
Identification and Validation of the

Electromechanical Actuator of the UAV

Propulsion System

Matheus J. A. Oliveira ∗ Juliana Martins de Assis ∗∗

Saulo O. D. Luiz ∗ Antonio M. N. Lima ∗∗∗

∗ Department of Electronics and Systems, Center of Technology and
Geosciences, Federal University of Pernambuco, Recife 50740-550, PE,

Brazil, (e-mails: {matheus.jaoliveira, saulo.dornellas}@ufpe.br).
∗∗ Department of Statistics, Center of Natural and Exact Sciences,
Federal University of Pernambuco, Recife 50740-550, PE, Brazil,

(e-mail: juliana.massis@ufpe.br).
∗∗∗ Department of Electrical Engineering, Federal University of
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Abstract:
This paper presents a method for the identification and validation of the electromechanical
actuator dynamic model of the UAV propulsion system. Initially, a first principles dynamic
model of the electromechanical actuator is introduced. An experimental platform was designed
and implemented to acquire the identification and validation datasets. The standard system
identification loop was applied for the experiment design, the set of candidate models, and the
validation criterion. The best model was selected from the set and validated from a control
point of view. The identification and validation results show that the first principles white box
model: (i) agrees better with the experimental data than the proposed black box model; (ii)
captures the input-output behavior; and (iii) represents the system with sufficient accuracy for
closed-loop control of the rotor speed.

Keywords: UAVs, Modeling, Input and excitation design, Nonlinear system identification,
Model validation.

1. INTRODUCTION

Unmanned aerial vehicles (UAVs) are flying robots applied
in both civilian and military domains (Corke, 2017). The
pure-electric rotary wing UAV propulsion system is com-
posed of the energy source, typically a lithium polymer
(LiPo) battery, an electronic speed controller (ESC) and
propellers driven by brushless DC (BLDC) motors (Zhang
et al., 2022). Such propulsion system exerts thrusts and
torques on the UAV airframe, thus causing translational
and rotational accelerations. By means of a control alloca-
tor, the UAV flight control system typically converts the
pseudo-control input (desired translational and rotational
accelerations commands) to the true control input of the
propulsion system (desired rotor speeds). The propulsion
system model is essential for the vehicle control system
design, especially in the domains of Dynamic Control
Allocation (Härkeg̊ard, 2003), Model predictive control
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Science, Technology and Innovations—MCTI (Proc. 07334/2022-0);
CAPES/DAAD (Proc. 88881.701005/2022-01); and the UFCG Post-
graduate Program of Electrical Engineering (PPgEE) - Finance Code
001.

allocation (Chatrath, 2019) and Optimal Control Alloca-
tion (Bezerra and Santos, 2022).

Podhradský et al. (2014) presented a dynamic model of
the LiPo battery, the ESC, and the electrical dynamics
of the BLDC motor, however they did not estimate the
parameters of such dynamic model. Instead, they identified
a static piecewise-linear approximation of the produced
thrust as a function of the battery state of charge. Jin et al.
(2014) proposed a method for identifying a Hammerstein
series model of a BLDC, but have presented neither which
Hammerstein kernels were selected for the BLDC model
nor how to use such model for the control system design.

Xiang et al. (2015) presented a procedure for identifying
the BLDC motor model by combining frequency domain
identification techniques, the least squares approximation
method and a disturbance observer. Those authors inves-
tigated neither the effects of a varying power source, such
as the LiPo battery, neither the load, such as a propeller.
They measured the rotor speed by means of a rotary
encoder, which may add drag to the rotor dynamics. Those
authors did not apply a quantitative criterion for model
validation, and they perceived unmodeled dynamics in the
model.
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Fernandes da Silva et al. (2016) presented a transfer
function model of the BLDC motor, and an experimen-
tal platform for estimating its parameters, but they did
not present the methods employed for estimating the
model parameters. Khluabwannarat et al. (2018) pro-
posed a fractional-order model parameter estimation of the
BLDC motor by means of the flower pollination algorithm
(FPA), but they did not provide physical evidence why a
fractional-order model should be adopted instead of the
standard integer order model for the BLDC motor; and
indeed they considered that both models show very good
agreement to the identification and validation data sets.

