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ABSTRACT

This paper presents a nonlinear system identifi-
cation method for fixed-wing Unmanned Aerial
Vehicles (UAVs) and its application to the esti-
mation of aerodynamic coefficient derivatives of
a Vertical Take-Off and Landing (VTOL) drone.
The approach relies on a physics-based nonlin-
ear model of the system and requires only a few
dozen seconds of flight dataset, thereby minimiz-
ing the experimental burden. The identification
process is based on the output-error method, ap-
plied sequentially to several sub-models. Hence,
the aerodynamic coefficients are estimated in
stages, which eliminates strong parameter inter-
dependence and enhances model identifiability.
The results obtained on the VTOL prototype are
consistent with coefficient values predicted from
Computational Fluid Dynamics simulations, and
provide a satisfactory fit to the flight data. The
methodology is generic and can be applied to
other nonlinear aerial systems.

1 INTRODUCTION

Systems such as Vertical Take Off and Landing (VTOL)
aircraft have attracted increasing interest over the last two
decades, but come with complex aerodynamic behavior [1, 2].
Consequently, a controller that can handle wide-ranging
changes in the whole flight envelope is needed. Designing
such a controller requires an accurate aerodynamic model.

While Computational Fluid Dynamics (CFD) simula-
tions and wind tunnel tests can provide high-fidelity esti-
mations of the steady-state aerodynamic coefficients [3, 4],
these methods are expensive and time-consuming. More-
over, estimating dynamic coefficients requires unsteady flow
conditions impractical for typical wind tunnel setups, or
coupled CFD/dynamics that are often computationally pro-
hibitive. System identification from flight tests provides an
efficient data-driven alternative to estimate the aerodynamic
coefficients [5, 6, 7, 8]. Existing system identification ap-
proaches can broadly be categorized into neural-network-
based, frequency-domain, and time-domain methods. Artifi-
cial neural networks are attractive when first-principles mod-

els are difficult to obtain [9]. Although effective for capturing
complex nonlinear UAV dynamics, they produce black-box
models with limited physical interpretability. System identi-
fication can also be performed in the frequency domain, us-
ing methods such as output-error, equation error or empirical
transfer function estimate [10]. These methods are generally
computationally efficient, although the transformation from
time to frequency domain may result in information loss. In
the time domain, recursive parameter estimation techniques
enable online estimation using algorithms such as recursive
least squares, recursive output-error and augmented Kalman
filtering. These recursive methods are well suited for time-
varying parameter tracking. Nevertheless, their slower con-
vergence and potentially lower final accuracy make offline
methods preferable for high-precision model development.
For instance, filter-error methods, which typically rely on
Kalman filtering [11], account for both process and measure-
ment noise, but require higher computational cost. Equation
error methods rely on least-squares estimation, which con-
sists in minimizing a cost function defined in terms of an
input-output equation [12]. Recent advances include sparse
identification methods (SINDy), which use L1-regularized re-
gression on candidate function libraries to automatically dis-
cover parsimonious nonlinear models from measured states
[13]. These techniques are appreciated for their mathemati-
cal simplicity. However, all the system states and their time
derivatives need to be measured, which is not always possi-
ble. Finally, the output-error method minimizes prediction er-
rors between measured and simulated outputs obtained from
model integration. It can handle nonlinear systems of arbi-
trary complexity, although they typically model uncertainty
only through measurement noise.

Unlike traditional approaches that separate only longitu-
dinal and lateral-directional dynamics [10, 11, 12], a method
that estimates aerodynamic derivatives using more steps is
proposed in [14]. This approach involves four steps: 1/ an ini-
tial polynomial fit for lift, drag, and moment coefficients and
identification of longitudinal model; 2/ identification of lat-
eral model; 3/ combined estimation of remaining coefficients;
4/ a final simultaneous adjustment of all derivatives. To obtain
their results, the authors have performed about 400 maneu-
vers. In contrast, this paper presents a similar physics-based
nonlinear identification method applied to a simpler model,
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enabling to use fewer datasets. It achieves satisfactory results
for a VTOL UAV in fixed-wing mode by sequentially apply-
ing the output-error method to seven decoupled submodels.

