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Abstract Urban noise exposure assessment is generally performed with static sources and
long-term average indicators such as L, or La.,. This approach is poorly suited to emerging
urban air mobility and road traffic: drone operations are intermittent and route-dependent,
while road-traffic noise varies strongly at short time scales through individual vehicle dynam-
ics. The present contribution introduces a methodology for dynamic population noise expo-
sure assessment that merges drone and road-traffic noise in a unified simulation framework.

Road traffic is represented through microscopic traffic simulation, providing vehicle trajec-
tories, speeds and accelerations at fine temporal resolutions (1 second). Drone operations
are represented as moving aerial sources with specified trajectories and operating charac-
teristics, including altitude, speed and flight phase. Noise emissions are estimated using the
CNOSSOS-EU framework for road vehicles, and a dedicated drone emission model, while
the CNOSSOS-EU propagation models is used to estimate dynamic noise levels at receiver
points. Road and drone contributions are energetically summed, producing exposure time
series and derived indicators such as short-term L,,., and noise-event counts.

The methodology is applied to a Stockholm test case to demonstrate feasibility and explore
how drone overflights interact with traffic noise. The early results from this test case suggest
that drone-noise impact is highly dependent on the time of day and the drone operation
schedule.

By enabling scenario comparison, the framework opens the door to future optimisation of
drone routes and schedules while taking into account existing road-traffic noise exposure.
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ulation; population exposure; noise events
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1. INTRODUCTION

Environmental noise is a major urban health and quality-of-life concern, associated with an-
noyance, sleep disturbance, and broader non-auditory effects (World Health Organization,
2018; Basner et al., 2014). In Europe, road traffic remains one of the dominant sources
of environmental noise exposure (European Environment Agency, 2025). Its assessment
is commonly framed through strategic noise mapping and long-term indicators such as L.,
and L., as formalised in the Environmental Noise Directive (European Parliament and
Council of the European Union, 2002). These indicators are essential for policy reporting,
but they provide a static and time-averaged representation of a sound environment that is
often strongly dynamic.

Road-traffic noise varies on short time scales because individual vehicles move, ac-
celerate, decelerate, stop, and interact with the street network. Accounting for traffic dy-
namics thus improves noise assessment compared to static traffic-flow descriptions (Can,
Leclercq, Lelong, & Defrance, 2009). Recent modelling chains couple dynamic traffic sim-
ulations with environmental-noise propagation tools to estimate dynamic receiver-level ex-
posure (Le Bescond, Can, Aumond, & Gastineau, 2021). In particular, the use of calibrated
microscopic traffic simulations has demonstrated the potential of finely-resolved vehicle tra-
jectories, speeds, accelerations, enabling near-real-time assessment of noise levels at re-
ceiver points (Baclet, Khoshkhah, Pourmoradnasseri, Rumpler, & Hadachi, 2023). This
receiver-centric perspective is essential for population exposure assessment, which focuses
on who is exposed to noise rather than where noise is emitted (Baclet et al., 2022; Baclet,
Venkataraman, & Rumpler, 2021).

Emerging drone and urban air mobility operations add a second layer of complexity.
Drone noise is expected to be intermittent, dependent on the mode of operation, and con-
centrated along repeated corridors. Moreover, reviews of drone noise highlight that UAV
sound can have distinctive spectral and directivity features, and a dependency on flight
modes (Schéffer, Pieren, Heutschi, Wunderli, & Becker, 2021; Lotinga, Ramos-Romero,
Green, & Torija, 2023). In addition, psychoacoustic studies suggest that human response to
drone noise may not be fully captured by sound levels alone, emphasising the importance
of temporal structure, sound quality, tonal content and context (Torija & Clark, 2021; Torija
& Nicholls, 2022). These aspects are directly relevant for urban planning, since route and
schedule choices may influence both acoustic exposure and societal acceptance (European
Union Aviation Safety Agency, 2021; Gao, Porcayo, & Clarke, 2023).