Jimenez-Gonzalez et al. (2021) presented a method for
estimating the parameters of a white-box BLDC model.
Due to limitations of the experimental setup, the input
signal for the electrical torque was a piecewise constant
signal that produces transients to the rotor speed, but such
signal does not excite every system mode. Majdoubi et al.
(2021) estimated the BLDC model parameters by first
applying physical principles for estimating each physical
quantity of the model; and second applying a closed-
loop online estimation method based on the weighted
recursive least square algorithm. They concluded that the
error between the respective parameters estimated by both
methods is negligible.

Theys and De Schutter (2021) provided experimental
evidence that the ESC efficiency is not 100%. Instead, it is
a function of both the battery voltage and the rotor speed.
They concluded that losses due to the ESC cannot be
ignored. Those authors modeled such losses as an armature
resistance linearly increasing with the battery voltage, and
an armature current linearly decreasing with the battery
voltage. Then they proposed a steady state BLDC model
and estimated the model parameters by means of weighted
least squares. Løw-Hansen et al. (2023) modelled the
nonlinear effects of the ESC, and estimated the parameters
of a steady-state model of the UAV propulsion system in
icing conditions be means of least squares regression, using
the reduced singular value decomposition solution in some
cases.

In our work, we propose a method for identification and
validation of the dynamic model of the electromechanical
actuator of the UAV propulsion system. Our contributions
are: (i) a first principles, control-oriented dynamic model
composed of the ESC, motor, and propeller models; (ii) a
method for designing open-loop experiments “informative
enough” for identification of the electromechanical actua-
tor model; and (iii) a method for validating the model.

The remainder of the paper is organized as follows. Sec-
tion 2 presents the electromechanical actuator of the UAV
propulsion system. Section 3 introduces the identification
and validation methods applied in this work. Section 4
presents the identification and validation results. Section 5
summarizes the contributions and provides our directions
for future work.

2. THE ELECTROMECHANICAL ACTUATOR

We present in this section the dynamic model of the
electromechanical actuator, composed of an ESC, a BLDC
motor and a propeller. The LiPo battery powers the

ESC, which switches the BLDC motor phases according
to an external PWM signal. The BLDC motor drives the
propeller, which produces thrust and torque (the latter due
to aerodynamic drag).

In this work, we consider that the BLDC can be repre-
sented as a 3-phase synchronous motor. Considering ideal
models for the resistors and inductors; that their respective
values for all the three phases are identical; and finally
calculating a continuous-time averaged model; then the
electromechanical actuator may be modeled combining the
equivalent electric circuit and the mechanical model of the
rotor coupled to the propeller 1 . The dynamic model of
the armature current ia(t) and the rotor speed ωm(t) is
represented as

d

dt

[
ωm

ia

]
=

 Ki

J
ia −

F

J
ωm − KQ

J
ω2
m

−Ra

La
ia −

Kω

La
ωm +

1

La
va

 , (1)

where Ki is the torque constant, J is the combined inertia
of the rotor and the propeller, F is the viscous friction
coefficient, KQ is the drag coefficient, Ra is the armature
resistance, La is the armature inductance, Kω is the
electric constant, and va is armature voltage.

In this work, we use the nonlinear model of the ESC
presented by (Løw-Hansen et al., 2023). Considering the
equivalent electric circuit, the input of the ESC is the
battery voltage vb(t), and its output is the armature
voltage va(t) = T (D(t)) vb(t), where D(t) ∈ [0, 1] is the
normalized PWM duty cycle, and T (x) = p2x

2 + p1x+ p0
is the ESC transmission function.