The remaining sections of this article are organized as fol-
lows. Section 2 provides an overview of the VTOL drone
that is used in this study. Then, Section 3 details the system
modeling, and Section 4 derives the nonlinear identification
method. Finally, Section 5 concludes the paper.

2 SYSTEM OVERVIEW

The proposed identification method has been evaluated on
the VTOL tail-sitter UAV that is presented in Figure 1. It has
four control surfaces at the wing’s trailing edge; two are op-
erating as elevons and two as rudderons. They are controlled
using three servomotors (two for the elevons, one for the rud-
der). The UAV is powered by a single engine located in the
middle of the wing. The powertrain is composed of a Hacker
A30-16M Brushless DC motor, an APC 8×8E propeller and a
Dualsky Summit 60X U8 Electronic Speed Controller (ESC).
The avionics are centered around a mRO Control Zero H7
Pixhawk-compatible autopilot running PX4 [15]. Besides the
IMU and barometer onboard the autopilot, a Pitot tube is fit-
ted in the front of the aircraft. The airframe is constructed of
extruded polystyrene stock with carbon/glass fiber reinforce-
ment at the leading edge. During collection of identification
data, the UAV is piloted by remote control, and monitored
through a telemetry link to a ground station.

Figure 1: VTOL tail-sitter UAV.

3 SYSTEM MODELING

A standard approach is described with notations taken
from [16]. In this paper, the roundness of the Earth is ne-
glected, as well as its rotational speed; the ground-related co-
ordinate system is inertial; the UAV is a rigid body.

3.1 Notations and Coordinate Systems
1. Inertial Frame F i: The ii-axis is oriented toward

north, the ji-axis toward east, and the ki-axis is di-
rected toward the Earth’s center.

2. Body Frame Fb: The body frame is fixed to the aircraft
and is used to describe its position and orientation. Its

origin is located at the UAV’s center of mass. Its axes
(ib, jb, kb) are oriented forward, to the right wing, and
downward, respectively. The orientation of the body
with respect to the inertial frame is described by the
Euler angles (roll ϕ, pitch θ, yaw ψ), defined by the
aerospace-standard ZYX rotation sequence.

3. Wind Frame Fw: It is aligned with the direction of the
airflow relative to the aircraft. Its origin is situated at
the UAV’s center of mass, and is defined by the axes
(iw, jw, kw). By definition, the relative airspeed vector
lies along the iw-axis.

To describe the equations of motion of the UAV, twelve
state variables are used and described in Table 1.

Sym. Description
pn Position along the ii axis in F i
pe Position along the ji axis in F i
pd Position along the ki axis in F i
u Velocity along the ib axis in Fb
v Velocity along the jb axis in Fb
w Velocity along the kb axis in Fb
ϕ Roll angle
θ Pitch angle
ψ Yaw angle
p Angular velocity about the ib axis in Fb
q Angular velocity about the jb axis in Fb
r Angular velocity about the kb axis in Fb

Table 1: State vector for the equations of motion

3.2 Flight Dynamics
Let abBE , vbBE , ωbBE respectively be the acceleration, the

velocity and the angular velocity of the UAV with respect to
the Earth in Fb such that:

abBE =



ax
ay
az


 ;vbBE =



u
v
w


 ;ωbBE =



p
q
r


 . (1)

Based on vbBE , the definitions of the airspeed Va, the an-
gle of attack α, and the sideslip angle β are given as:

Va =
√
u2 + v2 + w2; (2)

α = tan−1
(w
u

)
; (3)

β = sin−1

(
v

Va

)
. (4)

Moreover, the Newton-Euler laws of motion write:

v̇bBE =
F b

m
− ωbBE × vbBE ; (5)

ω̇bBE = I−1(M b − ωbBE × IωbBE), (6)
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where F b are the resultant forces, M b the resultant moments
in the body frame, and I the inertia matrix.

