model effectively
produced estimates of the appropriate atmospheric parameters
along with estimated model covariance to be used in the
BSEKF. It is important to note the appropriate growth in
model covariance as the sampled altitude exceeds the upper
limit of the balloon observations. A single T-38C flight lasting
approximately 1.1 hours was processed entirely from takeoff
to landing with the NCADS algorithm, using measurement
updates from onboard GPS velocities, and the atmospheric
GPR model from the two weather balloons. Figure 5 illustrates
the BSEKF-derived SPE observations in blue plotted against
Mic along with the final smoothing spline model in red.
Finally, the existing T-38C SPE lookup table is plotted in
green for comparison. The existing lookup table was derived
using data from existing GPS and external reference methods
spanning approximately 6.6 flight hours and multiple dedicated
experiments. Note the installed SPE model does not cover
the Mic range between 0 and 0.3 due to the limitations
of the necessary in-flight cooperative maneuvers. As shown,
the NCADS algorithm was able to effectively reproduce the
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Fig. 5. SPE model for T-38C derived using NCADS algorithm over a single flight.

existing SPE model for the target aircraft using a single flight
with no dedicated experiments or FTTs, and produced a curve
spanning the entire Mic envelope from 0.0 to 1.02.

V. CONCLUSIONS

This paper has developed a novel algorithm for aircraft ADS
calibration capable of producing full-envelope results using a
single flight, without the need for dedicated experiments or
FTTs. The algorithm was validated using real-world data from
a T-38C flight test experiment and compared against existing
methods. As demonstrated, the NCADS algorithm effectively
reduces flight test time needed for ADS calibration for all
aircraft, and is especially suitable for aircraft where dedicated
experiments are infeasible or impractical, such as non-powered
aircraft and commercial space air vehicles.
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