Despite this, drone-noise scenario assessment and road-traffic noise mapping are typi-
cally treated separately. For urban applications, however, drone overflights and starting/land-
ing procedures will be heard against an existing traffic-noise background. A drone operation
that is prominent during a quiet hour may be less prominent during a busy traffic period,
while repeated operations may also modify short-term exposure patterns and noise-event
statistics. Event-based indicators, which quantify the number of times noise levels exceed a
chosen threshold, are therefore useful complements to average levels, although their inter-
pretation depends on the specific indicators chosen (Brown & De Coensel, 2018; Baclet &
Rumpler, 2025Db).

To address this gap in the literature, this contribution introduces a novel methodology for
dynamic population noise exposure assessment that merges road-traffic and drone noise
in a unified simulation framework, enabling analyses of dynamic noise exposure from road
traffic alone, drone traffic alone, and the combination of both. Road traffic is represented us-
ing microscopic traffic simulation outputs at one-second resolution, while drone operations
are represented as moving aerial sources with specified trajectories and operating char-
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acteristics. The two source contributions are estimated separately at receiver level, then
energetically summed to produce combined exposure time series. From these time series,
the method derives short-term L,,,, exceedance, and the number of noise events, enabling
direct comparison of car-only, drone-only, and combined scenarios. The methodology is ap-
plied to a Stockholm test case to demonstrate feasibility and to explore how drone overflights
interact with traffic noise under different times of day and drone traffic scenarios.

2. METHODOLOGY

2.1 Overview of the modelling chain

In the present contribution, the modelling chain is designed to preserve the short-term dy-
namics of both road traffic noise and drone noise until the final exposure indicators are
calculated. It follows the same general logic as dynamic road traffic noise mapping chains,
where individual vehicles are represented at fine temporal resolution in a microscopic traffic
simulation, and the noise from individual vehicles, modelled as point sources, is propagated
to fixed receiver points (Le Bescond et al., 2021; Baclet et al., 2023).

The methodology comprises the following main steps:

1. The trajectories of individual road vehicles and drones are each modelled dynamically,
with a fine temporal resolution;

2. At each time step, each individual vehicle or drone is assigned an octave-band noise
emission level, based on a chosen noise emission model which accounts for various
parameters (e.g. speed, acceleration, vehicle type for road vehicles; speed, flight mode
for drones);

3. The noise emissions are propagated to receiver points placed on the fagades of build-
ings using a propagation model,

4. The noise contributions from road vehicles and drones are analysed separately and
jointly by means of post processing methods.

These steps are further detailed in the following subsections.

2.2 Trajectory modelling for road and drone traffic
2.2.1 Microscopic road traffic modelling

Road traffic is represented using a microscopic traffic simulation, in which each vehicle is
described individually rather than through aggregated traffic flows. This representation is
particularly suited to dynamic noise assessment because it provides the time-varying po-
sition and kinematic state of each vehicle, allowing road traffic to be modelled as a set
of moving point sources. Such microscopic source descriptions have been used in previ-
ous dynamic road traffic noise modelling chains, where vehicle trajectories are converted
into receiver-level time series before exposure indicators are calculated (Le Bescond et al.,
2021; Baclet et al., 2023).

In the present Stockholm test case, microscopic traffic trajectories were generated using
the open-source traffic simulation software SUMO (Lopez et al., 2018), based on average
traffic flows derived from TomTom data. The proposed acoustic workflow is not specific to
SUMO: any microscopic simulation or measured trajectory dataset can be used provided
that it supplies, for each vehicle and time step, at least a vehicle identifier, position, speed,
acceleration and vehicle class. In this study, trajectories are simulated with a temporal reso-
lution of one second. Two one-hour traffic periods are considered: 04:00-05:00, represent-
ing a low traffic time period, and 16:00—17:00, representing peak traffic.
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In the present application, only passenger cars are considered as a first simplified road-
traffic scenario. The same workflow can however be extended to multiple vehicle categories
by assigning category-specific emission parameters before propagation.

2.2.2 Drone operation modelling

Drone operations are represented as moving aerial sources following prescribed trajectories.
Each trajectory record contains, for each time step, a drone identifier, horizontal position,
heading, horizontal and vertical speed, altitude, and flight mode. This format is deliberately
close to the car data representation used for road vehicles: at each time step, the drone
position and flight mode define the source location and the emission model to be used in the
subsequent acoustic calculation.