This set of equations defines the translational (5) and ro-
tational dynamics (6), respectively. However, in the identifi-
cation process, an alternative formulation of translational dy-
namics is preferred, valid under the assumption of no wind.
It is obtained by isolating u, v, w in Equations (2–4), and get
u̇, v̇, ẇ after differentiation with respect to time. These com-
ponents are substituted into Equation (5). The formulation is
given as in [5]:

V̇a =
1

m
(cosα cosβ X + sinβY

+ sinα cosβ Z); (7)
α̇ = − tanβ cosαp+ q − tanβ sinα r

+
1

mVa

(
− sinα

cosβ
X +

cosα

cosβ
Z

)
; (8)

β̇ = sinαp− cosα r +
1

mVa
(− cosα sinβ X

+ cosβ Y − sinα sinβ Z), (9)

where (X,Y, Z)T are the coordinates of the resultant force
F b along the body frame axes.

3.3 Actuators
1. Servomotors: They actuate the elevons and rudder of

the UAV. Their dynamics are not negligible, hence,
each is modeled by a first-order transfer function with
time constant τ , along with a pure time delay named
τa.

2. Motor-Propeller Model: The propulsion chain is com-
posed by the ESC, the motor and the propeller. The
ESC acts as a switching voltage stage that converts the
throttle command δt into an effective motor input volt-
age um as:

um = Vbatδt, (10)

where Vbat is the battery voltage. The transfer from um
to the motor angular speed Ω is nonlinear and modeled
as a Hammerstein model: at the input, a polynomial
function captures the static nonlinearity of the ESC-
motor pair:

Ωss = aescu
2
m + bescum, (11)

where Ωss is the steady-state motor speed. At the out-
put, the dynamics are modeled as a second-order trans-
fer function as:

Ω

Ωss
=

1

1 + 2ζ
ω0
s+ 1

ω2
0
s2
, (12)

where ω0 is the motor natural frequency, ζ its damping
ratio and s is the Laplace variable.

3.4 Forces and Moments
1. Gravitational Force: In the inertial frame, it can be ex-

pressed by:

F i
g =




0
0
mg


 , (13)

where g is the acceleration due to gravity.

2. Aerodynamic Forces and Moments: Aerodynamic
forces are expressed as follows in the wind frame:

Fw
aero = −

1

2
ρV 2

a S



CD
CY
CL


 , (14)

where ρ is the air density, S the reference surface,
C{D,Y,L} the drag, side-force and lift coefficients, re-
spectively. Aerodynamic moments are expressed as
follows in the wind or body frame:

M b
aero = Mw

aero =
1

2
ρV 2

a S



bCl
cCm
bCn


 , (15)

where b is the wingspan of the UAV, c its wing chord,
C{l,m,n} the rolling, pitching and yawing moment co-
efficients, respectively.

The air density ρ is given by an implementation of the
ISA atmosphere model, and computed from the altitude
of the vehicle.

Then, the following decomposition of the aerodynamic
coefficients is used, respectively for the longitudinal
and lateral models:


CD
CL
Cm


 =



CD0

CL0
Cm0


+



CDα2α c

2Va
CDq

CLα
c

2Va
CLq

Cmα
c

2Va
Cmq



(
α
q

)

+



CDδe
CLδe
Cmδe


 δe; (16)



CY
Cl
Cn


 =




0
Cl0
Cn0




+



CY β

b
2Va

CY p
b

2Va
CY r

Clβ
b

2Va
Clp

b
2Va

Clr
Cnβ

b
2Va

Cnp
b

2Va
Cnr





β
p
r




+



CY δa CY δr
Clδa Clδr
Cnδa Cnδr



(
δa
δr

)
, (17)

where δ{a,e,r} are the roll, pitch and yaw control inputs,
respectively.
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3. Propulsion Forces and Moments: In the body frame,
propulsion forces can be expressed using standard
model from blade theory by:

