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A classical method for reconstructing atmospheric turbulence from onboardmeasurements

of airdata and inertial sensors was improved and implemented for real-time computation.

The reconstructed turbulence measurements were then included in a system identification

analysis to estimate nondimensional stability and control derivatives in a longitudinal short

period model using the maximum likelihood equation-error method in the frequency domain

with Fourier-transform data. Flight test results using a subscale transport-type airplane

showed that the power spectra for the reconstructed vertical gusts resembled the von Kármán

turbulence model. Flight data in moderate and severe turbulence exhibited a decorrelation

of the modeling data that increased the accuracy of parameter estimation results using the

reconstructed turbulence. In particular, pitch rate and angle-of-attack rate derivatives could

both be identified from flight data about straight and level flight without special maneuvers or

prior information.

Nomenclature
ax , ay , az = accelerometer measurements, g

b = wingspan, ft

Ca = nondimensional aerodynamic coefficient for a = Z or m

cov = covariance operator

c̄ = mean aerodynamic chord, ft

f = frequency, Hz

g = gravitational acceleration, ft/s2

Ixx , Iyy , Izz , Ixz = moments and product of inertia, slug-ft2

j = imaginary number, =
√
−1

MT = pitching moment from propulsion, ft-lbf

m = aircraft mass, slug

p, q, r = angular rates, rad/s
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q̄ = dynamic pressure, lbf/ft2

< = real part

S = wing reference area, ft2

s(.) = standard error

t = time, s

u, v, w = translational velocities, ft/s

V = true airspeed, ft/s

x, y, z = body-axis coordinates, ft

α = angle of attack, rad

β = sideslip angle, rad

∆ = perturbation

δe = elevator deflection, rad

σ = standard deviation

φ, θ, ψ = Euler angles, rad

ω = frequency, rad/s

|.| = magnitude

∠ = phase angle, deg

Subscripts

0 = reference value

Superscripts
† = complex conjugate transpose

ˆ = estimated value

−1 = matrix inverse

T = matrix transpose

Û = time derivative

˜ = Fourier transform

¯ = average value
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I. Introduction

Atmospheric turbulence is often present during flight tests. Because turbulence affects the motion of the aircraft

but is not directly measured, the accuracy of most system identification analyses degrades when turbulence levels

are significant. For example, the maximum likelihood output-error method using time-domain data [1], assumes all

inputs are accurately measured. When significant turbulence is present, matches to measured output data become poor

and parameter estimates incur biases and large uncertainties.

The most common and simple approach to mitigate the adverse effects of turbulence on system identification is to

only conduct flight tests in calm air when the effects of turbulence are negligible. However, this practice can result

in schedule delays in testing and additional costs. In cases where the flight data cannot be repeated, such as during

accident investigations or expensive flight test experiments, the effects of turbulence can lead to inaccurate estimation

results. If testing in turbulence cannot be avoided, an effective technique is to increase amplitudes of excitation inputs to

reduce the relative effects of turbulence [2], although care must be taken to keep the aircraft responses small enough to

maintain modeling assumptions and to stay within maneuver load limits.

Another approach is to alter the identification method to account for the turbulence. In the maximum likelihood

filter-error method [1] and nonlinear state estimation [3], turbulence can be considered process noise or an additional

state driven by white noise. These methods can be difficult to use because of increased complexity, convergence

problems, and unrealistic assumptions about turbulence. In contrast, the maximum likelihood equation-error method

[2, 4] is a simpler approach that allows for process noise on the aircraft model and is routinely used for aircraft system

identification. Equation error was used in Ref. [2] to obtain satisfactory estimates of stability and control derivatives for

flight in turbulence. References [5, 6] further investigated sources of error and colored noise using this method.

This paper presents a different approach in which turbulence was reconstructed from other measurements and

included as a known input in the identification. The reconstruction was based on a classical technique that combines

measured airdata and inertial information, but was improved in this work for the purpose of system identification by

using more accurate equations and a frequency-domain transform. The approach was demonstrated using flight test data

for a subscale airplane to estimate stability and control derivatives in the short-period model using the equation-error

method with Fourier-transform data. The main contributions of this paper are the improved turbulence reconstruction

during maneuvering flight and the discussion about its application to aerodynamic parameter estimation.

The organization of this paper is as follows. Section II describes the mathematical representation of the turbulence.