In the present test case, the trajectories describe level flybys along a predefined urban
corridor above a road, without take-off, landing or hovering phases. It is assumed that all
drones fly at a constant altitude of 60 m above ground, at a horizontal speed of 25 ms™!, with
zero vertical speed. The chosen drone model is a 40 kg maximum take-off mass (MTOM)
vertical take-off and landing (VTOL) drone with fixed wings and a 3-meter span. The drone
trajectory time axis is defined relative to the beginning of the operation window and is aligned
with the road-traffic simulations by adding the corresponding road-traffic start time. The
same drone operation can therefore be combined with either the 04:00-05:00 or 16:00—
17:00 traffic background. Two drone-operation scenarios are considered:

» Fixed-spacing scenario: drones are inserted with a fixed spatial separation (100 meters
in the chosen test case scenario). At the selected flight speed, this produces a high-
throughput corridor operation with short departure headways and multiple drones simulta-
neously present along the route.

 Stochastic scenario: drone departures follow a stochastic process (Poisson law), pro-
ducing irregular departure times and a lower number of flybys in the one-hour trajectory
set used here (60 flybys per hour in the chosen test case scenario).

The two scenarios should therefore be interpreted as distinct operational cases. In par-
ticular, the fixed-spacing case represents a much denser drone traffic scenario than the
stochastic case. This distinction is kept throughout the case-study results, where the two
operation patterns are analysed separately before their implications for route and schedule
planning are discussed.

2.3 Noise emission
2.3.1 Road traffic noise emission

Road traffic noise emissions are calculated dynamically from the microscopic vehicle states.
At each one-second time step, every simulated passenger car is represented as an individual
point source located at its current position. The sound power emission is then assigned using
the CNOSSOS-EU road traffic emission model, which is the common European assessment
method established for strategic environmental noise calculations (European Commission,
2015, 2021). In this model, road traffic emission is expressed in octave bands and depends
on vehicle category and speed, with separate contributions associated with propulsion and
rolling noise.

For the present test case, all road vehicles are treated as light vehicles. This is a deliber-
ate simplification intended to focus the conference-paper demonstration on the coupling be-
tween dynamic road traffic and drone overflights. The modelling chain itself is not restricted
to a single vehicle category: heavy vehicles, buses or powered two-wheelers may be in-
cluded by assigning the corresponding CNOSSOS-EU category and emission parameters.
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Acceleration is also available in the microscopic trajectory files and may be used to account
for additional emission during non-uniform driving, for example through the Harmonoise ac-
celeration correction approach (Watts, 2005), which is done in the present test case. This
is relevant for dynamic exposure assessment because acceleration-related noise may af-
fect both equivalent sound levels and short-term noise-event indicators (Baclet & Rumpler,
2025a).

2.3.2 Drone noise emission

Drone noise is represented using a source model for a 40 kg MTOM VTOL delivery drone
with fixed wings and a 3-meter span, based on outdoor measurements (Orrenius et al.,
2026). The model provides octave-band sound power levels for different operational phases.
In the present test case, only level cruise/flyby operation is considered, since the simulated
drone trajectories do not include take-off, landing, hovering or vertical manoeuvres.

For this first implementation, each drone source is assumed to be an omnidirectional
point source within each octave band. This simplification should be revisited in future work
because drone noise is known to depend on directivity and tonal components (Schéaffer et al.,
2021; Rizzi et al., 2020). However, the authors deem this simplification acceptable for a first
test case meant to illustrate the proposed methodology, in which the drones fly 60 meters
above the ground, like in the present test case. The use of source-specific drone levels in the
output tables allows alternative drone emission models to be substituted without changing
the rest of the exposure-assessment workflow.

2.4 Noise propagation

Noise propagation is calculated using the CNOSSOS-EU propagation model, implemented
in the open-source NoiseModelling software (European Commission, 2015, 2021; Bocher,
Guillaume, Picaut, Petit, & Fortin, 2019). Using the same propagation method for road
vehicles and drones ensures that both source types are evaluated on the same receiver set
and with the same assumptions regarding attenuation, reflections, diffraction and ground
effects. Road vehicles are propagated as moving point sources close to the road surface,
while drones are propagated as moving aerial point sources at their trajectory altitude.