F b
prop =



ρD4

p(
Ω
2π )

2CT
0
0


 , (18)

where Dp is the diameter of the propeller. Besides,
propulsion moments are defined as follows in the body
frame:

M b
prop =



ρD5

p(
Ω
2π )

2CQ
0
0


 . (19)

4. Gyroscopic and Reaction Wheel Effect: The gyro-
scopic moment due to rotation of the motor can be ex-
pressed as follows in the body frame:

M b
gyro = Ipr



−Ω̇
−Ωr
Ωq


 , (20)

where Ipr is the moment of inertia of the rotor and the
propeller.

4 NONLINEAR SYSTEM IDENTIFICATION

Based on the nonlinear model of the system derived in
Section 3 and on data collected during flight tests, the over-
all goal of the method is to estimate the aerodynamic coef-
ficients appearing in Equations (16) and (17). Previous tests
have shown that some coefficients are very small and have a
negligible effect on the outputs, in particular CLq , Cn0 and
the coupling coefficients CYp,r , Clr , Cmp and Cnp . There-
fore, they are fixed to zero and will not be estimated in this
paper. Besides, the available data are insufficient to estimate
the second-order term CDα2 , which can be obtained through
CFD calculations.

4.1 Motor-Propeller Model Coefficients Estimation
The parameters of Equations (11–12) were determined

beforehand using a dedicated test bench to measure the motor
speed and supply voltage during testing. Parameters aESC
and bESC were first identified from the steady-state func-
tion Ωss(um). Then, parameters ζ and ω0 were estimated
to fit step variations. The propeller coefficients CT and CQ
were estimated from propeller performance curves given by
the manufacturer 1 2. While the servomotors time constant τ
was computed from measurements made on a dedicated test
bench, the delay τa was estimated directly from input-output
flight data, thus taking into account not only the servomotor
delay but also additional delays in the loop. All the system
parameters are listed in Table 2.

1https://m-selig.ae.illinois.edu/props/propDB.html
2https://www.apcprop.com/technical-information/performance-data

Sym. Name Value
m Mass 0.750 kg
xCG Position of CG /nose −0.21m
I11 Moment of inertia (x-axis) 0.009 09 kgm2

I22 Moment of inertia (y-axis) 0.007 29 kgm2

I33 Moment of inertia (z-axis) 0.0157 kgm2

I13 x-z product of inertia −0.000 458 kgm2

b Wingspan 0.80m
c Wing chord 0.25m
S Reference surface 0.20m2

Vbat Battery voltage 16.0V
τ Servos time constant 0.013 s
τa Servos actuator delay 0.033 s
aesc Quadratic ESC coef. −14.35 rad s−1 V−2

besc Linear ESC coef. 287.85 rad s−1 V−1

ω0 Motor angular freq. 17.94 rad s−1

ζ Motor damping ratio 1.86
CT Thrust coef. 0.146
CQ Torque coef. 0.066

Table 2: Predetermined system parameters

4.2 Excitation Trajectory

Excitation signals are applied to each axis independently
and are superimposed to pilot commands. By this mean, the
pilot can correct the trajectory of the UAV if needed, in order
to stay close to level-flight in straight line. Pilot’s corrections
are kept as small as possible. Several excitation signals could
be used [6, 8]. In this work, they consist in 3-level step inputs,
which are rather straightforward to implement.

Both amplitude and frequency of the multistep have been
adjusted empirically during flight via the remote control. The
amplitude has been tuned to ensure sufficient signal-to-noise
ratio while keeping deviations from the nominal trajectory
within acceptable limits. Likewise, the frequency has been
adapted to the system dynamics so that quasi-steady-state
conditions are reached after each excitation step.

