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Abstract—The potential of drone based services is enormous
with applications ranging from consumer product delivery to
health services. When meeting this demand, one of the major
challenges we face is the noise produced by drones, which not
only contributes to listener discomfort, but also hinders the
device’s ability to effectively communicate via audio. Thus, there
exists a pressing need for understanding the characteristics of
drone related noise, which can then be suppressed using suitable
methods. This paper presents a preliminary study on modeling
the relationship between input motor current and acoustic noise
produced by a drone. An experimental study is conducted indoors
for a drone under hovering manoeuvre with a single active
motor and propeller. The drone noise was measured by a single
on-board microphone. We identify multiple tones or harmonics
in the drone noise spectrum that vary proportionally to the
motor current. Based on this observation, we define a transfer
function between the input current and output noise, and model
its harmonic behaviour using a higher order polynomial function.
A detailed error analysis is presented to validate the model.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs) or drones are rapidly
transforming and/or replacing many activities in the commer-
cial, recreational and military spaces. For example, they have
a lot of potential in consumer/health package delivery [1],
emergency rescue missions [2], firefighting, surveillance [3],
video capturing [4], [5], and wild-life management [6] etc.
However, the widespread deployment of these applications is
not yet accepted by the public due to two main reasons; (i)
privacy concerns, and (ii) noise pollution. Addressing the latter
is the motivation for this work.

Drones utilize multiple modalities for communication and
information capture, where audio is of predominant impor-
tance. Thus, audio signal processing for drone applications
has significant interest. While there exist a large amount of
recent work on audio signal processing for drones ranging
from source localization to signal classification [2], [7]–[11],
the aforementioned challenge of drone related noise reduction
is still very much an open problem. The majority of the noise
around the drone is produced by itself. As such, there exist a
great need to systematically understand and mitigate the noise
emission by drones in order to enhance the user experience
[12].

The acoustic spectrum of a typical drone is composed of
tonal noise and broadband noise where tonal noise generates

discrete tones characterized as harmonics whereas the broad-
band noise is due to turbulence and the airflow through the
propeller blades [13]. It is identified that the main sources
of drone noise is due to motors and propellers [14]. Several
previous work have analysed drone noise sources such as
motor [15] and propellers [16], [17] separately.

Many work related to drone noise analysis often also
include the drone’s ability to localize sound sources amidst
noise [2], [7]–[11], [14]. In [7], a UAV-embedded dataset is
presented with the rotational speed of propeller for different
flight configurations, and the authors observed the relationship
between the spectral harmonic components and motor speeds.
In [11], the suppression of drone noise is addressed using
template-based approaches that estimate the noise correlation
matrix using speed data. There are many studies on aerody-
namic performance analysis model for drone propeller [13],
[18], but fewer on noise. Most of the previous work have
presented drone noise analysis using free-field or ground-based
microphone arrays [19], [20]. While such analysis using on-
board microphones is rare, in [14], an embedded microphone
array was used to model drone noise in terms of an equivalent
source distribution plus a diffuse field. Although not directly
performing drone noise analysis, some other loosely related
work include machine learning based feature extraction and
classification of drone noise for acoustic detection of UAVs
[21]–[23], and passive drone noise reduction via propeller
design optimization methods (lighter propeller, shroud design
the use of ducts) [24].

The objective of this work is to present our preliminary
work on deriving a drone related acoustic transfer function
that can in return estimate the noise generated for a given
flight manoeuvre. Our approach is to start from recorded drone
noise, observe their most evident characteristics, and fit a
mathematical model(s) to these characteristics. We use an on-
board microphone to obtain noise when only a single motor
and propeller pair is active while the drone is at a steady
state of hovering manoeuvre, and we repeat the measurement
for different motor currents. By analyzing the recorded noise
spectrum for varying currents, our intention is to find a math-
ematical relationship between the input current and apparent
characteristics of the said spectrum. The remainder of this
paper is organized as follows. Section II defines the problem.
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MEMS microphone array

Fig. 1. A drone with microphone arrays attached to the body.

T{.}i s(t, i)

Fig. 2. ‘Black Box’ model; The transfer function: motor current, i as input
signal whereas signal received by the microphone, s(t, i) as the output signal
to the system.

Section III describes the experimental setup with an analysis of
the results. Section IV introduces the current to noise transfer
function with a model to obtain the harmonic frequencies of
drone motor noise. Section V presents the estimation of the
model parameters and Section VI concludes the paper.

