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Featured Application

The in situ psychoacoustic (sound quality metric) characterisation of commercial multirotor
Unmanned Air Vehicles’ noise emission, to support noise-annoyance assessment and the
acoustic acceptability of Urban Air Mobility operations.

Abstract

Urban Air Mobility development depends on overcoming several challenges. Noise emis-
sion is one of the most critical, making Unmanned Air Vehicles” acoustic characterisation a
scientific and regulatory priority. Through an on-board outdoor measurement campaign
on three commercial multirotor drones (DJI Mavic 3M, Mavic 3 Classic, and DJI Matrice
4T) during hovering, this study analyses and shows the effects that the most important
flight variables: altitude, propeller design and payload, have on the overall noise emission,
its directivity and the psychoacoustic annoyance, more specifically through the descriptor
developed by Boucher. The results showed that different altitudes (10, 15 and 20 m) do not
affect noise emissions. Moreover, overall sound pressure levels may fail to discriminate
drones’ noise annoyance. In fact, despite the lower sound pressure levels, for the specific
platform and propeller configuration tested (DJI Mavic 3M with manufacturer low-noise
blades), the low-noise-propeller configuration showed higher psychoacoustic annoyance
than the standard-propeller one, driven primarily by higher roughness (and, to a lesser ex-
tent, tonality). Additional payloads (50-150 g) did not increase psychoacoustic annoyance
monotonically. The heaviest Matrice 4T showed the most stable psychoacoustic profile,
with psychoacoustic annoyance remaining below its unloaded baseline at all payload levels,
while the lightest Mavic 3 Classic showed the largest swing. Moreover, considering the
drone’s structural symmetry, the angular asymmetries revealed by the directivity analysis
suggest hovering-stabilisation dynamics attributions. Overall sound pressure levels alone
proved an unreliable predictor of drones’ noise annoyance across all tested flight conditions.

Keywords: urban air mobility; on-board recordings; payload; propeller design;
psychoacoustic annoyance; sound quality metrics

1. Introduction

The use of drones has expanded rapidly across environmental monitoring, logistics,
surveillance, and urban service sectors. In Europe, the Urban Air Mobility (UAM) market

Appl. Sci. 2026, 16, 9527

https:/ /doi.org/10.3390/app16199527


https://crossmark.crossref.org/dialog?doi=10.3390/app16199527&domain=pdf&date_stamp=2026-09-25
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-0958-7536
https://orcid.org/0000-0003-4130-5065
https://orcid.org/0000-0002-1409-8745
https://doi.org/10.3390/app16199527

Appl. Sci. 2026, 16,9527

2 of 24

is projected to reach approximately €4.2 billion by 2030, representing nearly one-third of
global market share [1]. Achieving this potential, however, requires public acceptance of
drone operations in anthropized environments—a challenge in which acoustic impact plays
a central role.

Drone noise-induced annoyance is emerging as one of the primary barriers to large-
scale UAM development [2]. In this context, acoustic acceptability should be regarded as
an integral dimension of the broader transition towards sustainable mobility, alongside
reductions in carbon emissions and improvements in energy efficiency [3].

Communities consistently perceive Unmanned Air Vehicle (UAV) noise as more an-
noying than conventional transportation sources at equivalent sound pressure levels [4],
and several studies report that drones are perceived as considerably more annoying than
commercial aircraft at equal A-weighted levels [5]. The distinctive character of drone noise—
high-frequency broadband content, strong tonal components at blade pass frequencies
(BPF) and harmonics, and amplitude modulation—has been identified as the principal
driver of this elevated annoyance response [6].

These considerations have prompted growing scientific and regulatory attention to-
ward structured acoustic characterisation of UAVs. In 2022, the European Union Aviation
Safety Agency (EASA) published the first worldwide harmonised guidelines for the noise
measurement of unmanned aircraft systems below 600 kg [7], covering multicopter con-
figurations and providing voluntary but standardised field and hovering measurement
procedures. Building comparable, reproducible acoustic datasets across drone platforms is
therefore both a scientific and a regulatory priority.

Despite this emerging interest, on-board campaigns that jointly characterise how mul-
tiple flight-condition variables (altitude, propeller design, and payload) affect both the
acoustic emission and its directivity within a single, coherent dataset remain scarce: the
existing studies have typically examined these factors in isolation, or under controlled
laboratory conditions that do not reproduce the real flight dynamics just described. This
study intends to address this gap through an on-board outdoor acoustic measurement cam-
paign designed to jointly characterise these effects on both the acoustic and psychoacoustic
emission of multirotor UAVs.

Although realistic flight operations can be replicated in anechoic chambers to obtain
highly accurate measurements, such controlled environments cannot reproduce the con-
ditions that shape a drone’s acoustic emission in the field. Environmental disturbances
continuously act on the airframe, and the flight controller compensates for them in real
time by adjusting rotor speed and thrust distribution with direct consequences on the
emitted acoustic signature. The availability and size of anechoic facilities are, in any case,
limiting factors, and several field measurement techniques have therefore been proposed
to capture drone noise under these real operating conditions. The main approaches rely
on ground-based measurements [8,9] using microphone arrays mounted on a reflective
plate, from which near-drone measurements can be inferred through back-propagation
processes. However, field measurements must contend with environmental conditions and
background noise, making it challenging to obtain objective and repeatable results.

On-board, embedded acoustic measurement systems directly address this need: by
recording at the source while the drone is airborne in an open field, they capture the noise
it actually emits as it responds, moment by moment, to wind and the other environmental
factors that affect its flight stability, rather than the noise it would emit under idealised,
undisturbed conditions—while also removing the need to invert propagation effects and
minimising ambient interference.

Recent studies have highlighted that the operating mode of multi-rotor UAVs
(hover vs. cruise) significantly affects their overall sound pressure level (OSPL). Measure-
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ments performed in controlled and semi-controlled environments indicate that differences
in propeller type and rotor configuration can lead to variations of several decibels between
hovering and forward flight, attributable to unsteady aerodynamic interactions between
rotor wakes and the drone structure rather than solely rotor speed [10]. This emphasises
that realistic operational measurements are essential to capture the full complexity of
drone noise.

The aeroacoustic performance of drone propellers is a central topic in UAV noise
research. The noise generated by rotating propellers combines tonal components (at BPF
and harmonics, linked to periodic aerodynamic loading) and broadband noise (due to
turbulence ingestion and trailing-edge scattering). Low-noise propeller designs, incorporat-
ing features such as swept-back tips, increased blade count, optimised chord distribution,
and bio-inspired serrations, have been shown to achieve significant noise reductions, pri-
marily in frequency bands above 1 kHz, without necessarily compromising aerodynamic
efficiency [11]. Integrated evaluation methodologies combining aeroacoustics and psychoa-
coustic analysis confirm that modifications reducing tonal content can disproportionately
improve perceived annoyance, even for modest reductions in overall sound pressure
level [12].

Regarding the relationship between payload and acoustic emission, field studies have
confirmed a strong positive correlation between UAV take-off weight (TOW) and the
magnitude of the acoustic emission at constant flight speed [13]: drones are noisier the
heavier their payload or the faster they fly. In parallel, research on acoustic-based payload
estimation has demonstrated that changes in motor and blade speed induced by different
payload weights produce measurable shifts in the acoustic emission profile, with even
simple pitch-based metrics achieving reliable discrimination between loaded and unloaded
conditions [14].

When a drone carries additional payload, its flight controller should compensate for
the increased total weight by commanding higher rotor speeds, which in turn should raise
both the BPF and the overall aerodynamic loading noise. It is expected that acoustic changes
should tend to upward frequency shifts in tonal peaks and increase OSPL by modifying the
spectral balance between tonal and broadband components. At the psychoacoustic level,
increased rotor speed affects the perception of several acoustic characteristics: loudness in-
creases with the overall level, sharpness may increase due to the spectral centroid shift, and
tonality may vary, depending on whether the new BPF falls in a perceptually salient region.

Field studies on UAV noise directivity have shown that both tonal components associ-
ated with BPFs and broadband noise due to aerodynamic turbulence contribute to complex
angular emission patterns, which are sensitive to orientation, payload, and operating con-
ditions [13]. These results underline the importance of on-board and in situ measurements,
particularly when assessing urban noise impact.