Control input signals, as well as the measured angular ve-
locities, are shown in Figure 2 for both roll and pitch axes.
The yaw dynamics have not been considered in this study and
no excitation is then provided on this axis.

Vectors of measured values are extracted from PX4 flight
logs and uniformly resampled onto a common time base.
Quaternions from the “vehicle-attitude” topic are used to
compute the rotation matrix from the local to the body frame,
as well as the Euler angles. Linear velocities and positions
come from the “vehicle-local-position” topic, while angu-
lar rates come from “vehicle-angular-velocity”. Accelerom-
eter measurements (specific force) come from “vehicle-
acceleration” and are used to compute body inertial acceler-
ations by adding gravity. Measurements of Va, α and β are
computed from definitions (2–4). Control inputs are taken di-
rectly from the “torque-setpoint” and “thrust-setpoint” topics.
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Figure 2: Roll and pitch angular velocities with control input
signals.

4.3 Aerodynamic Coefficient Estimation Method
Experience shows that attempting to estimate the com-

plete set of aerodynamic coefficient derivatives described in
Equations (16) and (17) in a single optimization problem
leads to convergence stalls or drift towards non-physical val-
ues (due to local minima, compensations between parame-
ters, strong dependence on the initial guess). To reduce the
complexity, the coefficients are estimated in seven stages,
each stage involving estimation of a subset of one to four co-
efficients only, and the selection of a single output, as shown
in Table 3. This approach eliminates strong parameter in-
terdependence and yields robust convergence to physically
meaningful values.

At each stage, the considered aerodynamic coefficients
are estimated with the output-error method [5, 6]. The
channel-wise accumulated squared errors in angular rate (ϵω)
and acceleration (ϵa) are defined as:

ϵω(j) =
∑

i

(
ωbBE,s(i, j)− ωbBE,m(i, j)

)2
; (21)

ϵa(j) =
∑

i

(
abBE,s(i, j)− abBE,m(i, j)

)2
, (22)

where i = 1, ..., N is the sample time index, j = 1, 2, 3 the
body axes, and where “s”, “m” indicate simulated and mea-
sured outputs, respectively. These notations will be kept in
the next paragraphs. Vectors ϵω and ϵa are three-dimensional.

The scalar criterion Jk to be minimized by the optimiza-
tion procedure is the weighted least-squares error computed
as the squared differences between simulated and measured
flight data as follows:

Jk = wk

[
ϵω
ϵa

]
. (23)

The weight vector wk allows selective activation or scaling
of each channel, where k = 1, ..., 7 is the coefficient subset

k Coefs. Submodel eq. Meas. in-
puts

Weight
wk

1
CL0

CLα

CLδe

α dynamics
from (8), (2)

δ{a,e,r,t}
pm, qm, rm
um, vm, wm

[0, 0, 0, ...
0, 0, 1]

2 CD0

α dynamics
from (8), (2)

δ{a,e,r,t}
pm, qm, rm
um, vm, wm

[0, 0, 0, ...
1, 0, 0]

3
CYβ

CYδa

CYδr

α, β
from (8)-(9)
and (2)

δ{a,e,r,t}
pm, qm, rm
um, vm, wm

[0, 0, 0, ...
0, 1, 0]

4

Cm0

Cmα

Cmδe

Cmq

q from (6)
Va, α
from (7)-(8)

δ{a,e,r,t}
pm, qm, rm

[0, 1, 0, ...
0, 0, 0]

5

Cl0
Clβ
Clp
Clδa
Clδr

p from (6)
Va, α, β
from (7)-(9)

δ{a,e,r,t}
qm, rm

[1, 0, 0, ...
0, 0, 0]

6
CD0

CDq

CDδe

Va, α
from (7)-(8)

δ{a,e,r,t}
pm, qm, rm

[0, 0, 0, ...
1, 0, 0]

7
Cnβ

Cnr

Cnδa

r from (6)
Va, α, β
from (7)-(9)

δ{a,e,r,t}
pm, qm

[0, 0, 1, ...
0, 0, 0]

Table 3: Aerodynamic coefficient estimation

index (for example, wk = [0, 1, 0, 0, 0, 1] includes only pitch
rate and z-axis acceleration errors in the cost).