Receiver points are placed along building fagades, every 5m, at 0.1 m from the fagcade
and at a height of 4m. This receiver setup is consistent with facade-based environmental-
noise assessment and allows the calculated levels to be linked to population exposure in the
post-processing stage. Each propagation calculation returns octave-band receiver levels,
which are then converted to A-weighted levels and stored at the receiver point, with the
same time-step resolution as used for the trajectories of the sources.

For the Stockholm test case, propagation is computed with NoiseModelling 6.0.0. The
propagation settings include second-order reflections, vertical and horizontal diffraction, ter-
rain elevation from a digital elevation model, and ground absorption based on land-cover
information, with green areas treated as acoustically absorbing ground. The maximum
propagation distance is set to 1000m. These settings are used for both the road-traffic-
and drone-noise simulations to ensure meaningful comparisons.

2.5 Combination of source contributions

The road-traffic and drone simulations produce source-specific receiver-level tables with the
same structure. Before combining the sources, the drone time axis is shifted to the selected
road-traffic period. For example, the same one-hour drone operation can be aligned with
either the 04:00-05:00 or 16:00—17:00 road-traffic noise simulation. The two source tables
are then joined using the pair (¢,r), where ¢ is the time step and r is the receiver identifier.



At each receiver point and time step, the combined level is obtained by energetic addition
of the road-traffic and drone contributions. In decibel form, this is written as:

LAeq,total(tvr) — IOIOg]O (IOLAeq,Car(tvr)/lo + 10LAeq,drone(lvr)/10> , (1 )

where Lycg car(t,7) @and Laq drone (2,7) @re the source-specific levels at receiver r and time step
t. The resulting combined table therefore contains road-only, drone-only and total levels.
This structure allows total exposure to be mapped while also quantifying the incremental
contribution of drone operations relative to the road-traffic baseline.

2.6 Exposure indicators and event detection

The combined receiver time series are post-processed into level-based and event-based
exposure indicators. For each receiver r, an equivalent level over an analysis period T is
calculated from the one-second samples as

LAeq,T(r) = 10log,, (NLT Z IOLAeq(t,r)/w) ’ )

teT

where Ny is the number of one-second samples in the period. The same aggregation is
applied to the car-only, drone-only and combined level columns. The main level-difference
indicator is then defined as

ALpeqr(r) = Loy 7" (r) = Loy 1 (1),

which measures the increase in equivalent level caused by adding the drone operations to
the road-traffic background.

Event-based indicators are used as a complement to L,,,, because intermittent sources
can change the temporal structure of the sound environment without necessarily producing
large changes in the equivalent level. Events are detected using the generalised exceedance
approach described by Brown & De Coensel (Brown & De Coensel, 2018). For each receiver
point, an hourly local background noise level is estimated from the median level, denoted
Laiso- A noise event is then identified when the time series exceeds Lyso + E, where E is
the exceedance threshold in decibels. Consecutive exceedances separated by gaps shorter
than the minimum time gap G (in seconds) are grouped into the same event.

The event indicators reported in this study are LS0E03G05CL, LSOE05GO5CL, LSOE10GO5CL
and L50E15G05CL, chosen according to the recommendations for road traffic event counting
established in a previous study (Baclet & Rumpler, 2025b). The names encode the param-
eter choices: L50 indicates the median background L,sy, E03, E05, E10 and E15 indicate
exceedance thresholds of 3, 5, 10 and 15 dB, GO05 indicates a minimum time gap between
successive events of 5s, and CL denotes that windows are assumed to be closed for the es-
timation of indoor noise levels. Counts are computed for the combined level, the drone-only
level and the car-only level. Drone-induced changes in event counts are then obtained by
subtracting the car-only counts from the combined counts at each receiver.

Finally, receiver-level outputs are summarised using the population associated with each
facade receiver point as weights. Population-weighted energetic levels are calculated as

Y rerPr 10LAeqr(r)/10 >

e = 101081 ( YreRP
r r

where p, is the population assigned to receiver r, and all source-specific and combined levels
are evaluated over the same receiver set R and period 7. This population weighting implies,
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e.g., that a receiver point placed on the fagade of an individual house of 5 people will have a
lower weight in the calculation of Lﬁ‘eff]”T than a receiver point placed on a high-rise building
of similar ground surface area housing 50 people. In the present test case, the population
data was obtained from public census data. The results are presented as spatial maps,
cumulative distributions and population-weighted histograms of L,.,, ALs.,, €vent counts
and event-count differences. These summaries should be interpreted together: event counts
are sensitive to the chosen detection parameters, and dense traffic or closely spaced drone
flybys can merge otherwise separate acoustic peaks (Baclet & Rumpler, 2025b).