Replacing ia in (1) by (Jω̇m + Fωm + KQω
2
m)/Ki, the

dynamics of the rotor speed is represented as

d

dt

[
ωm

ω̇m

]
=

=

[
ω̇m

−α1ω̇m − α2ωm − α3ωmω̇m − α4ω
2
m + β1T (D) vb

]
,

(2)

where α1 = F/J + Ra/La, α2 = (FRa + KwKi)/(JLa),
α3 = 2KQ/J , α4 = KQRa/(JLa) and β1 = Ki/(JLa).

To the best of our knowledge, current literature still lacks
the identification and validation of the dynamic model
of the electromechanical actuator of the UAV propulsion
system including the nonlinear model of the ESC, which
we present in the following section.

3. IDENTIFICATION AND VALIDATION

We proposed the materials and methods for identification
and validation of the propulsion system model based on
the standard system identification loop described by Ljung
(1999), composed of: (i) an experiment to acquire the
identification and validation data, (ii) a set of candidate
models, (iii) a criterion of fit to choose a model considering
a given metric and (iv) the validation process to evaluate
the usefulness of the chosen model.

1 Oliveira, Matheus. Identificação e validação do subsistema
eletromecânico do sistema de propulsão de um Vant. Available
at: <https://repositorio.ufpe.br/handle/123456789/57407>
(accessed on 16 Aug. 2024).
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3.1 Experiment Design

The first principles model (2) of the electromechanical
actuator of the UAV propulsion system is 2nd order. We
consider that there might be unmodelled dynamics in the
experimental platform. Therefore, besides estimating the
parameters of the first principles model, we also estimated
the parameters of autoregressive exogenous input (ARX)
models from 1st up to 10th order. In each ARX model, the
number of parameters of the polynomials in the numerator
and the denominator are both equal to Nd. Therefore,
to perform open-loop experiments “informative enough”,
the input should be persistently exciting of order 2Nd. An
input composed of Nd different sinusoids is sufficient for
the identification of an Nd-th order system (Ljung, 1999).
For the open-loop experiments presented in this work, we
applied the multi-sines input with the Schroeder phase to
control the crest factor. We measured the rise time tr of
the system step response, evaluated the natural frequency
ωn ≈ 1.8/tr, and finally determined the minimum and
maximum frequencies of the multi-sines input respectively
as ω = ωn/10 and ω = ωn. In this work, the duty-cycle
signal D(t) is the multi-sines input represented as

D(t) = O+G

Ns−1∑
k=0

cos[(ω+
k(ω − ω)

Ns
)t−k(k+1)

π

Ns
], (3)

where O is an offset, G is the gain, and Ns is the number
of sinusoids.

The experimental platform for identification and valida-
tion is represented in Figures 1 and 2. The open-circuit
voltage of the battery decreases during the discharge. To
perform controlled experiments for a given battery voltage,
we replaced the LiPo battery by the Hikari HF3205 bench
DC power supply, which powers the Favourite LittleBee
20A ESC. The ESC drives the three phases of the Emax
MT2206 Cooling series II BLDC motor, composed of 12
coils placed at the internal stator and 14 permanent mag-
nets placed at the external rotor, which drives a 4 inches
4045BN propeller (not represented in Fig. 1). The 3144
sensitive hall-effect switch was placed 1.5 mm from the
Emax rotor. The Atmega328p microcontroller powers the
hall-effect switch and processes its output signal. Such
microcontroller commands the multi-sines input (3) to the
ESC by means of a PWM signal. A laptop with a AMD
Ryzen 5700U 4.3GHz CPU and 8Gb RAM was applied
as the development computer for data acquisition, model
identification and validation. The communication between
the microcontroller and the laptop is performed by means
of universal asynchronous receiver-transmitter (UART).
The microcontroller firmware developed for data acquisi-
tion and Python notebooks developed for data processing
were stored in a public repository 2 .