Because propeller design and payload alter both the tonal and spectral content of
drone noise, as discussed above, their effects can be expected to extend beyond overall
sound pressure level to influence perceived annoyance itself. The assessment of drone
noise annoyance increasingly relies on psychoacoustic metrics, which model the subjective
perception of sound beyond simple energy-based measures. Parameters such as loudness,
sharpness, tonality, roughness, and fluctuation strength have all been identified as relevant
predictors of annoyance to UAV noise [15]. Laboratory listening experiments have shown
that tonality, sharpness, and loudness contribute most significantly to annoyance models for
drone noise [16,17]. The prediction of perceived annoyance (PA) from psychoacoustic met-
rics, often computed as a composite sound quality metric (SQM), offers a more perceptually
relevant characterisation than SPL alone and is increasingly used in comparative studies
across drone fleets [18]. Zwicker’s general PA model was calibrated on synthesised narrow-
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band and broadband stimuli and does not explicitly capture the tonal character prominent
in UAV noise. To address this gap, Boucher et al. [19] developed a PA-tailored model for
Urban Air Mobility vehicle noise: its weighting coefficients and activation thresholds were
derived by fitting perceived-annoyance ratings from human listeners in the Test of UAM
Sound Quality (TUSQ), a listening experiment based on 141 stimuli (136 UAM + 5 reference
sound conditions).

An interdisciplinary approach integrating pure technical acoustics and human percep-
tion is emerging as the most comprehensive path toward understanding the noise effects of
UAVs [2], and the availability of well-characterised acoustic datasets is a prerequisite for
this line of research.

Building on this interdisciplinary perspective, this study concentrates on a single,
representative platform category: multirotor UAVs in the sub-2 kg, middle-sized class.
Under the EASA Open Category referenced above [7], platforms in this weight range
fall within the lightest-touch classes (C0-C2, up to 4 kg), which face substantially fewer
certification, licensing, and operational restrictions than heavier UAS, making them the
platforms most frequently deployed for everyday urban and peri-urban aerial services,
and therefore the most representative of the drone noise the public is actually exposed to
in these environments. Within this category, three commercial models covering distinct
use cases (precision agriculture/mapping, consumer/prosumer imaging, and public-safety
operations) were selected, allowing the effects of propeller design, payload, and directivity
to be examined consistently across a single, operationally relevant drone class. Because
even platforms within the same weight class can differ substantially in airframe design,
propulsion architecture, and propeller integration, comparing multiple commercial models
under identical conditions provides a direct empirical basis for assessing how much acoustic
and psychoacoustic emission varies within the class.

The main contribution of this study lies in the integrated experimental assessment of
how relevant flight and configuration variables—altitude, propeller design, and payload—
affect not only the acoustic emission of commercial multirotor UAVs but also their direc-
tivity and psychoacoustic annoyance. The on-board measurement approach enables these
effects to be investigated under actual outdoor hovering conditions and across different
UAV configurations. Analysing the drones’ noise emission at the source in situ, the present
work investigates the following research questions:

RQ1. How much do acoustic and psychoacoustic metrics differ among middle-sized class drone
models as flight altitude, propeller types and payload weight change?

RQ2. How much does the signature of drones’ noise emission differ among middle-sized class drone
models as flight altitude, propeller types and payload weight change?

RQ3. Which angular patterns characterise the noise emission of the selected drone models?

RQ4. How much does UAM Psychoacoustics Annoyance model of drone noise emissions differ as
the flight altitude, propeller types and payload weight change?

2. Methodology

On-board measurements were carried out through two different measurement setups.
The simplest measurement setup consists of positioning a single microphone under the
drone’s body at a distance sufficient to be considered just beyond the far-field condition
(kr > 1) relative to the Blade Pass Frequency (BPF). While the kr > 1 criterion is satisfied
at the BPF, it should be noted that a multirotor UAV is a spatially distributed source;
the potential influence of rotor-airframe interactions and near-field contributions on the
measured spectra is discussed in detail in Section 4, where their implications for the
psychoacoustic descriptors are explicitly addressed.
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This setup allows the acquisition of the noise emitted in real flight conditions by the
drone’s on-board noise sources, minimising as much as possible the ambient noise. The
second measurement setup consists of an arc-shaped support structure with microphones
positioned at multiple angular positions to provide data on the drone’s emission pattern in
both the sagittal and frontal planes.

Preliminary measurement sessions were conducted in both configurations to assess
the sensitivity of the acoustic and psychoacoustic descriptors to flight altitude. Since the
microphone was mounted 50 cm below the drone’s fuselage, the source-receiver distance
remained fixed across the tested altitudes; any difference observed across altitudes can be
attributed to the change in height above ground. On this basis, a representative reference
height of 10 m was selected for the subsequent measurement campaign.

Sessions took place outdoors on the campus of the Universidad Catdlica San Antonio
de Murcia, Spain (UCAM), in an area free from buildings or significant obstacles near the
flight zone, with the ground consisting mainly of soft, absorptive terrain (G = 1, for the
CNOSSOS-EU ground classification [20]).

The measurement layout (Figure 1), in terms of flight altitude and distance from reflec-
tive surfaces, was defined in accordance with the EASA methodological recommendations
for unmanned aerial vehicle noise measurement [7], to ensure comparable and reproducible
experimental conditions.

Figure 1. In situ single-mic recording configuration.

For each drone and condition, hovering recordings of at least 8 min were obtained to
ensure repeatability and to identify anomalous acquisitions caused by external factors (i.e.,
wind gusts, transient ambient noise). From each recording, a continuous 3 min segment of
undisturbed hovering was selected for psychoacoustic analysis.

This yields an audio dataset primarily representative of drone noise emission, min-
imising external influences and enabling high-quality psychoacoustic analysis at the source.

During each session, key environmental parameters (i.e., air temperature, relative
humidity, wind speed, and background noise levels) were monitored to verify operational
stability during acquisitions.
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2.1. Drone Models and Measurement Setup

Three commercial multirotor drones (DJI Co., Ltd., Shenzhen, China) were selected for
the measurement campaign, representing a range of size classes, rotor configurations, and
intended applications within the medium-sized UAV category. The selection covers three
distinct use-case categories recognised in the UAM ecosystem: precision agriculture and
mapping (DJI Mavic 3M), consumer/prosumer aerial imaging (DJI Mavic 3 Classic), and
public-safety /emergency-response operations (DJI Matrice 4T). All platforms are quadrotor
configurations with foldable arm designs, operating in the sub-2 kg class, which corre-
sponds to the most commercially prevalent category in urban and peri-urban environments.
Their main characteristics are summarised in Table 1.

Table 1. Main characteristics of the drone models tested in this campaign.

Drones [-] Propellers [-] Weights [g] Rotor Config. [[]  Airdrop Weight [g] Baseline Weight [g]
Dji Mavic 3m Standard 951 * Quadrotor 123 1114
Low noise
Dji Mavic 3 Classic Standard 895 * Quadrotor 150 1085
Dji Matrice 4t Standard 1219 * Quadrotor 50 1309

* Standard aircraft weight (including battery, propellers, and a microSD card). The actual product
weight may vary due to differences in materials across production batches and external factors.
(£5-20 g).

The primary acoustic mic is a Rode Wireless Go system (RODE Microphones (Freed-
man Electronics Pty Ltd.), Sydney, Australia), selected for its light weight (Table 2) and
compact dimensions, making it suitable for on-board drone installation. The system em-
ploys a miniaturised omnidirectional condenser microphone capsule, with digital wireless
transmission via the proprietary RODE Series IV protocol (128-bit AES encryption, 2.4 GHz
band). The received signal is recorded in real time using Audacity 3.4.7 audio software at a
48 kHz sampling rate and 24-bit resolution, ensuring a sufficient bandwidth and dynamic
range for subsequent acoustic and psychoacoustic processing.

Table 2. Measurement system components and mass for the two recording configurations.