Section III discusses the aerodynamic model for the short period mode approximation considering vertical gusts.

Section IV presents the classical and enhanced methods for turbulence reconstruction. Section V briefly summarizes

parameter estimation in the frequency domain using equation error. Section VI describes the T-2 subscale airplane.

Section VII presents analysis results using flight test data. Lastly, Section VIII provides further discussion and

conclusions.
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All of the software used in this work was written in MATLAB®. Some of the software used for the data analysis,

collinearity assessment, Fourier transforms, and parameter estimation tasks came from the software toolbox called

System IDentification Programs for AirCraft, or SIDPAC [7], which is associated with Ref. [4].

II. Turbulence Definition
The terms turbulence and gusts are used in this paper to refer to any motion of the atmosphere relative to an inertial

reference frame. The development is focused on the vertical and apparent pitching components of turbulence, but the

approach is similar for other components.

The convention for turbulence used in Refs. [8–10] is followed in this paper, in which the vertical gust component

wg is positive when the wind moves downward around the aircraft, in the direction of the positive body z-axis. With

regard to the modeled aerodynamics, this motion is equivalent to the airplane moving upwards with an equal velocity

through a still atmosphere. Small wg > 0 therefore create the approximate angle of attack increment

αg ' −
wg

u
(1)

As the aircraft traverses a turbulence field, an apparent rotational motion of the atmosphere relative to the aircraft

manifests from the gust gradient. Assuming the turbulence field is frozen in time, the resulting pitch rate gust is

approximated as

qg = −
∂wg

∂x
= −

∂wg/∂t
∂x/∂t

' −
Ûwg

u
' Ûαg (2)

for large spatial wavelengths of turbulence relative to the aircraft size, and for small changes in forward speed. This

definition of qg uses a sign convention consistent with αg.

III. Aerodynamic Model
The aerodynamic forces and moments are represented as first-order Taylor series expansions about a reference

flight condition using stability and control derivatives. Perturbations to the nondimensional aerodynamic coefficients

involving short-period motions for a rigid-body airplane are postulated in the body axes [8] as

∆Ca = Caw

(
∆w − ∆wg

)
+ Ca Ûw

(
Ûw − Ûwg

) c̄
2u0
+ Caq

(
q − qg

) c̄
2u0
+ Caδe

∆δe (3)

Equation (3) applies to both the vertical force coefficient (a = Z) and to the pitching moment coefficient (a = m). The

aircraft mass, geometry, airspeed, and dynamic pressure are assumed to be constant. By substituting Eqs. (1) and (2)
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into (3), the aerodynamic coefficients can alternatively be expressed for low angles of attack in the stability axes [11] as

∆Ca = Caα

(
∆α + ∆αg

)
+ Ca Ûα

(
Ûα + Ûαg

) c̄
2V0
+ Caq

(
q − Ûαg

) c̄
2V0
+ Caδe

∆δe (4)

In Section VII, the unknown stability and control derivatives in Eq. (4) are estimated using flight test data and the

equation-error method described in Section V.

IV. Turbulence Reconstruction
A classical method for reconstructing turbulence, sometimes called the “flow vane technique,” was explored in

Ref. [12], formalized in Refs. [13, 14], and revisited in other works. The fundamental concept is to remove the motion

of the airplane from measured air flow data to recover the motion of the atmosphere, or turbulence.

The linearized output equation for the angle of attack measurement using an air flow vane is

αv = α −
xα
V

q + αg (5)

The first term, α, is the angle of attack at the center of mass. Reference [13] suggested integrating vertical accelerometer

measurements az to obtain α. The second term in Eq. (5) is due to an offset xα of the vane from the center of mass along

the body x-axis, and can be computed from measurements of V and q. The last term, αg, can then be reconstructed

because the other terms are known. In contrast to other model-based estimation approaches, no assumptions on the

stochastic character of the turbulence or dynamics of the aircraft are imposed.

The flow vane technique is simple and has been used successfully to characterize the spectral content of turbulence

components from flight data. However, the technique applies simplifications in the vane measurement equation and in

the computation of α which reduces its accuracy. Consequently, flight tests were typically conducted in straight and

level flight with control effectors mechanically fixed to minimize the command response of the airplane [12]. This

approach is helpful for reconstructing turbulence but is detrimental for a system identification analysis, which usually

requires movement of the control effectors.