To measure the rotor speed, the 3144 sensitive hall-effect
switch was placed 1.5 mm from the Emax rotor, where
the switch is capable of measuring the inversion of the
magnetic field polarization caused by the rotating per-
manent magnets. The switch output is a square wave
assuming values in [0V, 5V]. The output switches to 0V

2 Oliveira, Matheus. identification-validation-propulsion.
Available at: <https://github.com/Matheus3483/

identification-validation-propulsion> (accessed on 30 April
2024).

Figure 1. Diagram representing the connections between
the components of the experimental platform.

Figure 2. Experiment setup.

when the magnetic field at the hall element exceeds the
operate point threshold. The output switches to 5V when
the magnetic field is reduced to a value smaller than
the release point threshold. We programmed an Interrupt
Service Routine (ISR) in the microcontroller for measuring
the time interval ∆t between two consecutive transitions
of the switch output, which corresponds to a rotation angle
∆θ = 2π/7 rad, i.e. the angle between two magnets, using
a resolution of 10µs. The rotor speed is then estimated as
wm ≈ ∆θ/∆t. We decided to use two consecutive transi-
tions of the switch output because it has a slight hysteresis
effect in the sensitive hall-effect switch. We conducted
a rigorous investigation on the sources of measurement
noise, and we concluded that the output measurements
are mostly contaminated by quantization noise.

Each data set is composed of the duty cycle u(t) = D(t),
and the rotor speed, y(t) = wm(t). We acquired 2400 sam-
ples using the multi-sines input represented in (3): 1200
samples withNs = 10 sinusoids for identification, and 1200
samples with Ns = 11 sinusoids for validation. In both
cases, the offset O = 187 and the gain G = 12. In each ex-
periment, the armature voltage va(t) = T (D(t)) vb(t). The
input voltage vb(t) was a constant voltage regulated by the
Hikari HF3205 bench DC power supply. We performed four
experiments for collecting identification and validation
data sets. In each experiment, the constant voltage vb(t)
assumed a value in the set {9.0V, 9.7V, 10.4V, 11.1V}. We
designed such experiments to investigate if the dynamic
model of the propulsion system is a function of the battery
voltage. The minimum and maximum values 9V and 11.1V

Sociedade Brasileira de Automática (SBA) 
XXV Congresso Brasileiro de Automática - CBA 2024, 15 a 18 de outubro de 2024 

ISSN: 2525-8311 3852 DOI: 10.20906/CBA2024/4747



respectively represent the open-circuit voltages of a fully
discharged and a fully charged LiPo battery.

We measured the rise time tr = 0.758 s of the system
step response, where the magnitude of the step was 11.1V.
The estimated natural frequency ωn = 2.375 rad/s. The
sampling period h = 0.1024 s was chosen from the interval
[tr/10, tr/2] (Åström and Wittenmark, 1997).

3.2 Set of Candidate Models

In our work, our model set is composed of both white and
black box models. The NARX white box model was built
from first principles (FP) (2), and represented in discrete
time by approximating the derivatives with a forward
difference (Euler’s method), i.e. by applying

df(t)

dt

∣∣∣∣
t=kh

≈ f((k + 1)h)− f(kh)

h
, and (4)

d2f(t)

dt2

∣∣∣∣
t=kh

≈ f((k + 2)h)− 2f((k − 1)h) + f(kh)

h2
, (5)

where k ∈ Z and h is the sampling period. Let y(k) =
wm(kh) and u(k) = D(kh) be respectively the system
output and input, a1 = α1h−2, a2 = 1−α1h+α2h

2, a3 =
α3h, a4 = α4h

2 − α3h, and bi = β1h
2pi, i = 0, 1, 2. Then

the first principles model in discrete time is represented as

y(k) = −a1y(k− 1)− a2y(k− 2)− a3y(k− 2)y(k− 1)+

− a4y
2(k − 2) + b0vb(k − 2) + b1u(k − 2)vb(k − 2)+

+ b2u
2(k − 2)vb(k − 2). (6)

The black box models are ARX models A(q)y(k) =
B(q)uB(k) + e(k), where the polynomials A(q) = 1 +∑Nd

j=1 ajq
−j and B(q) =

∑Nd

j=1 bjq
−j , whose numbers

of parameters are both equal to Nd ∈ {1, 2, 3, . . . , 10},
y(k) = wm(kh), uB(k) = va(kh) = D(kh)vb(kh) (Theys
and De Schutter, 2021) and e(k) is the residual of the
model.