Setup Types Components Weights [g]
Single mic Rode Go 32
& Attachment system 8
Rode Go 32
Array mic 4 x Lavalier Go II 4 x12
4 x Rode Pro 4 x 36
Attachment system 16

Microphone signal calibration was conducted at the recording studio of the Univer-
sidad Catélica San Antonio de Murcia, the reference instrument used for calibration was
a Rion NL-05 Class 1 integrating sound level meter [21]. Calibration was performed by
exposing both the microphone capsule and the reference SLM simultaneously to a broad-
band white noise source at discrete SPL steps of 5 dB from 60 to 90 dB SPL. The correction
factors derived from this comparison and applied in Artemis Suite were +3.5 dB for the
Rode Wireless Go (Gen 1)internal capsule used in the single-microphone configuration,
and +10.5 dB for the Lavalier GO II external capsule connected to the Rode Wireless GO II
(Gen 3) systems used in the arc array. Both systems feature a declared frequency range of
50 Hz-20 kHz and an equivalent input noise of approximately 22 dB(A). This calibration
procedure was repeated periodically to verify system stability over time.
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In the primary measurement configuration (Figure 2a), the microphone (Rode Go) was
enclosed in a windscreen and mounted at the end of a 0.50 m arm attached to the drone’s
airdrop system. The attachment system consisted of a vertical element made of 1.6 mm
iron wire, connected to a cord-based suspension that held the microphone in place. The
arm is composed of elements with varying stiffness (partially flexible).

~ ~

(a)

Figure 2. Single-microphone configuration on the left (a) and arc-shaped multi-microphone configu-

ration on the right (b).

As an evolution of the single-microphone setup, the second configuration employs
an arc-shaped support structure (Figure 2b), built from 1.6 mm iron wire and stabilised by
cord-based tensioners, in addition to the single-microphone attachment described above.
Four additional Lavalier microphones (Lavalier Go II) are mounted on this structure at
30° and 60° angular positions relative to the vertical axis. The Lavalier microphones are
connected to two Rode Wireless GO II (Gen3) systems, providing five audio tracks (0°,
£30°, £60°), corresponding to the main directions of the drone’s acoustic field. The arc can
be rotated, enabling the capture of directivity in both the sagittal plane (front-back) and
the frontal plane (left-right) of the drone. These angular positions allow the acquisition
of off-axis acoustic signals, where aerodynamic contributions from the rotors and rotor—
airframe interaction effects produce significant variations in the angular distribution of the
sound field.

To simulate different payload conditions, calibrated laboratory weights were attached
to the drone’s airdrop system in the single-microphone configuration (Figure 2a). Three
individual weight units were used—50 g, 60 g, and two units of 20 g—combined to obtain
three incremental payload levels relative to the baseline weight reported in Table 1: +50 g
(single 50 g unit), +100 g (60 g unit combined with the two 20 g units), and +150 g (all
four units combined). This approach allowed the acoustic effect of incremental, precisely
known payload increases to be isolated while keeping the attachment point and system
configuration otherwise unchanged.

2.2. Psychoacoustic Descriptors and Noise Annoyance

The drone’s emission noise annoyance was evaluated by using a more specific version
of the Zwicker psychoacoustic annoyance index [22] based on the UAM-specific model
developed by Boucher et al. [19]. This version includes the following descriptors extracted
from the recordings using the software Artemis Suite 14 [23]:

e  Loudness (N, soneGF), following ISO 532-1, representing the overall loudness level of
stationary sound. N is the 5th percentile of the time-varying loudness signal [24].

e Sharpness (S, acum), following DIN 45692, quantifying the prevalence of high-
frequency content [25].

e  Tonality (T, tuHMS), following ECMA-74 (17th) [26]/ECMA-418-2 (2nd) [27], mea-
suring the prominence of tonal components relative to the masking noise, computed
following the hearing model (HMS) method.
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e Roughness (R, asper), following ECMA-418-2 (2nd) [27], capturing fast amplitude
modulations (20-300 Hz range), associated with harshness and buzzing quality.

e  Fluctuation Strength (FS, vacil) (1/1 bark), sensitive to slower modulations (<20 Hz),
linked to pulsating character [28].

As specified in the following formula:

PA:N5<1+\/w§+w%R+w%) (1)

where wg = (S —1.75) - 0.25 - log;,(N5 +10) for S > 1.75 acum (zero otherwise) is a
sharpness-dependent weight, following Zwicker’s model [22], wrr = % -(0.4- FS + 0.6R)
5

is the roughness-fluctuation term (following Zwicker’s structure), and wr = 3.2 - le is the
UAM-specific tonality term, with T in tuHMS and N5 in soneGF.

Throughout this study, the value computed via Equation (1) from on-board recordings
is referred to as the on-board Psychoacoustic Annoyance Index (PAI) to distinguish it from
the absolute annoyance values perceived by a ground-based receiver.

The sharpness values measured in this study ranged between 1.74 and 2.16 acum,
placing most tested conditions at or just above the 1.75 acum activation threshold; wy is
therefore computed directly from the measured S of each condition, as specified by the
model. The practical implications of this near-threshold positioning are discussed in the
Section 4.

In addition, because hovering flight is not perfectly stationary over the duration of
a recording, as it is subject to both environmental effects and the flight controller’s own
stabilisation corrections, a single time-averaged value may not fully capture how each
descriptor varied during a given recording. For this reason, additionally, the 5th and 95th
percentile values of sharpness, roughness, tonality, and fluctuation strength were extracted
in Artemis Suite for every recorded condition. Since these descriptors determine the weight
terms wg, wrr, and wr in the PA formula, their percentile range translates directly into
a plausible range for PA itself. N5 is unaffected by this step, as it is already defined as a
5th-percentile value. These ranges are used in discussion and limitations paragraphs to
compare the inter-configuration PA differences.

3. In Situ Measurements
3.1. Altitude Effect

The choice of measurement altitude directly affects the signal-to-noise ratio of on-
board recordings and the relationship between measured levels and perceived emission at
community-relevant distances. A minimum flight height is required to satisfy the far-field
condition and to minimise ground reflection contributions; conversely, excessively high
altitudes may introduce larger wind-induced variability. The EASA guidelines [7] provide
reference geometrical configurations for field measurements, which informed the selection
of the altitude range tested here. Table 3 reports the key acoustic and psychoacoustic
descriptors for all drone configurations (no added payload, single microphone).

The data confirm that the variation in overall sound pressure levels and loudness
across the three altitudes remains within approximately 34 soneGF for all models, with
no monotonic trend consistently observed across all drones. This limited sensitivity to
altitude in the 10-20 m range supports the selection of 10 m above ground level (AGL) as
the reference measurement height, providing a practical balance between signal quality
and operational safety margin.

The inter-model comparison highlights substantial differences in psychoacoustic char-
acter despite similar overall sound pressure levels. The 3M ST has the highest loudness
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(N5 = 69.9 soneGF) and the lowest roughness (R = 0.320 asper) among all tested drones,
with a relatively low tonality (T = 0.248 tuHHMS). The 3M LN presents a distinct profile:
lower loudness (N5 = 64.5 soneGF) but markedly elevated roughness (R = 1.090 asper) and
tonality (T = 0.358 tuHMS). The 3 Classic combines the lowest loudness (N5 = 64.0 soneGF)
with the lowest tonality (T = 0.192 tuHMS) in the entire dataset, together with a low rough-
ness (R = 0.396 asper). The Matrice 4T occupies an intermediate position: sharpness is the
lowest among all models (S = 1.75 acum), while roughness (R = 0.855 asper) and tonality
(T = 0.298 tuHMS) are substantially above those of the 3M ST and 3 Classic.

Table 3. Acoustic and psychoacoustic descriptors by flight altitude (10, 15, and 20 m above ground
level), no added payload, single-microphone configuration.