The classical technique was improved for system identification analysis from maneuvering flight in three ways. First,

the nonlinear vane output equation was used, instead of the linearized version in Eq. (5), to improve modeling fidelity.

Assuming rigid-body dynamics and negligible forward gusts compared to the airspeed, the angle of attack vane output is

αv = arctan
(
w − xαq + yαp − wg

u − yαr + zαq

)
(6)

where yα and zα are the locations of the vane along the body y- and z-axes relative to the center of mass. By rearranging
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Eq. (6) for wg and substituting it into Eq. (1), the angle of attack gust is

αg = −
1
u
[w − xαq + yαp − tanαv (u − yαr + zαq)] (7)

This reconstruction is similar to Eq. (5) but retains the trigonometric nonlinearity in the vane measurement, as well

as contributions from all angular rates. Turbulence can excite all axes of the aircraft motion, making the angular

rate contributions significant, particularly for smaller aircraft with lower mass and inertia [15]. For the flight data

discussed later in Section VII, about 30% of the variation in the reconstructed turbulence from the wing-tip vane data

was attributed to the angular rate terms.

Second, the classical technique was improved by solving the nonlinear aircraft kinematic equations [4, 16]

Ûu = rv − qw + gax − g sin θ (8a)

Ûv = pw − ru + gay + g sin φ cos θ (8b)

Ûw = qu − pv + gaz + g cos φ cos θ (8c)

for u, v, and w using numerical integration and measured data, and then substituting the results into Eq. (7). The initial

conditions can be taken as

u(t0) = V(t0) cosα(t0) cos β(t0) (9a)

v(t0) = V(t0) sin β(t0) (9b)

w(t0) = V(t0) sinα(t0) cos β(t0) (9c)

This step was more accurate than the classical practice of integrating az measurements and allows for arbitrary motion

of the airplane and movement of the control effectors.

Third, the reconstructed turbulence was transformed into the frequency domain using a Fourier transform, as

discussed in Section V. The transformation removes the low-frequency drift in the solution to Eq. (8), and consequently

in Eq. (7), which is due to measurement noise and bias errors in the sensor data. The transformation also removes the

high-frequency content which contains unmodeled dynamics and noise. The transformation is only performed over the

modeling bandwidth of interest, which produces a relatively small number of data points for an efficient analysis in the

frequency domain.

These enhancements improved the accuracy of the reconstructed turbulence and facilitated its inclusion as a measured

input for system identification in the frequency domain. These improvements can also be applied to reconstructions

of forward and lateral gust components. Rotational gusts cannot be directly reconstructed in this way and have to
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be derived from the translational gusts as in Eq. (2) because gyroscopes measure inertial information rather than

air-relative information. The primary cost for reconstructing turbulence using this approach is high-quality and low-noise

instrumentation.

V. Parameter Estimation
The aerodynamic models in Eq. (4) are linear functions of the stability and control derivatives to be estimated, and

can be cast in the standard form

z = y + v (10a)

= Xθ + v (10b)

where z is the dependent variable, y is the model output, v is the error, X is the matrix of explanatory variables, and θ is

the vector of model parameters.

The dependent variables considered here are computed from measured data [4] as

CZ =
mg

q̄S
az (11a)

Cm =
Iyy
q̄Sc̄

[
Ûq +

(
Ixx − Izz

Iyy

)
pr +

Ixz
Iyy

(
p2 − r2

)
− MT

]
(11b)

Equation (11) represents the nonlinear, rigid-body, longitudinal motion of the aircraft and accounts for time variations

in quantities such as mass and airspeed. The explanatory variables are computed from measured data, and the model

parameters are the stability and control derivatives. For example using CZ ,

z =
[

CZ (t1) CZ (t2) . . . CZ (tN )

]T
(12a)

X =



∆α(t1) + ∆αg(t1)
[
Ûα(t1) + Ûαg(t1)

]
c̄

2V0

[
q(t1) − Ûαg(t1)

]
c̄

2V0
∆δe(t1)

∆α(t2) + ∆αg(t2)
[
Ûα(t2) + Ûαg(t2)

]
c̄

2V0

[
q(t2) − Ûαg(t2)

]
c̄

2V0
∆δe(t2)

...
...