II. PROBLEM STATEMENT

We aim to analyze the relationship between the current that
drives the motor and the resulting acoustic signal received
from a microphone attached to the body of drone (as shown
in Fig. 1). The drone motor is driven by an electronic speed
controller such that it regulates the current through the motor
to control the rotational speed of the rotor. Thus, drone noise
may be modeled against the input current that drives the motor
or the rotational speed of rotors, and we use the former.

Let’s denote the current through the motor as i (constant
over time for a fixed manoeuvre), and the noise signal received
by the microphone at time t as s(t, i). Then, the drone motor
related acoustic transfer function can be modeled as ‘Black
Box’ model as shown in Fig. 2, and can express as

s(t, i) = T{t, i}.

In this work, we aim to investigate the transfer function
between the current through the motor and corresponding
sound pressure measured from the microphone attached to the
body of the drone, and also parameterise the transfer function
for a fixed manoeuvre.

III. EXPERIMENTAL ANALYSIS

In this section, we discuss the experimental setup, measure-
ment results and its analysis. Note that drones can operate
in different flight modes and manoeuvres by controlling the
throttle, roll, pitch, and yaw. In the following, we consider a
hovering maneuver where constant current passes through all
the motors, which leads to operating them at the same angular
speed.

Fig. 3. Experimental Setup, with microphone array attached to the body of
drone closer to the selected motor.

A. Experimental Setup

Our objective is to find a relationship between the driving
current i of the motor and the noise field captured by an
on-board microphone. For this experiment, we drive a single
motor using a known input current i and acquire the sound
pressure signal s(t, i) received by the microphone fixed to
the under-body of the drone. We repeat the measurement over
different currents within the operating range of the motor.

The experiment is carried out in a quiet room with dimen-
sions of length 500 cm, width 410 cm and height 245 cm, and a
room reverberation time of T60 of 140 ms. We mount the drone
to a 1 m tall rigid stand to minimize vibrations and. Using a
bench top power supply, we operate a single motor attached
with a two-bladed propeller. The drone we use consists of
clockwise and anti-clockwise propellers with a diameter of 150
mm, and they are driven by direct current brushed permanent
magnet motors. Note that the concept set out in this work
can be used to extend for the brushless direct current motor
and brushless alternating current motor as well. The power
supply is driven at Constant Current (CC) mode, for each
measurement and repeated at 50 mA steps ranging from 100
mA to 1000 mA. At each step, the acoustic measurements are
obtained for a duration of 10 seconds using a Micro-Electro-
Mechanical System (MEMS) microphone and a USB-powered
external audio interface with 48KHz sampling frequency. The
microphone was attached to the landing gear of the drone,
close to the motor (as shown in Fig. 3).

B. Analysis of Results

In this subsection, we present the recorded data for varying
input motor currents, and draw insights in to their apparent
characteristics.

Figure 4 shows the frequency spectrum of noise recorded
by the microphone when only one of the motors is driven
by an input current of (i) 100 mA (black), and (ii) 1000
mA (blue). Note that, a low-pass filter was used to remove
frequencies over 10 kHz. Also, shown in red is the spectrum
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Fig. 4. Frequency spectrum of the recorded drone motor noise at 1000 mA
and 100 mA with background noise.
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Fig. 5. Harmonic frequency with respect to motor current.

of background noise measured by the microphone when the
drone was inactive. Note that the background room noise is
negligible compared to drone noise. However, we subtract
room noise from the acoustic measurements in spectral domain
for normalization. From Fig. 4, we can observe a number of
peaks in the noise spectrum reflecting multiple tones. We refer
to these distinct tones as harmonics, because they are almost
harmonically related.

Figure 5 shows how the variation of first 10 harmonics ωn,
n = 1, . . . , 10 as a function of the driving current i of the
drone motor. Figures 6 and 7 plot the real and imaginary parts
of the amplitude of each of the first 10 dominant harmonics,
respectively. We can observe that there is a certain pattern
in the above curves, inferring to an underlying relationship
between the amplitude and frequencies of the harmonics and
the driving current of the motor.

In the next section, we will model the experimental results
to identify the complex relationship between the noise field
harmonics and the motor current.

IV. CURRENT TO NOISE TRANSFER FUNCTION

In this section, we obtain an expression for the current
to noise transfer function, considering only the significant
harmonics of the received signal.
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Fig. 6. Real part of the harmonics amplitude, <(an) with respect to motor
current, i.
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Fig. 7. Imaginary part of the harmonics amplitude, =(an) with respect to
motor current, i.

Let N be the number of harmonics, then the received signal
can be given by

s(t, i) =

N∑
n=−N,n6=0

an(i) e
jωn(i)t, (1)

where ωn(i) is the nth harmonic frequency and an(i) is the
amplitude of the nth harmonic. Note that

ω−n = −ωn,

s(t, i) is a real signal, and an(i) is a complex amplitude with
the property,

a−n = an∗ .