3. STOCKHOLM CASE STUDY AND RESULTS

3.1 Study area, receiver points, and population

The method is applied to a central Stockholm case study, focusing on the S6dermalm neigh-
bourhood street network and a drone route flying above Hornsgatan street. This area com-
bines dense building fagades, a large residential population, strong spatial gradients in road-
traffic noise, and a plausible low-altitude aerial route over an already noise-exposed urban
environment. It therefore serves as a useful case to test whether the same receiver set can
be used to compare conventional road traffic noise with intermittent drone operation noise.

The receiver database contains 57,571 facade receiver points placed at a height of 4 m.
Census population in the buildings is assigned to the surrounding receiver points and all
exposure summaries in this section are population-weighted. The cropped result area used
in this contribution contains 51,651 inhabitants.

3.2 Scenario design

Two one-hour road-traffic periods are considered. The first represents a low-traffic night/early-
morning condition from 04:00 to 05:00, while the second represents a higher-traffic afternoon
condition from 16:00 to 17:00. The road-traffic simulation contains 595 vehicle trajectories
in the 04:00 period and 5,842 trajectories in the 16:00 period. The mean number of si-
multaneously active vehicles increases from 37.8 to 356.4, giving two clearly separated
background-noise conditions against which drone operations can be assessed.

Two drone-operation scenarios are then superimposed on each road-traffic period. The
fixed-spacing case represents a high-throughput scenario, with 924 drone flybys during the
hour and nearly continuous simultaneous drone activity. The stochastic case represents a
lower-throughput stochastic operation, with 60 drone flybys and irregular headways. Both
drone scenarios use the same route, nominal cruise altitude of 60 m and horizontal speed of
25ms~!. The comparison between the two drone cases should therefore not be interpreted
as an isolated test of the scheduling regularity, as the number of drone flybys also changes
significantly.

A summary of the scenarios is provided in Table 1.

Table 1: Summary of the simulated road-traffic and drone-operation scenarios.

Source Scenario Entities Mean active Max active Main assumptions
Road 04:00-05:00 595 veh. 37.8 52 mean speed 8.5ms™!
Road 16:00-17:00 5,842 veh. 356.4 406 mean speed 8.1 ms™!
Drone fixed spacing 924 flybys 24.8 25 60m,25ms™!

Drone  stochastic 60 flybys 1.7 5 60m,25ms™!




3.3 Road-traffic-only baseline

The baseline of noise exposure analysis in the present test case is road-traffic noise alone,
serving as a reference condition for the combined scenarios. Noise levels are simulated
dynamically at fagade receiver points using the CNOSSOS-EU model.

Over the entire one-hour periods considered, the population-weighted energetic Ly,
is 48.9dB in the 04:00-05:00 period and 58.0dB in the 16:00-17:00 period, reflecting the
much higher afternoon vehicle activity. The corresponding population-weighted median re-
ceiver levels are 38.6 dB and 48.6 dB, respectively, while the 95th percentiles are 56.1 dB and
65.3dB. The maps in Figure 1 show that high levels remain concentrated near the main
roads.

Table 2 summarises the drone-only, car-only and combined hourly levels for the four
combined cases. The table reports population-weighted energetic L4., values, selected
receiver-level AL4,, percentiles and the share of the analysed population experiencing an
increase of at least 3dB. The results of each scenario are detailed in the following sections.

Table 2: Population-weighted L4, sSummary for the analysed receiver subset. A is calculated as combined
minus car-only exposure; Asg/Ags are receiver-level percentiles.

Drone case Time  Car Drone Combined A Aso/Ags Pop. A>3dB

fixed spacing 04:00 48.9 56.2 56.9 8.0 5.5/28.1 60.1%
fixed spacing 16:00 58.0 56.2 60.2 22 1.1/19.5 34.3%
stochastic 04:00 48.9 44 .4 50.2 1.3 0.7/16.5 29.0%
stochastic 16:00 58.0 44 .4 58.2 0.2 0.1/84 13.1%
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Figure 1: Car-only hourly L4, at population-weighted receivers for the two road-traffic background periods.