...
...

∆α(tN ) + ∆αg(tN )
[
Ûα(tN ) + Ûαg(tN )

]
c̄

2V0

[
q(tN ) − Ûαg(tN )

]
c̄

2V0
∆δe(tN )


(12b)

θ =

[
CZα CZ Ûα CZq CZδe

]T
(12c)

v =
[
vZ (t1) vZ (t2) . . . vZ (tN )

]T
(12d)
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over N time samples. A similar representation is used for Cm.

After terms in Eq. (10) are computed and assembled, modeling data are converted into the frequency domain. The

next step is to remove a linear trend from the data that equates the endpoints of the time series to zero to improve the

convergence of the Fourier transform [4, 17]. Then the Fourier integral

z̃( jωk) =

∫ T

0
z(t) e−jωk tdt (13)

is computed using the chirp z-transform over the time duration T and for frequency indices k = 1, 2, . . . , M. The

transform is applied with arbitrary frequency resolution and over the frequency bandwidth of interest. This yields

a relatively low number of frequency-domain data samples to process during the estimation, but that have good

signal-to-noise ratios, resulting in an efficient estimation. Because the data are detrended, biases and low-frequency drifts

are removed from the data. Similarly, because frequencies above the modeling bandwidth are not used, high-frequency

noise and unmodeled dynamics are automatically removed from the data.

The maximum likelihood equation-error solution to Eq. (10) using Fourier transform data minimizes the cost

function

J(θ) =
1
2
(z̃ − ỹ)† (z̃ − ỹ) (14)

Because the estimation problem is decoupled, the estimation is performed twice: once for CZ and once for Cm. The

optimal solution to Eq. (14) for the model parameters is

θ̂ =
[
<

(
X̃†X̃

)]−1
<

(
X̃†z̃

)
(15)

The estimated parameter covariance matrix is

cov(θ̂) = σ2
[
<

(
X̃†X̃

)]−1
(16)

where the equation-error variance can be estimated from the residuals [18] as

σ̂2 =
(z̃ − ỹ)† (z̃ − ỹ)
2T ( fM − f1)

(17)

The parameter standard errors are the square-roots of the diagonal elements in Eq. (16).

Equations (13) to (17) are formulated for batch estimation, after all the modeling data have been collected.

Alternatively, the estimation can be performed in real time, during a flight test and as data are being collected. This

is mechanized by reconstructing the turbulence at each time step and applying a recursive Fourier transform. The
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equation-error solution requires only small amounts of computational resources when performed in the frequency

domain, and can be repeatedly applied at a feasible update rate. For more information on the equation-error approach

and on real-time implementation, see Ref. [4].

Although the equation-error method using Fourier-transform data was described in this section, other methods could

also be used for parameter estimation. However, time-domain methods must contend with drift in the reconstructed

data, for example by including trend models or by high-pass filtering the data, and higher-frequency dynamics and

measurement noise. The output-error method could also be applied, but can not generally run in real time. Using

Fourier-transform data, output error is restricted to linear time-invariant state models, which is an assumption often

violated for flight data in turbulence. Frequency response techniques could also be applied, but must contend with

multiple correlated inputs and transient responses in the data.

VI. Test Aircraft
The T-2 Generic Transport Model (GTM) airplane, which is shown in Fig. 1, was used to demonstrate the approach.

The T-2 is a 5.5% dynamically-scaled version of a transport-type aircraft, with twin jet engines mounted under the

wings and retractable tricycle landing gear. Aircraft geometry and nominal mass properties are listed in Table 1. The

nominal flight condition investigated was straight and level flight at about 5 deg angle of attack, 135 ft/s airspeed, and

1500 ft altitude.

Fig. 1 T-2 airplane (credit: NASA Langley Research Center).

The aircraft is instrumented with research-quality hardware, and was flown remotely from the Airborne Subscale

Transport Aircraft Research (AirSTAR) flight-test facility. The instrumentation includes a micro inertial navigation

system, an additional inertial measurement unit, and air data probes attached to booms mounted on each wingtip. Flight

data were measured at 200 Hz, downsampled to 50 Hz, and digitally low-pass filtered to 16 Hz for analysis.