Drone Height [m] OSPL [dB] OSPL, [dBA] N5 [soneGF]
10 84.7 84.0 69.9
3M ST 15 86.5 84.8 73.6
20 85.6 84.6 73.5
10 83.9 82.4 64.5
3M LN 15 83.7 83.0 66.0
20 83.9 83.2 63.0
10 83.3 82.8 64.0
3 Classic 15 83.1 82.7 62.3
20 83.2 82.7 63.9
10 84.1 82.6 65.0
Matrice 4T 15 83.4 82.1 64.6
20 83.2 81.6 63.5

3.2. Influence of the Propeller Type

Propeller design is one of the primary causes of drone noise character. Standard propellers
optimise aerodynamic efficiency (thrust-to-power ratio) at the expense of acoustic output,
generating strong tonal peaks at the Blade Pass Frequency (BPF = RPM/60 x N~blades~)
and its harmonics, alongside broadband turbulence noise. Low-noise propeller designs
address this trade-off through various strategies: swept-back and tapered blade tips to
reduce tip vortex noise, increased blade count to distribute aerodynamic loading, optimised
pitch distribution, and bio-inspired trailing-edge geometries [11]. Studies of low-noise
UAV propellers have demonstrated significant acoustic improvements—particularly in
frequency bands above 1 kHz—while maintaining adequate thrust performance [11]. At
the psychoacoustic level, modifications that reduce tonal content tend to lower both the
tonality and sharpness components of perceived annoyance, which are known significant
predictors of UAV noise annoyance [16]. The DJI Mavic 3M was the only model in this
campaign equipped with two propeller variants: the manufacturer’s standard blades and
the DJI low-noise propeller option. All other experimental conditions were kept identical
(hovering at 10 m AGL, single-microphone configuration, no additional payload). Table 4
reports the overall sound pressure levels (OSPL, OSPL4 ) and loudness (N5) for the 3M with
standard propellers (ST) and 3M with low-noise propellers (LN) at the reference altitude
of 10 m.

Despite producing nearly identical broadband SPL (A = +0.8 dB) and a modest differ-
ence in A-weighted level (A = +1.6 dBA), the two propeller configurations differ markedly in
their psychoacoustic profiles. The LN blades yield lower loudness (Ns: 64.5 vs. 69.9 soneGF,
A = 5.4 soneGF) but substantially higher roughness (1.090 vs. 0.320 asper) and tonality
(0.358 vs. 0.248 tuHHMS).
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Table 4. Overall sound pressure levels (OSPL, OSPL ) and loudness (N5) for the DJI Mavic 3M with
standard propellers (ST) and low-noise propellers (LN) at the reference altitude of 10 m.

Parameter 3M ST SMLN A (ST — LN)
OSPL [dB] 84.7 83.9 +0.8
OSPL4 [dBA] 84.0 82.4 +1.6
N5 [soneGF] 69.9 64.5 +5.4

For this specific platform and propeller configuration (DJI Mavic 3M with manufacturer-
designated low-noise blades), this result suggests that the ‘low-noise” label refers primarily
to overall level reduction and does not necessarily reflect the full psychoacoustic profile.

Whether this finding generalises to other drone platforms or low-noise propeller
designs remains an open question that future studies should address by testing multiple
blade geometries across different airframes and operating points.

The explicit tonality term wt in the Boucher et al. UAM PA model [19] proves particu-
larly consequential here, as it captures the elevated tonal character of the LN configuration
that would be partially overlooked by a purely loudness- or sharpness-based index.

3.3. Influence of Added Payload Weights

Payload was added incrementally using calibrated weights attached to the drone in
a mechanically stable position. The tested levels were +50 g, +100 g, and +150 g relative
to the unloaded baseline. All recordings were performed at 10 m AGL in the single-
microphone configuration.

Table 5 reports the percentage weight increment for each drone under each pay-
load condition, relative to the take-off weight of the unloaded aircraft. The baseline
weight includes the drone airframe, battery, airdrop system, and the on-board acoustic
acquisition system.

Table 5. Weight gain, acoustic descriptors and loudness for all drone models under each payload

condition.

Drone  Payload [-] Gz\i/:?l[‘,f/] OSPL[dB]  OSPL, [dBA] BOEEGF]

Baseline 17.1 84.7 84.0 69.9

+50 g 224 83.7 82.6 64.4

SMST +100 g 27.7 84.2 83.1 64.3

+150 g 329 85.7 85.0 71.7

Baseline 17.1 83.9 82.4 64.5

+50 g 224 84.5 84.0 65.9

SMIN +100 g 27.7 85.6 84.1 69.9

+150 g 329 86.2 84.8 73.6

Baseline 21.2 83.3 82.8 64.0

Clasi +50 g 26.8 83.6 83.6 64.0

3 Classic +100 g 32.4 85.1 85.1 73.0

+150 g 38 85.0 85.0 69.5

Baseline 74 84.1 82.6 65.0

, +50 g 11.5 83.3 81.2 59.8

Matrice 4T 1100 g 15.6 84.0 82.3 64.7

+150 g 19.7 84.3 82.9 67.6

* Weight gain [%] = (baseline weight—standard aircraft weight)/standard aircraft weight x 100,
where standard aircraft weight is as reported in Table 1. The non-zero baseline value reflects the mass
of the on-board acoustic acquisition system alone, with no added payload.
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Notably, the three platforms respond very differently to the same absolute payload
addition: for the Matrice 4T—which has the highest baseline weight (1309 g)—adding 150 g
represents only a +19.7% increase over baseline, whereas the same addition corresponds
to a +38.0% increase for the lighter DJI Mavic 3 Classic (baseline 1085 g). This differential
loading ratio is consistent with the observed acoustic response: the Matrice 4T exhibits the
most stable psychoacoustic profile across payload conditions, while the Mavic 3 Classic
and 3M ST show more pronounced variations in roughness and tonality.

Table 5 presents weight gains, acoustic descriptors and loudness for all drone models
under baseline and added-payload conditions at 10 m AGL. Baseline is the starting weight
of the drone plus the recording system.

For the 3M ST, the OSPL was rather insensitive to payload (84.7, 83.7, 84.2, 85.7 dB),
and the psychoacoustic response resulted non-monotonic. The 5th percentile loudness
oscillates between 64.3 and 71.7 soneGF across payload conditions (lowest at +100 g, highest
at +150 g), while roughness varies non-monotonically (0.320-0.750 asper, peaking at +50 g).
This non-monotonic behaviour tracks the OSPL4, which dips by ~1.4 dB(A) at +50 g and
rises again at +150 g. The measured blade-passing frequency (BPF) increases with payload
(173 — 204 Hz for the 3M ST, Table 6), so its harmonics shift toward the more sensitive
region of the equal-loudness contours rather than away from it. The loudness reduction
at +50 g is therefore driven by the lower overall level, not by a spectral shift into a less
sensitive band.

Table 6. Blade-passing frequency (BPF, Hz) for each drone under the baseline and added-payload
conditions during hovering at 10 m AGL.

Drone Baseline [Hz] +50 g [Hz] +100 g [Hz] +150 g [Hz]
DJI Mavic 3M ST 173 183 193 204
DJI Mavic 3M LN 173 173 183 183
DJI Mavic 3 Classic 173 183 193 204
DJI Matrice 4T 140 140 140 140

For the 3M LN, the payload effect is more regular: loudness increases monotonically
with load (N5: 64.5 — 73.6 soneGF), and roughness declines steadily from its elevated base-
line (R: 1.090 — 0.912 asper); tonality, by contrast, rises from its baseline and then plateaus
(T: 0.358 — ~0.53 tuHMS). The higher rotor speed demanded by added payload appears
to redistribute aerodynamic loading in a way that partially attenuates the modulation
components responsible for the elevated roughness of the unloaded condition.

The 3 Classic shows little response at +50 g (Ns5: unchanged), the sharpness rises
modestly (S: 1.96 — 2.08 acum), the roughness nearly doubles (R: 0.396 to 0.729 asper),
then a marked jump at +100 g (N5: 64.0 — 73.0 soneGF, S: 1.96 — 2.10 acum), followed
by partial recovery at +150 g. The large roughness increase at +50 g is notable given the
unchanged loudness, suggesting a spectral redistribution rather than a global level increase.
These non-linearities are consistent with the relatively high fractional loading imposed on
this lightweight platform.