3.4 Dynamic noise modelling

Drone noise is added to the calculated road-traffic noise levels at each time step and each
receiver point. As described in the methodology section, noise levels at the facades are
simulated with a one-second time step in each scenario. An illustration of the dynamic noise
simulation of the combination of noise from drones in the fixed-spacing scenario and road
traffic is provided in Figure 2. From this dynamic noise simulation, noise exposure indicators
are calculated, starting with population-weighted noise levels (L4.,) (Section 3.5), followed
by the number of noise events (Section 3.6).

3.5 Effects on noise levels

3.5.1 Fixed-spacing drone scenario

The fixed-spacing scenario produces a continuous and spatially concentrated drone-noise
footprint along the flight corridor. Considered alone, the drone operations produce a population-
weighted energetic hourly level of 56.2dB, with receiver levels that remain highest close to
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Figure 2: Example dynamic simulation snapshot for the fixed-spacing drone scenario at one one-second time
step during the 04:00-05:00 period. Receiver colours show instantaneous combined L,.,, while road vehicles
(blue circles) and drones (green triangles) are overlaid as moving source positions.

(from black to yellow)

the route. When this drone activity is added to the low-traffic 04:00 background, the com-
bined population-weighted level increases by 8.0 dB. The median receiver-level increment is
5.5dB and the 95th percentile is 28.1dB; 70.1% of the analysed population experiences an
increase of at least 1 dB, 60.1% at least 3 dB, and 52.4% at least 5 dB.

The same drone operation is less prominent when superimposed on the 16:00 road-
traffic background. The population-weighted combined level increases by 2.2dB, with a
median receiver-level increment of 1.1 dB and a 95th percentile of 19.5dB. The share of the
population with an increase of at least 3dB decreases to 34.3%. Figure 3 illustrates this
background-dependence: the drone-only footprint is unchanged, but the combined-minus-
car-only increment is substantially reduced in areas where road traffic already dominates
the acoustic energy in the 16:00 scenario.

Finally, it should be noted that the addition of drone noise increases average noise levels
the most in areas that were previously well shielded from road traffic, such as the inner
courtyards of buildings, while the fagades closest to the drone route and the road are less
affected.

3.5.2 Stochastic drone scenario

The stochastic scenario represents a lower-throughput and temporally irregular drone oper-
ation. Its drone-only population-weighted energetic hourly Ly, is 44.4dB, more than 10dB
below the fixed-spacing case because only 60 flybys occur during the hour. The spatial foot-
print remains aligned with the route, but the hourly exposure and the number of simultaneous
drones are much lower.

Against the 04:00 road-traffic background, the stochastic drone operation increases the
population-weighted combined level by 1.3 dB. The median receiver-level increment is 0.7 dB
and the 95th percentile is 16.5 dB; 44.6% of the analysed population experiences an increase
of at least 1dB, 29.0% at least 3dB, and 22.2% at least 5dB. During the 16:00 period,

9



B

7 = \;\\\ﬂ/““‘“sa

T

2
==

~
=}

o
«

o
=}

- § :
oo o
\i\\“\“\;‘f‘a‘%‘\ (\ 55 2
a O >
““““ = s\ = D E
gﬁ% A 50 o
= - —— \ == S
S 5 3}“/\\'\\\\\\ -
3
40
35
Population el
1 « 10 e 20
(a) Drone-only
< 35
-~
* 2 o 2 30
sav e > 3pE =
i A=Fs o) S = 2
= &\ 52
oLt = = = : S
o \\ Tuu“\ '4‘: \;QW) == =} £ 20§
S 7 § ==\ ("““ et 5 o
< 6/ P \ *&.aj’\ 11| B - s .g
8- = Qa
= \\)\\\‘\ND— RS = £
w B\ / o
< 10 §
= 3
=
5
Population Y
1 « 10 e 20
(b) ALpeq, 04:00
35
) (b 3 g £ =
V=" o} > 0 ]
=0 " A = \\&\“1 °
we = a2\ = = =0 - 20 O
o .
\Y o
S ANS £
15 ©
— S £
L = 8
10 §
3
=
5
Population g
1 « 10 e 20
(€) ALpey, 16:00
10% 108
10° 4 10° 4 B
c 10%4 c 10%4 I
S ]
k] k]
=3 =3
o [=}
€ 1025 € 1025
10" 5 10" 5
100 T T . 10° r : .
-30 =20 -10 0 10 20 30 -30 -20 -10 0 10 20 30