Flight test data for 23 maneuvers in various levels of turbulence from flights 15, 30, and 33 were analyzed. An

example of one maneuver in severe turbulence is shown in Fig. 2. The elevator input was an orthogonal phase-optimized

multisine [4], which contained power between 0.3 and 2.1 Hz. The flight data also included multisine inputs on the

aileron and rudder, but only the longitudinal motion was examined in this paper. In comparison to the elevator multisine,
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Table 1 T-2 aircraft geometry and nominal mass properties.

Symbol Value Unit
c̄ 0.915 ft
b 6.849 ft
S 5.902 ft2

m 1.585 slug
Ixx 1.179 slug-ft2

Iyy 4.520 slug-ft2

Izz 5.527 slug-ft2

Ixz 0.211 slug-ft2

pilot inputs were low in amplitude and frequency.

The turbulence level was quantified using the empirical metric σw [2–7 Hz], which was introduced in Ref. [2] to

measure the power in w between 2 and 7 Hz. The vertical component of velocity was used because the turbulence was

most apparent in the vertical axis and was speculated to be the result of convection from diurnal heating. The range 2

to 7 Hz was selected because it was higher in frequency than the rigid-body dynamics but still contained appreciable

content due to the turbulence. The metric correlated well with turbulence ratings from the pilot, who was flying the

airplane from the ground using a heads-up display drawn from telemetered data and a map of the local terrain. Light,

moderate, and severe turbulence were judged have σw [2–7 Hz] values of approximately 0.2, 0.4, and 0.6 ft/s, respectively.

Reference [2] discusses real-time computation of this metric from airspeed and angle of attack measurements using

spectral density estimation and frequency binning. A different approach was employed here, where the detrended

data were projected on a Fourier sine series [4, 17] and coefficients outside the 2–7 Hz bandwidth were discarded.

The turbulence metric was computed as the standard deviation of the reconstructed signal. Applied to a Monte Carlo

simulation, this technique produced turbulence metrics with less scatter than using the spectral density approach.

VII. Results

A. Turbulence Reconstruction

An example of turbulence reconstruction is shown in Fig. 3 for flight test data in severe turbulence. Figure 3(a)

is the reconstruction in the time domain, whereas Fig. 3(b) is the reconstruction in the frequency domain, which

is represented by Fourier transform magnitude and phase data. The modeling bandwidth was between 0.1 and 3.0

Hz, which included the short period mode (1 Hz), the elevator excitation, and the range for which the reconstructed

turbulence had appreciable power. The reconstructed turbulence appeared similar to what would be used for simulation

data [19], and had an exponential decrease in magnitude with increasing frequency.

The power spectra of reconstructed vertical gusts are shown for two levels of turbulence in Fig. 4. The spectra were
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Fig. 2 Flight test data in severe turbulence.

computed using the one-sided periodogram [20]

Gww( jω) =
2
T
|w̃g( jω)|2 (18)

for each maneuver, and then averaged at each frequency over the ensemble. This computation was possible because the

chirp z-transform allows for arbitrary specification of the analysis frequencies, regardless of the maneuver time duration.

Unlike in Fig. 3, these results are shown up to the 25 Hz Nyquist frequency. The red and blue lines in Fig. 4 correspond

to flight data in light and severe turbulence, and each consist of six averaged maneuvers having roughly the same

turbulence level. The black trend lines fitted to estimated spectra over 1 to 16 Hz had an average slope −1.86 ± 0.26,

which was in statistical agreement with the theoretical value of −5/3 or about −1.67 used in the von Kármán turbulence

model [19].

B. Collinearity Analysis

When regressor data are nearly collinear or linearly dependent, an estimator cannot decipher between the effects,

and resulting parameter estimates are biased with large uncertainties [4]. Pairwise correlation between two explanatory
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Fig. 3 Reconstructed angle-of-attack gust in severe turbulence.

variables, xj and xk , is measured by the correlation coefficient

rjk =

∑N
i=1

[
xj(ti) − x̄j

]
[xk(ti) − x̄k]√∑N

i=1
[
xj(ti) − x̄j(ti)

]2 ∑N
i=1 [xk(ti) − x̄k(ti)]2

(19)

which ranges between ±1. For flight dynamics analysis, correlations larger than 0.9 in absolute value are considered

highly correlated and poor estimation results can be expected. Visually, data with high correlation values appear as

nearly straight lines when the time series are plotted against each other.