Figures 6 and 7 illustrate that real and imaginary parts of
an grow exponentially with current. Figure 5 depicts the
behaviour of harmonic frequency against input motor current.
We observe that harmonic frequencies, wn seem to behave as
a higher order polynomial of current i. Hence, we may be able
to model wn(i) as

ωn(i) =

M∑
m=0

pnm im, (2)

where M is the order of the polynomial, m is the index and
pnm are the coefficients of the polynomial. We aim to estimate
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pnm to show the relationship between the drone motor driving
current and the harmonics of the noise. In this work, we leave
out the modelling of an and hope to address it in a future
publication.

V. PARAMETER ESTIMATION

Here, we provide a way to estimate the proposed model
parameters pnm ∈ R in (2) using a least-squares approxima-
tion method that minimizes the squared error. We evaluate the
model accuracy based on the mean squared error (MSE).

Suppose we have Q samples {(iq, ωn(iq))}Qq=1 where
iq, ωn(iq) ∈ R. We modify model (2) as

ωn(iq) =

M∑
m=0

pnm imq + εq,

where εq is the random error component of the qth case. This
can be written in matrix form as


ωn(i1)
ωn(i2)

...
ωn(iQ)

 =


1 i1 i21 . . . iM1
1 i2 i22 . . . iM2
...

...
...

. . .
...

1 iQ i2Q . . . iMQ



pn0
pn1

...
pnM

+


ε1
ε2
...
εM

 ,
ωn = X pn + ε,

where the vector ωn ∈ RQ and the matrix X ∈ RQ×(M+1) are
the given data, and pn ∈ R(M+1) is the unknown parameter
vector. With Q ≥ (M+1), the basic least-squares approxima-
tion method [25] involves estimating pn, as a solution of the
optimization problem such that squared error is minimized.

p̂n = argmin
pn∈R

||X pn − ωn||2. (3)

The least-squares approximation solution to (3) is

p̂n = (XTX)−1XTωn,

where p̂n is an unbiased estimator of pn. While the above can
be computed via singular value decomposition, for the purpose
of this paper, we use a simple least-squares method to fit the
data resulting in a model function given by

ω̂n = Xp̂n.

Based on (3), the best estimate of the model p̂n can be
obtained by minimizing the MSE given by

MSE =
1

Q

Q∑
q=1

(ωn − ω̂n)
2.

Figure 8 presents the results after fitting an M th order
polynomial where M ∈ [3, 4, . . . , 8]. From Fig. 8(a) we
observe that MSE decreases more rapidly with increasing M
for n ∈ [1, 2, . . . , 4]. From Fig. 8(b), we observe that MSE
estimators are comparably high and become stable with M for
n ∈ [5, 6, . . . , 10]. This may be due to the notches appearing
in Fig. 5. The reason for these notches is not clear at this stage.
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Fig. 8. MSE estimator of ω̂n for n ∈ [1, 2, . . . , 10] with repect to the order
of the polynomial M .
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Fig. 9. Harmonics frequency, ωn, n = 1, . . . , 4 mapped with the motor
current, i. Markers are actual data whereas lines are polynomial fit.

It can be due to a measurement error or due to the resonance
effect in the room.

From the above observation, we decide to fit a seventh
order M = 7 polynomial regression model for the harmonic
frequency variation over current. Figure 9 shows the recon-
structed harmonics using the above model for the first four
harmonics. We observe that the seventh-degree polynomial
provides a good approximation for ωn, where n = 1, . . . , 4
with respect to the measured value. In Fig. 10 we show similar
results for higher order harmonics from n ∈ [5, 6, . . . , 10],
which still manage to achieve 95% confidence interval esti-
mates. These results confirm that the harmonic frequencies of
drone motor noise against input current can be successfully
modeled using higher order polynomials.

VI. CONCLUSIONS

In this paper, we presented measurement data and analysis
of acoustic noise produced by a commercial drone at steady
state of hovering. Motivated by an apparent harmonic structure
observed in the noise measurements, we defined a transfer
function between the motor current and the drone noise. The
frequency behaviour of these harmonics were modeled using
higher order polynomials, and we provided a detailed error
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Fig. 10. Harmonics frequency, ωn, n = 5, . . . , 10 mapped with the motor
current, i. Markers are actual data whereas lines are polynomial fit and dotted
lines are 95% confidence interval.

analysis validating the model accuracy. In future work, we
hope to derive another model for harmonic strength behaviour
against frequency, which appear to have a negatively un-
damped sinusoidal structure.
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