Each line k of Table 3 defines an optimization problem:
it specifies the subset of coefficients to be estimated (second
column), the associated sub-model equations (third column),
the measurements used as inputs (fourth column), and the
weighting vector wk employed in the cost function Jk (last
column).

Linear and angular velocities can be obtained either di-
rectly from measurements or from the translational and ro-
tational dynamics. Accordingly, depending on the subset of
coefficients to be estimated (i.e. the stage k in Table 3), Va, α,
β are computed either from definitions (2–4) using the mea-
sured velocity vbBE,m, or by solving the translational dynam-
ics differential equations (7–9). Similarly, the angular veloc-
ity is obtained either from measurements ωbBE,m, or from ro-
tational dynamics in Equation (6). The chosen set of equa-
tions is indicated in the third column of Table 3.

4.4 Aerodynamic Coefficient Estimated Values
To estimate the aerodynamic coefficients, the output-error

method is applied using the Nelder-Mead simplex algorithm
[17]. The coefficients obtained for the tail-sitter UAV with
the identification approach are given in Table 4, compared to
CFD values obtained from steady RANS simulations using
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the DLR TAU-Code [18]. Since no yaw inputs were used,
CYδr

, Clδr and Cnδr
are set to zero. Other Cn· coefficients

associated with the yaw axis are still estimated.

Coefs. Estimated CFD Abs. err. Rel. err.
CL0

0.005 0.026 0.021 80.8 %
CLα

1.186 3.449 2.263 65.6 %
CLδe

0.350 / / /
CD0

0.125 0.021 0.104 495.2 %
CDq

0.000 / / /
CDδe

0.001 / / /
CYβ

−0.006 −0.929 0.923 99.4 %
CYδa

0.005 / / /
Cl0 −0.004 0.000 / /
Clβ −0.005 −0.003 0.002 66.7 %
Clp −0.091 / / /
Clδa −0.054 / / /
Cm0

0.036 0.000 / /
Cmα

−0.193 −0.196 0.003 1.5 %
Cmδe

0.243 / / /
Cmq −3.427 / / /
Cnβ

0.100 0.169 0.069 40.8 %
Cnr

−0.085 / / /
Cnδa

0.026 / / /

Table 4: Estimated aerodynamic coefficients compared to
CFD results

The estimated values are overall consistent with the CFD
predictions, and the discrepancies can be traced to modeling
assumptions. First, the CFD simulations are performed on
an ideal airfoil geometry: surface roughness, wing-mounted
hardware (Pitot tube, protruding batteries, cables...) and,
most importantly, the rotor disk located in the middle of the
wing is not taken into account. Consequently, the lift-curve
slope estimated from flight data,CLα

= 1.186 is significantly
lower than the CFD value of 3.449. The same reasoning ex-
plains why the zero-lift drag coefficient exceeds the CFD re-
sult (CD0

= 0.125 vs. 0.021 with the CFD); the real aircraft
experiences more drag than the ideal laminar-flow profile as-
sumed in CFD.

CoefficientCYβ
also shows a large discrepancy of−0.006

vs. −0.929. This is due to the lack of yaw excitation data
in the identification dataset, leading to low observability of
the corresponding dynamics. By contrast, the static pitch-
stability derivative Cmα = −0.193 matches the CFD value
of −0.196 very closely and the values for the yaw-stability
derivative Cnβ

are close as well, confirming that the identi-
fication method captures these important stability terms with
high fidelity. The non-zero value of Cl0 might traduce an
asymmetry in the wing or elevons structure. Finally, it should
be noted that the control-derivative coefficients (e.g. CLδe

and Cmδe
) and the dynamic coefficients (e.g. Cmq

and Clp )
are notoriously difficult to obtain from CFD: the former re-

quire a large number of simulations for each control-surface
deflection, while the latter demand complex coupling be-
tween CFD and dynamics. System identification, on the other
hand, yields an estimate for these values.