3.3 Estimation of the parameters of the candidate models

We estimated the parameters of the models by the least-
squares method (Ljung, 1999). The criterion function to
be minimized is

VN (θ, ZN ) =
1

N

N∑
k=1

(y(k)− ŷ(k|θ))2 , (7)

where θ is the parameter vector, N is the time series length
of each experiment, ZN = {u(1), y(1), . . . , u(N), y(N)} is
the experiment data set, ŷ(k|θ) = φT (k)θ is the predicted
output at time kh, and φT (k) is the regression vector at
time kh.

For the first principles model (6), the parameter vector is

θ = [ a1 a2 a3 a4 b0 b1 b2 ]
T
and the regression vector is

φ(k) =



−y(k − 1)
−y(k − 2)

−y(k − 2)y(k − 1)
−y2(k − 2)
vb(k − 2)

u(k − 2)vb(k − 2)
u2(k − 2)vb(k − 2)


. (8)

For the ARX models, the parameter vector is θ =

[ a1 . . . aNd
b1 . . . bNd ]

T
and the regression vector is

φ(k) =



−y(k − 1)
...

−y(k −Nd)
uB(k − 1)

...
uB(k −Nd)


. (9)

3.4 Validation Criterion

Residuals are the errors observed from the predicted out-
put relative to the true output of a system (Ljung, 1999):

ϵ(k) = y(k)− ŷ(k|θ̂N ). (10)

Using the residuals in (10), it may be possible to evaluate
the correlation between them, between them and past
inputs, or between higher order terms (HOT) (Leontaritis
and Billings, 1987). Thus, one may test whether the
achieved values of correlation estimates are above a certain
significance level, which would lead to the rejection of
independence.

The estimated covariance between the variables z and w
is

R̂N
zw(τ) =

1

N

N∑
k=1

[z(k)− z] [w(k − τ)− w] , (11)

where z and w are respectively the mean values of z and
w. The estimated correlation between the variables z and
w is

δ̂Nzw(τ) =
R̂N

zw(τ)√
R̂N

zz(0)R̂
N
ww(0)

. (12)

Considering 95% confidence limits (Aguirre et al., 1998),
the variables are considered uncorrelated if∣∣∣δ̂Nzw(τ)∣∣∣ < 1.96√

N
. (13)

In our work, the black box ARX models should be accept-
able if the following conditions are satisfied:∣∣∣δ̂Nϵϵ (τ)∣∣∣ < 1.96√

N
for τ ̸= 0, and (14)∣∣∣δ̂Nϵu(τ)∣∣∣ < 1.96√

N
,∀τ. (15)

Considering the regression vector (8), the NARX white
box model should be acceptable if it satisfies (14), (15)
and the following conditions:∣∣∣δ̂Nϵu2(τ)

∣∣∣ < 1.96√
N

,∀τ, (16)∣∣∣δ̂Nϵy(k−1)y(k−2)(τ)
∣∣∣ < 1.96√

N
,∀τ, and (17)∣∣∣δ̂Nϵy2(k−2)(τ)

∣∣∣ < 1.96√
N

,∀τ. (18)

Such validation criterion is very severe and a few correla-
tion functions of the residuals are expected to exceed the
confidence limits even if the model is acceptable (Leontari-
tis and Billings, 1987).
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4. RESULTS

In this section, we present the identification and validation
results of the electromechanical actuator of the UAV
propulsion system.

4.1 Identification results

The identification data set is presented in Fig. 3, where
the armature voltage va(t) and the rotor speed wm(t) are
presented for two constant battery voltages 9V and 11.1V.
The rotor speed wm(t) signals for such battery voltages are
different because the Favourite LittleBee 20A ESC drives
the Emax MT2206 Cooling series II BLDC motor in open-
loop.