The Matrice 4T presents the most stable psychoacoustic profile across all payload
conditions. Loudness varies between 59.8-67.6 soneGF, sharpness remains essentially
constant (1.75-1.78 acum), and roughness drops from the baseline (0.855 asper) to a stable
value around 0.577-0.608 asper for all payload conditions. This stability is consistent with
the comparatively modest fractional load increase on the heavier platform and reflects a
robust motor-control response that limits rotor speed variation.

https:/ /doi.org/10.3390/app16199527


https://doi.org/10.3390/app16199527

Appl. Sci. 2026, 16,9527

12 of 24

3.4. Changes of Spectral Features

All recorded audio files were analysed using the Artemis Suite software for the ex-
traction of time-frequency representations (spectrograms). Narrowband spectra were com-
puted via 8192-point FFTs on 48 kHz sample rate recordings (see description in Section 2.1),
yielding a frequency resolution sufficient to resolve the blade-passing frequency and its low-
order harmonics for all tested configurations. During controlled hovering operations, the
noise spectra of multirotor drones typically display clear tonal components at deterministic,
low-frequency narrowband peaks linked to the propeller rotation rate, with prominent har-
monic series extending into the mid-frequency range [13]. The spectral structure depends
on the number of blades, the number of rotors, and their relative phasing. The interaction
of these BPF harmonic series with the broadband noise floor defines the tonality metric and
contributes to roughness through amplitude modulation effects.

The fundamental BPF was extracted for every drone and payload condition (Table 6).
Two patterns are relevant to the results. First, for the two Mavic-3-class airframes (3M
ST and 3 Classic, which share the same propulsion platform), the BPF rises with the
payload from 173 Hz at the baseline to 204 Hz at +150 g, reflecting the higher rotor speed
commanded by the flight controller to carry the added weight. Second, the 3M LN shares
the same baseline BPF as the 3M ST (173 Hz): the low-noise blades do not reduce loudness
by rotating more slowly, so their acoustic benefit is a property of the blade design itself.
Their smaller BPF increase under payload (up to 183 Hz vs. 204 Hz for the standard blades)
further suggests a higher thrust per revolution, consistent with low-noise blade designs
that enlarge the blade area [11]. Finally, the Matrice 4T maintains a constant, lower BPF
(140 Hz) across all payload levels: its heavier platform absorbs the added 50-150 g with a
negligible change in rotor speed, which explains its uniquely stable psychoacoustic profile
under payload.

Figure 3 shows the narrowband spectra (SPL vs. frequency) of the four tested
configurations—3M ST, 3M LN, 3 Classic, and Matrice 4T—at the three tested altitudes
(10, 15, and 20 m AGL). Across all four configurations, the 10 m curve consistently sits
slightly above the 15 m and 20 m curves in the low-frequency rising portion of the spectrum
(below ~150-200 Hz), consistent with the shorter distance to the ground and with a possible
interaction; all three curves converge closely from the first harmonic peak onward, with
matching peak positions at the blade-passing frequency (BPF) and its harmonics, confirm-
ing that tonal content is governed by rotor speed rather than by the tested altitude range.
The 3 Classic and 3M LN (Figure 3b,c) show the closest overlap between altitudes across
the full spectrum, while the 3M ST and, more markedly, the Matrice 4T (Figure 3a,d) exhibit
a visible low-frequency offset and, for the Matrice 4T, additional divergence at several
mid-spectrum peaks. These spectral observations reinforce the limited altitude sensitivity
already quantified in Table 3: the residual differences across altitudes are small enough
that they do not bias the between-configuration comparisons presented in the remainder of
this study. This confirms the rationale for selecting 10 m as the reference height, already
discussed in Section 3.1.

Figure 4 presents the narrowband spectra (SPL vs. frequency) of the four configura-
tions under the baseline and added-payload conditions. All four exhibit the characteristic
multirotor structure: a low-frequency tonal region dominated by the blade-passing fre-
quency (BPF) and its harmonic series, superimposed on a broadband floor that decays
above roughly 3—4 kHz. The BPF fundamental lies near 170-200 Hz for the three Mavic-
3-class airframes (3M ST, 3M LN and 3 Classic) and lower, near 140 Hz, for the heavier
Matrice 4T, whose harmonics are correspondingly more closely spaced—in agreement with
the measured BPF values (Table 6).
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Figure 3. Spectrum of the tested drones at different heights: DJI Mavic 3M ST (a); DJI Mavic 3M
LN (b); DJI Mavic 3 Classic (c); DJI Matrice 4T (d).
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Figure 4. Spectrum of the tested drones with different payloads: DJI Mavic 3M ST (a); DJI Mavic 3M
LN (b); DJI Mavic 3 Classic (c); DJI Matrice 4T (d).
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The payload conditions reveal configuration-dependent behaviour consistent with
the psychoacoustic results. For the 3M ST and the 3 Classic (Figure 4a,c), the harmonic
comb shifts slightly upward in frequency with increasing load, reflecting the higher rotor
speed required to carry the added weight (BPF rising from 173 to 204 Hz), while the mid-
and high-frequency broadband region changes little. The 3M LN (Figure 4b) displays the
sharpest and most deeply modulated comb structure of the whole set—strong tonal peaks
separated by deep inter-harmonic troughs—visually corroborating its markedly higher
roughness and tonality relative to the 3M ST, despite the two sharing essentially the same
fundamental frequency. The Matrice 4T (Figure 4d) shows the opposite extreme: its four
payload curves nearly coincide across the entire band, confirming the uniquely stable
psychoacoustic profile reported above and its constant BPF (140 Hz) under load.

3.5. Directivity Angle

In idealised models, the acoustic radiation of a multirotor UAV is often assumed to
be symmetric with respect to its transversal plane. The present dataset shows small but
measurable differences between mirror-image angular positions (+30°/—30°, +60°/ —60°).
Mean angular asymmetry between mirror-image positions ranges from 0.2 to 4.2 dB in
OSPL (0.1-2.9 dBA) across drones and planes (Table 7), with clear platform-level differences:
the Matrice 4T shows by far the largest and most plane-dependent asymmetry (~4.0 dB
longitudinal vs. ~2.0 dB transversal), while the 3M LN shows the smallest and most
uniform (0.25-1.0 dB), with the 3M ST and 3 Classic falling in between. Notably, the 3M
LN’s high spatial symmetry contrasts with its elevated roughness (Table 8), showing that
its psychoacoustic complexity is not accompanied by a correspondingly complex directivity.
Because the absolute heading of each drone relative to the arc rig was not strictly controlled
across measurement sessions, these differences cannot be attributed to a fixed physical
asymmetry of a specific rotor or side of the airframe. They are more plausibly related
to the active attitude corrections performed by the flight controller to maintain hovering
stability, combined with session-to-session variability in drone heading—notably, the sign
of the asymmetry is not consistent across drones and planes (e.g., it reverses between the
longitudinal and transversal plane for the 3 Classic), supporting an operational rather
than structural origin. Accordingly, the following analysis focuses on the magnitude of the
angular asymmetry rather than on attributing it to a specific side of the platform.

Table 7. Mean angular asymmetry (dB) by drone and measurement planes.

Drone Plane Angle [° Left/° Right] OSPL [dB] OSPL, [dBA]
AM ST Longitudinal +60°/+30°/0° / —30° / —60° 84.1/87.0/86.9/85.5/85.6 82.4/85.2/85.1/84.8/84.2
Transversal +60° /+30°/0°/—30° / —60° 83.5/87.2/86.9/85.4/83.8 80.7/84.5/85.1/83.5/82.0
M LN Longitudinal +60° /+30°/0° / —30° / —60° 83.1/85.0/87.2/84.8/83.4 81.2/82.9/84.5/84.0/82.0
Transversal +60°/+30°/0° / —30° / —60° 84.2/84.4/87.2/84.2/82.4 81.1/83.2/84.5/83.1/80.3
3 Classi Longitudinal +60° /+30°/0°/—30° / —60° 85.4/87.0/87.1/85.2/83.3 83.0/84.9/87.0/84.0/81.8
assic Transversal +60°/+30°/0° / —30° / —60° 85.0/85.4/87.1/88.1/86.3 82.4/84.4/87.0/85.7/83.8
Matrice 4T Longitudinal +60°/+30°/0°/ —30° / —60° 83.0/83.2/84.2/87.4/86.9 80.3/81.2/82.8/84.1/82.9
atrice Transversal +60° /+30°/0°/—30° / —60° 85.5/84.5/84.2/86.4/87.6 81.7/81.9/82.8/83.7/83.1

The complete angular dataset also allows off-axis levels to be compared directly
against each configuration’s own 0° on-axis reference recorded in the same session (Table 7),
rather than against the single-microphone baseline recorded separately with different
acquisition hardware (Table 3). Three configurations (3M LN, 3M ST, 3 Classic) show a
broadly consistent pattern, with off-axis levels mostly at or below the 0° reference—most
clearly for the 3M LN (2.2-4.8 dB below at all eight angles), indicating a directivity lobe
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peaked at 0°. The Matrice 4T departs from this pattern, with off-axis OSPL exceeding
the 0° reference at six of eight angles (up to +3.4 dB), consistent with its larger angular
asymmetry above and plausibly related to its larger airframe increasing rotor-airframe
interaction effects. Given the substantially greater mass of the arc-shaped microphone
array relative to the single-microphone baseline (see Section 6), these directivity patterns
should be interpreted as characteristic of the loaded (array-mic) configuration rather than
as a direct proxy for each drone’s unloaded emission pattern.