Example plot matrices are shown in Fig. 5 for flight data in light and severe turbulence. The data used to generate

these plots only contained power over the modeling bandwidth. The matrix diagonal labels the associated model

parameters from Eq. (4), the lower triangle shows the pairwise correlation coefficients computed using Eq. (19), and the

upper triangle shows cross plots of the time series.

For light turbulence, shown in Fig. 5(a), most pairs of explanatory variables had low correlations. Data for Caδe
and
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Fig. 4 Power spectra of reconstructed vertical gusts in light and severe turbulence.
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Fig. 5 Plot matrices of explanatory variables.

Caq , and also for Caδe
and Ca Ûα , were moderately correlated. As expected, data for Ca Ûα and Caq were highly correlated,

which is why for maneuvers in straight and level flight these terms are typically lumped together as a single parameter

C̄aq for estimation, or rather why special maneuvers or prior information are used [4, 21–23].

For severe turbulence, shown in Fig. 5(b), most of the parameter correlations decreased in absolute value. The only

exception was data for Caα and Caδe
, but this correlation did not increase to a significant level. The reduction for Ca Ûα

and Caq was most significant, switching sign and becoming almost completely uncorrelated. Pairwise correlations for

the 23 flight test maneuvers, which are shown as a function of turbulence level in Fig. 6, confirmed these trends. Larger

changes in correlation were exhibited when the data were not restricted to the modeling bandwidth, but were attributed

to higher-frequency noise and unmodeled dynamics.

Figures 5 and 6 indicate that some level of turbulence is useful for decorrelating the explanatory variables, which

can lead to more accurate parameter estimates. This result is counter-intuitive because it is standard practice to conduct
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Fig. 6 Pairwise correlations for various turbulence levels.

flight tests in calm air, without turbulence. However, with accurate reconstructions of turbulence included in the system

identification analysis, more accurate results can be obtained.

In addition to pairwise collinearity, multicollinearity was also examined, which is when one regressor resembles a

linear combination of other regressors. Multicollinearity problems cannot always be detected using pairwise correlations

and require other tests. Typical multicollinearity detection techniques [4] were applied and no multicollinearity was

found.

C. Parameter Estimation

Equation-error parameter estimation was applied to the 23 flight test maneuvers, and results are given in Fig. 7 as a

function of the turbulence level. Uncertainties on the model parameters are shown as ±2σ error bounds.

Parameter estimates using the full model in Eq. (4) with reconstructed turbulence are shown as blue circles. All

stability and control derivatives were estimated, and the estimates were generally consistent over the turbulence range.

In particular, estimates of CZ Ûα and Cm Ûα , which are difficult to identify accurately, were generally consistent and were

similar to the estimates −2.3 and −11.5, respectively, which were obtained using first-principles theory [24].

For comparison, the reduced aerodynamic model

∆Ca = Caα

(
∆α + ∆αg

)
+ C̄aq

qc̄
2V0
+ Caδe

∆δe (20)

was also used for estimation. This model corresponds to the normal case where turbulence is not reconstructed (but is
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Fig. 7 Parameter estimates and 2σ uncertainties.
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Fig. 8 Equation-error fits to data from 14 maneuvers with σw [2–7 Hz] > 0.5 ft/s.

still indirectly measured using the vane) and the stability derivative C̄aq is used to subsume the correlated angle of

attack rate and pitch rate effects.

Parameter estimates using the reduced model are shown as red squares in Fig. 7. Most of the variation from Ca Ûα

was attributed to C̄aq , although some was also absorbed into Caα and Caδe
, which changed those values relative to

estimates using the full model.

For some parameters in the full model, particularly CZα , small bias shifts, decreases in uncertainty, and less scatter

in the estimates were exhibited for turbulence metrics above 0.5 ft/s. This is because the turbulence had become

large enough to decorrelate the data and enable more accurate identification of the stability and control derivatives, as

discussed in Section VII.B. This was also true for the reduced model because the primary effect of turbulence manifests

in the αg term, which is still measured with the flow vane and applied in the estimation, even without turbulence

reconstruction.

Model fits to data from 14 maneuvers having σw [2–7 Hz] above 0.5 ft/s are shown in Fig. 8 and the resulting parameter

estimates and standard errors are given in Table 2. The two fits to CZ are practically identical, each having R2 = 0.99.