Figure 3. Identification data set, for two battery voltages
vb, 9V and 11.1V: (a) armature voltage va(t); (b) rotor
speed wm(t). The validation data set is omitted due
to space constraints.

We estimated the parameters of the models by the least-
squares method (Ljung, 1999), and we compared the
models by the criterion function (7), as shown in Fig. 4.
The criterion function of the FP model is smaller than
the criterion function for all ARX models, as expected,
because the ARX models do not capture the aerodynamic
drag KQω

2
m(t) and the nonlinear dynamics introduced by

the ESC T (D(t)) vb(t) represented in (2).

Figure 4. Criterion function for the first principles model
MFP and each i-th order ARX model Mi, i =
1, 2, 3, . . . , 10.

The parameter estimates of the first principles model are
presented in Table 1. Such parameters were estimated for
each battery voltage from the set {9V, 9.7V, 10.4V, 11.1V}.
The parameter vector depends on the battery voltage.

θ̂ 9.0V 9.7V 10.4V 11.1V

â1 −1.184 −1.1 −0.704 −0.559
â2 0.574 0.542 0.433 0.315
â3 5.26× 10−4 4.76× 10−4 1.92× 10−5 6.25× 10−5

â4 −2.32× 10−4 −2.02× 10−4 −9.73× 10−5 1.12× 10−4

b̂0 −3.188 −3.315 −1.619 −2.119

b̂1 106.0 117.7 160.0 168.2

b̂2 13.8 85.01 −27.51 −19.47

Table 1. First principles estimated parameters
values.

4.2 Validation Results

In the validation data set, the criterion function of the
FP model is smaller than the criterion function for all
ARX models. Therefore, the first principles model is the
best model in the model set, and the remaining results
in this section are related to the first principles model. In
this work, the model is intended for control applications.
Therefore, the output is predicted from past inputs only,
because it is more demanding than predicting the output
from both past inputs and outputs (Ljung, 1999).

We applied the validation criterion presented in Section 3.4
to evaluate whether the chosen model agrees with the
data. We evaluated the estimate of the correlation function
between residuals, residuals and past inputs, residuals and
the HOT y(k−1)y(k−2), residuals and the HOT y2(k−2),
and residuals and the HOT u2(k−2), as shown in Figure 5.
The first principles model is acceptable because (14), (15),
(16), (17) and (18) are satisfied for most values of τ .

Finally, considering the selected first principles model, the
method proposed in this work is summarized in Fig. 6.
We proposed such method based on the standard sys-
tem identification loop described by Ljung (1999), and
we highlighted our contributions: (i) a first principles,
control-oriented dynamic model of the electromechanical
actuator of the UAV propulsion system; (ii) a method
for designing open-loop experiments “informative enough”
for identification of the model; and (iii) a method for
validating the model.

5. CONCLUSION

The results validate the proposed method because, con-
sidering 95% confidence limits, the first principles white
box model captures the input-output behavior. This model
agrees better the experimental data than the ARX black
box model. For an open-loop ESC, the system dynamics
depends on the battery voltage. In future works, we plan
to integrate the models of the electrochemical battery,
the electromechanical actuator, and the thrust and torque
exerted by the propeller. We consider that our work has
important implications on the UAV control system design:
by means of a rigorous method for identification and val-
idation of the propulsion system model, engineers may
improve the control allocation performance, and conse-
quently the overall UAV performance.
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Figure 5. Estimate of the autocorrelation function and con-
fidence limits for testing independence between: (a)
residuals; (b) residuals and past inputs; (c) residuals
and the HOT y(k − 1)y(k − 2); (d) residuals and the
HOT y2(k− 2); (e) residuals and the HOT u2(k− 2).

Figure 6. Method for identification and validation of the
dynamic model of the electromechanical actuator of
the UAV propulsion system.
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