Table 8. Psychoacoustic descriptors at 10 m above ground level (all drones, no added payload).

Drone N5 [soneGF] S [Acum] R [Asper] T [tuHMS]
3M ST 69.9 2.00 0.320 0.248
3M LN 64.5 1.78 1.090 0.358
3 Classic 64.0 1.96 0.396 0.192
Matrice 4T 65.0 1.75 0.855 0.298

4. Application of UAM-PA Model

As the PAI computed here is derived from recordings acquired at 50 cm below the
fuselage, it serves as a comparative index of the emission noise annoyance among drone
configurations and does not directly represent the annoyance experienced at a ground-
based receiver. Translating on-board measurements to receiver-position annoyance esti-
mates would require propagation modelling (geometric spreading, atmospheric absorption,
ground effect), which falls outside the scope of the present study.

This section reports PAI values computed via the Boucher et al. [19] UAM PA
model across all tested conditions, applying the model in full, including the sharpness-
dependent weight wg; PA is therefore determined by the combined contributions of Ns,
wg (sharpness), wrg (roughness-fluctuation), and wr (tonality).

First, Sharpness values measured across this dataset range from 1.7 to 2.2 acum,
placing most tested conditions at or just above the model’s 1.75 acum activation threshold.
This range sits at the upper edge of the TUSQ calibration set underlying the Boucher
et al. [19] UAM PA model, in which S remained below 1.75 acum for 138 of the 141 stimuli
tested; consequently, wg is small relative to wrg for most configurations. The 3M ST
configuration is the notable exception: its S (~2.0 acum, consistently across altitude and
payload) sits further above threshold, making wg a non-negligible contribution for this
configuration, and in some of its recording conditions, it is even the largest contributor to
its PAI (see Sections 3.2 and 4.3). The implications of this threshold-adjacent positioning for
the reliability of wg are discussed further in Limitations.

Second, elevated high-frequency content measured close to the drone is consistent with
a specific, well-documented electromechanical noise source: measurements on small quad-
copter Brushless Direct Current motors have identified discrete acoustic tones near 5000 Hz,
produced by electromagnetic force ripple exciting a structural resonance mode of the rotor,
with installation in the airframe further increasing radiated levels between 2 and 4 kHz
relative to the isolated motor [29]. The present configuration, with the microphone mounted
50 cm below the fuselage close to the motors themselves, is particularly susceptible to this
electromechanical contribution, which is a plausible explanation for why the measured
sharpness values sit persistently close to the model’s activation threshold.

Third, a related and likely concurrent but less dominant contribution may arise from
near-field acoustic effects more generally: prior UAV noise measurement studies have
documented amplification of high-frequency bands and self-noise effects attributable
to microphone mounting and rotor-induced airflow, applying dedicated windscreens or
correction filters to mitigate them [10,16]. Unlike the electromechanical resonance discussed
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above, however, this mechanism alone would not straightforwardly explain the relative
stability of sharpness observed here across markedly different rotor speeds (Table 6); the
present dataset cannot fully disentangle the two mechanisms without dedicated spectral
analysis targeting the 4.5-5.5 kHz band associated with the motor resonance.

Taken together, these considerations indicate that the sharpness values measured in
this on-board dataset should be interpreted with caution, sitting as they do close to the
1.75 acum activation threshold of the model, in a region only sparsely represented in the
TUSQ calibration set. Consistent with the approach described in Section 2.2, wyg is therefore
computed directly from the measured S of each condition, and all PAI values reported
in this study include its contribution alongside the roughness/fluctuation-strength and
tonality terms; the reliability implications of this near-threshold positioning are discussed
further in the ‘Limitations” section.

Table 8 presents the complete set of psychoacoustic descriptors for all four drone
configurations at the reference altitude of 10 m above ground level, enabling a direct inter-
model comparison; the corresponding PAI values are reported in Table 9 and computed
using the adapted Boucher et al. [19] UAM PA model.

Table 9. Psychoacoustic Annoyance Index (PAL Boucher et al. UAM PA model [19]) computed with
and without the sharpness term wg at 10 m and averaged between heights (10 m, 15 m, 20 m).

Drone PAI (10 m) [-] PAI(10m) (ws=0)[-] Mean PAI[-] Mean PAI (wg =0) [-]

3M ST 79.9 75.4 84.6 80.8
3M LN 82.1 82.0 82.9 82.7

3 Classic 73.0 70.4 71.5 69.9
Matrice 4T 78.8 78.8 77.1 77.1

4.1. PAI Across Drones

The PAI values at 10 m above ground level lead to the following ranking of the
expected drone noise annoyance: PAIsn 1N > PAlsy st > PAlvatrice 4T > PAI classic—driven
primarily by roughness (3M LN) and by sharpness engaging a non-negligible wg term
for the 3M ST (Section 4.3), which is enough to offset the Matrice 4T’s higher roughness
and combined weight factor. This illustrates that PAI reflects the product of loudness and
the combined weight factor, not the weight factor alone: the Matrice 4T’s lower loudness
(65.0 vs. 69.9 soneGF) is enough to offset its larger weight factor.

The 3 Classic achieves the lowest PAI (72.97) despite a moderate wg (0.098, from
S5 =1.96 acum) comparable in magnitude to its wgg (0.100), because it has the lowest
loudness (64.0 soneGF) among all models, keeping the overall product N5 x factor lowest
in the dataset.

Table 9 reports PAI values computed with and without the sharpness term wg. Re-
moving wg affects the ranking in two cases: at 10 m, the 3M ST drops from second to third
place behind the Matrice 4T; in the altitude-averaged comparison, the 3M ST and 3M LN
ranking reverses entirely. These results confirm that rankings involving the 3M ST should
be interpreted with caution, as they depend materially on a sharpness term that sits close
to the model activation threshold.

4.2. PAI Across Heights

Table 10 reports the PAI values computed with the adapted UAM PA model [19] for
all configurations at 10 m, 15 m, and 20 m above ground level, together with a mean PAI
value across the three altitudes.

The mean PAI was not computed as a simple arithmetic average of the three altitude-
specific PAI values, but rather by averaging the N5 component and the multiplicative factor
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(1 + /Wi + whp + sz) separately across the three altitudes, and then combining these
averaged components via the model formula. This approach is more consistent with the

structure of the Boucher et al. [19] UAM PA model, as it averages the perceptual components
before applying the non-linear combination, rather than averaging the final outputs of
three distinct conditions. The two methods yield numerically near-identical results on this
dataset (differences < 0.1 PAI units), confirming that altitude-induced variability in the
individual psychoacoustic components is limited.

Table 10. Psychoacoustic Annoyance Index (PAI, Boucher et al. UAM PA model [19]) by drone and
altitude. Mean PA is computed using the average of N5 and the average multiplicative factor across
the three altitudes.

Drone PAI (10 m) [-] PAI (15 m) [-] PAI (20 m) [-] Mean PAI [-]
3M ST 79.9 88.0 86.1 84.6
3M LN 82.1 86.5 80.1 82.9
3 Classic 73.0 69.5 72.2 715
Matrice 4T 78.8 78.2 74.3 77.1

The ranking of the mean PAI shows that PAlspist > PAlsmin > PAlMatrice 4T >
PAI; cassic—a reversal of the ranking observed at the 10 m reference height alone, where the
PAIzp 1N was the highest. Averaged across altitudes, the 3M ST’s sharpness-related weight
term remains elevated at every altitude tested, enough to outweigh the 3M LN’s advantage
from lower loudness. Because the on-board microphone’s distance to the source is constant,
regardless of the flight height, these altitude-to-altitude differences do not reflect sound
propagation effects, consistent with the limited, non-monotonic altitude sensitivity already
reported in Table 3. The PAI3\; st shows the largest spread across altitudes (~8.1 PAI units)
and the PAI3 cjagsic the most stable (~3.5 units); while the PAlyjatrice 4T Shows a decreasing
trend (78.8 — 74.3); none of these patterns should be read as a systematic altitude effect,
since the broader dataset shows no consistent monotonic trend across drones.