The fitting results of the model to the flight data are shown
in Figures 3 and 4. Two datasets collected during two differ-
ent flights are used, one for identification and one for valida-
tion. The fitting percentage to evaluate the accuracy of the
identification process is computed from a normalized root-
mean-squared error, and given by:

f% = 100

(
1− ∥ys − ym∥
∥ym − ȳm∥

)
, (24)

where ys is the simulated output vector, ym the measured
output vector, ȳm the sample mean of ym, and ∥·∥ denotes
the Euclidean (2-)norm.

The fitting values for both identification and validation
datasets are satisfactory. Indeed, on both datasets, the roll an-
gular velocity p has a fit around 50%, and the acceleration
ay fit is higher than 80%. Moreover, pitch angular velocity
q and acceleration az also have a fit between 40% and 60%
on the identification dataset. On the validation dataset, the
fits are lower for the latter axes, which can be explained by
visible offsets. These can be attributed to differences in mass
distribution between the tested configuration and the nominal
model, as well as to trim changes commanded by the pilot
via the remote control during flight. These effects modify the
effective trim state and control biases seen in the measure-
ments, but are not fully captured by the nominal aerodynamic
model, which explains the observed offsets. Relatively low
fit values on acceleration ax is likely caused by the differing
conditions between the motor-propeller test bench setup and
real-world flight, and by the presence of wind during the ex-
periments. Finally, the low yaw-rate fits (around 13%) are
expected, because no yaw excitation have been used in this
study.

Figures 3 and 4 also show α and β as predicted by
the model, based on translational dynamics (8-9). On both
datasets, β remains almost zero, which shows very low
sideslip. In addition, α stays between 0◦ and 15◦, which is
realistic in terms of angle of attack variations. As an addi-
tional validation, the model’s predictions for the airspeed Va
agree well with the measurements on both identification (Fig-
ure 3) and validation (Figure 4) datasets, even though Va was
not used during the identification process.

5 CONCLUSION

This paper presents a generic nonlinear system identifi-
cation method and its application to aerodynamic coefficient
estimation of a tail-sitter VTOL drone in fixed-wing mode.
The approach only needs a few dozen seconds of flight data,
which avoids performing numerous measurement campaigns.
The aerodynamic coefficients are estimated in stages using
the output-error method, which eliminates strong parameter
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Figure 3: Identification results, with flight data in blue, model data in orange, α in purple and β in yellow. The fitting values
are the following: fp = 46.5%, fq = 41.4%, fr = 13.3%, fax = 4.7%, fay = 82.4%, faz = 51.2%.

Figure 4: Validation results, with flight data in blue, model data in orange, α in purple and β in yellow. The fitting values are
the following: fp = 54.1%, fq = −0.5%, fr = 13.6%, fax = −4.1%, fay = 84.5%, faz = −35.1%.
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interdependence and yields robust convergence to physically
meaningful values. A limitation of the method is its sensi-
tivity to data biases, due e.g. to miscalibrated accelerations
and presence of wind during tests. Nevertheless, such biases
mostly affect offset coefficients which have no impact on the
linearized dynamics used for control design. Overall, the re-
sults are consistent with values predicted from CFD simu-
lations, and satisfactory model fits to independent flight test
data validate the entire methodology. Future work will in-
clude assessing the robustness of the methodology using sim-
ulated data. Besides, coefficients validity will be extended
from fixed-wing flight to hover flight through the use of high-
angle-of-attack analytical models.
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