The Cm data was fit slightly better by the reduced model than the full model, with coefficients of determination R2

values of 0.98 and 0.94, respectively. The estimates of Caα and Caδe
were similar between the two sets of models,

and were in rough agreement with previous analyses [2, 23], but had statistical differences due to the different model

structures and modeling data used.

A prediction maneuver using these two identified models is shown in Fig. 9. The flight condition was 4.5 deg

angle of attack, 140 ft/s airspeed, and 1250 ft altitude, which was similar to the maneuvers used for identification. The
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Table 2 Model parameters and standard errors identified from 14 maneuvers with σw [2–7 Hz] > 0.5 ft/s.

Parameter Full model Reduced model
θ θ̂ ± s(θ̂) θ̂ ± s(θ̂)

CZα −3.71 ± 0.01 −3.67 ± 0.01
CZ Ûα −5.74 ± 0.48 —
CZq −8.66 ± 0.82 −21.5 ± 0.88
CZδe

−0.26 ± 0.02 −0.36 ± 0.02
Cmα −1.39 ± 0.01 −1.28 ± 0.01
Cm Ûα −13.1 ± 0.60 —
Cmq −27.0 ± 1.00 −50.7 ± 0.99
Cmδe

−1.63 ± 0.02 −1.79 ± 0.02

turbulence for this maneuver was light, with a turbulence metric of 0.28 ft/s. The maneuver included a small elevator

doublet exciting the short period response. The identified model parameters in Table 2 were substituted into a state-space

model of the short period dynamics and simulated using the measured elevator time history. Matches to the measured

data were excellent and had R2 values above 0.95 for all time histories. The modal characteristics of the two models at

this condition were similar: the full model had short period damping 0.43 and natural frequency 6.4 rad/s (1.0 Hz),

whereas the reduced model had damping ratio 0.50 and natural frequency 6.4 rad/s (1.0 Hz).

This prediction case demonstrates that the short period models, identified from data with turbulence metrics larger

than 0.5 ft, both predict the aircraft motion well in lower amounts of turbulence. Other maneuvers involving rapid

motions, takeoff, or landing could reveal differences between the two identified models.
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VIII. Conclusions
System identification of aircraft aerodynamic models using reconstructed turbulence measurements was investigated

and discussed. A classical technique for turbulence reconstruction, based on airdata and inertial sensor measurements,

was enhanced and applied to maneuvering flight. Nondimensional stability and control derivatives were estimated using

the reconstructed measurements of turbulence and the maximum likelihood equation-error method in the frequency

domain. Results were demonstrated using flight test data for the T-2 GTM subscale airplane. The main findings of this

research can be summarized as:

1) The angle of attack increment from the gust was accurately reconstructed over 0 to 3 Hz from data in maneuvering

flight.

2) For moderate and severe turbulence, explanatory variables became decorrelated which led to more accurate

parameter estimates, including for Cm Ûα and Cmq .

3) Identification using turbulence reconstruction and the full model gave additional physical insight into the flight

dynamics over the reduced model, but both models predicted the motion about straight and level flight in calm

air equally well.

The primary advantage of the proposed approach is the simplicity in the analyses, both in the reconstruction of

the turbulence and the parameter estimation. These methods are computationally simple but incorporate the coupled,

nonlinear dynamics of the aircraft, and can be run in real time as data are collected during flight. Furthermore, these

techniques alleviate the need to apply more complex algorithms for parameter estimation, such as nonlinear state

estimators or the maximum likelihood filter-error method. The cost of this approach is high-quality instrumentation so

that the turbulence can be accurately reconstructed and distinguished from other responses and measurement noise.

The proposed methods can be used for several applications. Turbulence can be computed in real time to expand

flight testing opportunities with relaxed restrictions on turbulence levels. Although only vertical gusts and short-period

dynamics were investigated in this paper, the approach could be extended to the other gust components and dynamics of

the aircraft. The reconstructed turbulence measurements could also be used as inputs for a turbulence-suppression flight

control system, or to develop custom models of turbulence for simulation purposes such as handling qualities analysis or

training for flight in hazardous conditions associated with turbulence. Real-time turbulence measurements could be

used to quantify the level of turbulence during a flight test, independent of the aircraft dynamics or a turbulence model,

which would be useful in cooperative flights with multiple aircraft.
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