4.3. PAI Across Propellers

The DJI Mavic 3M was the only model in this campaign available in two propeller
variants: the manufacturer’s standard blades and the DJI low-noise option. All other
experimental conditions were identical (hovering at 10 m AGL, single microphone, no
added payload).

At the 10 m reference height, despite nearly identical broadband emission, the 3M
LN produces a PAI approximately 2.2 units higher than the 3M ST (82.1 vs. 79.9)—a
considerably narrower gap than a comparison based on roughness and tonality alone
would suggest: the wrg term is about 3.5x higher for the LN (0.271 vs. 0.078) and the wr
term about 1.6x higher (0.018 vs. 0.011). What narrows the gap is sharpness: the 3M ST’s
S =2.00 acum, just above the 1.75 acum threshold, yields a wg (0.119) comparable to its
own wrg, while the 3M LN’s S = 1.78 acum yields a much smaller wg (0.014). Averaged
across altitudes, this effect is large enough to reverse the ranking entirely (Section 4.2), since
the 3M ST’s sharpness term stays elevated and consistent across all three heights while its
roughness and tonality—always the lowest in the dataset—do not. This illustrates that a
PAI model based on loudness and sharpness alone would not resolve the 3M ST vs. 3M LN
comparison consistently across conditions.

4.4. PAI Across Payloads

Table 11 reports the full set of psychoacoustic descriptors and PAI (Boucher et al.
UAM PA model [19]) for all drone models under baseline and added-payload conditions at
10 m AGL.
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Table 11. Psychoacoustic descriptors (N5, S, R, T, FS) and PAI (Boucher et al. UAM PA model [19])
for all drone models under baseline and added-payload conditions at 10 m AGL.

Drone Payload [[] N5[soneGF] S[Acum] R[Asper] T [tuHMS] PAI [-]

Baseline 69.9 2.00 0.320 0.248 79.9

ST +50 g 64.4 1.95 0.750 0.315 77.9
+100 g 64.3 1.95 0.356 0.159 72.6

+150 g 71.7 194 0.608 0.336 84.0

Baseline 645 1.78 1.090 0.358 82.1

+50 g 65.9 1.85 0.993 0.519 82.4

SMLN +100 g 69.9 174 0.918 0.534 85.4
+150 g 73.6 178 0.912 0.529 89.6

Baseline 64.0 1.96 0.396 0.192 73.0

s Classi +50 g 64.0 2.08 0.729 0.410 793
assic +100 g 73.0 2.10 0.677 0.490 90.1
+150 g 69.5 2.10 0.688 0.364 85.9

Baseline 65.0 175 0.855 0.298 78.8

, +50 g 59.8 177 0.608 0.119 69.2
Matrice 4T 790 ¢ 64.7 176 0.581 0.130 741
+150 g 67.6 1.78 0.577 0.110 77.2

Payload effects on PAI differ markedly by platform (Table 11, Figure 5). The PAlzp st
shows a non-monotonic pattern, dipping to a minimum at +100 g (72.6) before rising
sharply to 84.0 at +150 g—its highest value, ~4.1 units above the baseline. The PAIz\ 1N
increases monotonically across all payload conditions (82.1 — 89.6), driven primarily by
rising loudness. The PAI; cj,q6ic Shows the largest swing in the dataset, jumping ~17.1 units
to a maximum of 90.1 at +100 g—the highest PAI recorded anywhere in this study—before
a partial recovery at +150 g. The PAlpatrice 4T Stands apart: it is the only configuration
for which PAI never exceeds its unloaded baseline, dipping at +50 g and recovering only
approximately linearly thereafter—a pattern consistent with its high absolute weight (which
limits the fractional demand on the motor) and with its baseline roughness being attenuated,
rather than amplified, by the increased rotor speed under payload, mirrored in its stable
BPF (140 Hz unchanged across all payload conditions).

== 3M ST =@= 3M LN == 3 Classic =-@= Matrice 4T 5th-95th percentile range

95 7
90 -

85 -

80 -

75+

PA (NASA UAM model)

70 -
65 -

60 - T T T v
Baseline +50¢g +100g +150¢g

Figure 5. Psychoacoustic Annoyance Index (PAL Boucher et al. UAM PA model [19]) as a function of
added payload, by drone/propeller configuration. Dotted horizontal lines mark each configuration’s
unloaded baseline PAIL
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The most evident pattern in Figure 6 is a convergence in the roughness-fluctuation
weight wrr across platforms as payload increases: starting from the widest split in the
dataset (0.078-0.271 at baseline), wrr declines steadily for the two configurations with the
highest starting values (3M LN, Matrice 4T) while ending higher than baseline for the two
with the lowest (3M ST, 3 Classic), narrowing the across-drone spread to roughly a third of
its baseline value by +150 g. The sharpness-driven weight wg follows a distinct pattern: it
remains comparatively flat or negligible for the other three configurations but rises sharply
for the 3 Classic (0.098 — 0.168), approaching the magnitude of its own wrg by +100 g.

—— WER —*— Ws —o— Wr 5th-95th percentile range

3M ST 3M LN

0.30 0.30

0.25 - 0.25 - \_\-

o
N
=)
<)
N
S

°
=
o
e
=
o

Weight value
o
=
5

Weight value
o
=
)

J

o
=)
&
o
=)
&

0.00 - T v v 0.00 - ' T v
Baseline +50¢ +100 g +150 g Baseline +504¢ +100¢ +150¢9
3 Classic Matrice 4T
0.30 1 0.30 -
0.25 - 0.25
0207 0207 \\

Weight value
) o
o o
1) G
Weight value
) o
S G

=)
=)
G
o
=)
G

- —— e

- T v T 0.00 - v v v
Baseline +50¢g +100 g +150¢g Baseline +504¢ +100¢g +150¢g

0.00

Figure 6. Model weight components of the Boucher et al. [19] UAM PA model across payload
conditions, by drone configuration. Shaded bands show the 5th-95th intra-recording percentile range
around each mean.

5. Discussion

Taken together, the four main questions addressed in this study converge on a single
overarching finding: energy-based acoustic metrics alone are insufficient to characterise,
rank, or predict the perceived annoyance of multirotor UAVs, and a psychoacoustic annoy-
ance framework is necessary rather than optional for UAM noise assessment.

Different flight altitudes, between 10 and 20 m, showed a limited effect on acoustic
descriptors, supporting 10 m as a more convenient and stable reference height.

On the other hand, in some cases, psychoacoustic descriptors may play an important
role in the definition of PAI value. In particular, comparing the two 3M drones with different
propeller designs, it can be observed that, while at 10 m the 3M-LN shows the highest PAI,
as the altitude increases, changes in loudness, roughness and tonality make the PAI of the
3M-ST higher than the 3M-LN (Sections 4.2 and 4.3). These differences observed in the PAI
values are, however, comparable to those due to recording-to-recording variability. This
dependence on the specific recording condition underscores the practical relevance of a full
multi-descriptor PAI model over any single-metric or single-recording comparison.

The standard and low-noise propellers of the DJI Mavic 3M differ in their nominal
geometry: the low-noise propeller has a smaller diameter (21.8 cm vs. 23.88 cm) and a
larger pitch (14.7 cm vs. 13.46 cm). Additionally, DJI indicates that the low-noise propellers
undergo dynamic balancing and feature softer blade-edge materials. Both variants share
the same baseline BPF (173 Hz, Table 6), indicating that the low-noise blades do not re-
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duce broadband noise by rotating more slowly. Under added payload, the 3M LN shows
a smaller BPF increase than the 3M ST (up to 183 Hz vs. 204 Hz at +150 g), consistent
with a higher thrust per revolution attributable to the larger pitch. The observed changes
in roughness and tonality may depend on these geometric and material differences and
their interaction with blade loading and operating point: the low-noise propeller appears
to reduce the broadband floor while leaving the harmonic components at comparable
absolute levels, increasing the tonal-to-broadband contrast—as visually confirmed by the
more deeply modulated harmonic comb structure observed for the 3M LN in Figure 4b,
already noted in Section 3.4. Since rotor speed, blade loading, and thrust per rotor were
not independently measured in this campaign, this interpretation is presented as plausible
and not as a demonstrated causal mechanism. Further measurements involving differ-
ent low-noise propeller designs and UAV platforms are required to determine whether
the observed psychoacoustic behaviour can be generalised. An added payload did not
increase annoyance monotonically for any platform; its effect depended on the fractional
weight increase relative to each airframe’s baseline mass rather than on the absolute added
weight, with the heaviest platform (Matrice 4T) remaining at or below its own baseline at
every tested payload level and the lightest platform (3 Classic) showing the largest swing
(17.1 PAI units).

The completed directivity analysis added a further, non-obvious layer to this picture:
the Matrice 4T, the most payload-stable platform, was simultaneously the platform with
the largest and least symmetric angular directivity (up to 4.2 dB), while the 3M LN, the
configuration with the highest roughness and PAI among the unloaded baselines, showed
the most spatially symmetric and on-axis-peaked emission pattern in the dataset, indicating
that perceived annoyance and spatial directivity are governed by largely independent
mechanisms, a distinction relevant to UAM noise-impact models that often assume a
simplified, uniform directivity from a single on-axis measurement.

These findings should be read alongside the limitations discussed below, particularly
regarding the single-recording basis of each condition and the calibration uncertainty of
the sharpness term. Within these limits, the dataset generated in this campaign—spanning
multiple drone platforms, propeller types, payload levels, and emission angles under
controlled, comparable field conditions—provides a reference resource for psychoacoustic
model validation and for informing noise-aware UAM operational and regulatory guide-
lines: the systematic variation of operational parameters enables the disentanglement of
individual acoustic factors, a prerequisite for building reliable drone noise prediction and
annoyance assessment tools for UAM planning. Future work should prioritise repeated
independent hovering trials to quantify test-retest reliability, a mass-matched directivity
configuration, and direct comparison of on-board and ground-based sharpness measure-
ments to establish whether sharpness values this close to the model’s activation threshold
reflect a stable near-field acoustic property or measurement-level noise that could shift
wg materially.

Future work should also extend the present protocol to heavier cargo drone plat-
forms and fixed-wing UAVs, which represent an increasingly relevant segment of the
UAM ecosystem and whose acoustic and psychoacoustic emission profiles remain
largely uncharacterised.

The psychoacoustic profiles documented in this study could also serve as a reference
basis for future drone detection and classification studies in mixed urban acoustic envi-
ronments. Future work should also consider the acoustic characterisation of drone flows
and UAM airways, where the simultaneous operation of multiple UAVs may produce
cumulative noise effects that differ substantially from those of individual platforms.
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6. Limitations and Future Studies

Three aspects of the present protocol should be considered when interpreting the re-
sults. The first concerns measurement geometry: the acoustic acquisition system is mounted
0.50 m below the drone’s fuselage, so the source-receiver distance stays constant throughout
each hover—unlike ground-based EASA-compliant measurements [7], which require the
aircraft to repeatedly enter and exit a defined geometric window across at least six indepen-
dent runs per condition. This EASA multiple-run protocol is designed around a receiver
fixed on the ground and does not directly transfer to a configuration where the receiver is
co-located with the source: with the microphone mounted on the drone itself, there is no
fixed geometric window for the aircraft to enter or exit, since the source-receiver distance
does not change, regardless of how the drone is flown. Detaching and re-attaching the
microphone array for repeated take-off-hover-landing cycles was not attempted within this
campaign, and adapting an equivalent multiple-run scheme to an on-board configuration
is left for future work.

A related consideration applies to the directivity configuration: the arc-shaped multi-
microphone array adds approximately 208 g relative to the single-microphone system
(Table 5), corresponding to a mass increase of 39.0%, 44.5%, and 24.4% over baseline for
the 3M, 3 Classic, and Matrice 4T respectively—larger than any payload condition tested
elsewhere (up to 38% at +150 g, Table 5) and, since payload measurably affects BPF and
psychoacoustic descriptors (Section 3.3), a genuine confound: the directivity measurements
(Table 7) were therefore not obtained under mass-matched conditions, and the angular
asymmetries discussed cannot be fully disentangled from this additional structural mass.

A second consideration follows from the first: each condition is represented by a
single continuous hovering recording (3 min, extracted from a session of at least 8 min)
rather than repeated independent trials, so the reported descriptors reflect within-recording
temporal behaviour rather than hover-to-hover reproducibility. This matters beyond a
formal caveat: the angular asymmetries reported in the directivity analysis are attributed to
active attitude-correction dynamics during hovering rather than structural asymmetry, and
the same source of variability could, in principle, also affect other single-hover comparisons
(e.g., propeller type, payload level) without being independently quantified. The 5th/95th
percentile range of each descriptor offers a first check against this intra-recording spread:
the Roughness-driven propeller comparison holds up well (non-overlapping ranges for
the 3M ST and 3M LN), but the Tonality and Sharpness contributions are more sensitive
to it—for several conditions, the model’s 1.75 acum sharpness threshold falls within the
intra-recording spread itself, meaning wg should be read as one plausible value along
a range that may include zero, rather than as a stable quantity. Future work should
prioritise repeated independent hovering trials to establish hover-to-hover variance directly,
ideally with confidence-interval reporting as required by EASA guidelines [7] for ground-
based measurements.

A third limitation concerns the sharpness-dependent weight of the psychoacoustic
annoyance model. The sharpness values measured throughout this study (S ~ 1.7-2.2 acum,
Tables 8 and 11) sit within, or just above, the model’s 1.75 acum activation threshold—a
region represented by very few stimuli in the original TUSQ calibration set (only 3 of
141 stimuli exceeded 1.75 acum [19]). The resulting wg values therefore carry more calibra-
tion uncertainty than the roughness- and tonality-driven terms, most consequential for the
3M ST configuration, whose PAI ranking relative to the Matrice 4T and, when averaged
across altitude, relative to the 3M LN, depends materially on this term. Part of this near-
threshold sharpness may itself be a measurement-geometry effect—from motor-induced
electromechanical noise near the source [29] or near-field microphone effects [10,16]—rather
than a genuine property of the emitted sound; a direct on-board vs. ground-based com-
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parison under matched flight conditions, as recommended above, would help disentangle
the two and clarify how reliably wg can be applied to on-board recordings of this kind.
Additionally, a quantitative propagation of the calibration uncertainty to the individual
psychoacoustic descriptors—in particular sharpness, roughness, and tonality—could not
be performed within the present campaign, as it would require a dedicated frequency-
response characterisation of the full measurement chain under controlled conditions; this is
identified as a further priority for future work.

A fourth consideration concerns the scope of flight conditions tested: this study char-
acterised only the hovering condition. Hovering alone is not representative of a UAV’s full
acoustic signature in operation, since forward-flight/pass-by conditions have been shown
to differ measurably from hovering in both overall sound pressure level and psychoacoustic
character, with differences of up to several decibels attributable to unsteady aerodynamic
interactions between rotor wakes and the airframe rather than to rotor speed alone [10].
Future work should therefore extend the present protocol beyond hovering to include
flyover and other representative flight manoeuvres and should expand the number of
drone platforms and the range of payload conditions tested toward a broader, standardised
on-board noise and psychoacoustic annoyance database for UAM applications.

7. Conclusions

This study shows that overall sound pressure level alone cannot predict UAV noise an-
noyance: propeller design, payload, and directivity each shape psychoacoustic annoyance
in configuration-specific, non-monotonic ways. A full multi-descriptor PAI framework
is therefore needed for UAM noise assessment, and the dataset generated here offers a
reference basis for future model validation.

More broadly, the on-board hovering recordings collected here across multiple drone
platforms, propeller types, and payload conditions represent an initial contribution toward
a larger, standardised database of drone acoustic and psychoacoustic annoyance data; a
resource still largely missing from the UAM literature and needed to support future model
validation and noise-aware regulatory guidelines.
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