ALAeq total noise with drones - cars only (dB)

(d) Population histogram, 04:00
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the population-weighted increment falls to 0.2dB; the median increment is 0.1dB and the
95th percentile is 8.4 dB, with 13.1% of the analysed population above the 3 dB increment
threshold.

The maps and histograms in Figure 4 therefore show the same qualitative interaction as
the fixed-spacing scenario, but with a smaller population-wide effect. Isolated receivers can
still experience noticeable increases in noise levels in locations where car-only exposure is
low or partially screened. However, the comparison with the fixed-spacing scenario reflects
both lower operation volume and a different temporal pattern, so it cannot yet be used to
separate the effect of flight regularity from the effect of the number of flights.

3.6 Noise-event indicators and scenario implications

The receiver time series also allow event-based indicators to be calculated. This is essential,
because two scenarios with similar hourly Ls., may have different temporal structures. The
choice of specific parameters for the detection of noise events in the case of combined road
and drone traffic remains an open subject of research, for which no clear recommendation
emerges from the literature. In this test case, a diagnostic indicator LSOE03GO5CL, well
suited to the detection of noise events from road traffic (Baclet & Rumpler, 2025b), is chosen.
This indicator detects noise events when the noise level peaks exceed 3 dB above the Ls,
baseline.

Figure 5 shows the impact of drone operations on L50E03G05CL, calculated as the
change in detected event counts between the combined noise and car-only time series.
This figure is best interpreted together with the L4, results: event counts are not a mono-
tonic measure of added acoustic energy, because the addition of a drone contribution may
merge otherwise separate road-traffic events into longer continuous events.

For the stochastic scenario, the L50E03GO05CL indicator increases over a minority of the
analysed population, with population-weighted mean increments of 3.57 events per person
at 04:00 and 1.89 events per person at 16:00. The affected population shares are 15.2% and
13.1%, respectively. In contrast, the fixed-spacing scenario produces population-weighted
mean changes of -2.21 and -3.10 events per person for the same indicator. This does not
imply that the fixed-spacing scenario is acoustically beneficial; however, it indicates that
dense or nearly continuous drone activity can change the segmentation of the time series,
reducing the number of separate detected events while increasing the energetic level. Event
counts should therefore be reported alongside hourly L,.,, event duration, maximum level or
sound exposure level in future analyses.

The case study highlights two main effects. First, the incremental L4., from drones is
largest when the road-traffic background is low, as shown by the contrast between the 04:00
and 16:00 periods. Second, the same route can produce very different exposure outcomes
depending on operation intensity and temporal clustering. The proposed modelling chain
can therefore be used to compare route alternatives, altitude choices, flight frequencies,
time-of-day restrictions and scheduling rules under a common population noise exposure
methodology.

4. LIMITATIONS AND FUTURE WORK

The proposed methodology has some limitations, which are discussed in this section. In
particular:

« The main limitation is that the coupled dynamic modelling chain has not yet been vali-
dated as a complete system. The individual components rely on established modelling
approaches, but the combined road-traffic and drone-noise receiver time series should
be compared with field measurements, including cases where drone overflights occur
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Figure 4: Stochastic drone scenario: drone-only exposure footprint and combined-minus-car-only Ly, incre-
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Figure 5: Change in the number of detected L50E03G05CL noise events, calculated as combined exposure
minus car-only exposure.

in realistic traffic noise backgrounds. Such validation should consider hourly levels and
noise event detection.

» Several modelling assumptions also remain simplified. Road vehicles and drones are
represented as moving point sources, and the drone source model is limited to an
omnidirectional cruise condition for one VTOL platform. In addition, the CNOSSOS-EU
propagation framework is applied to low-altitude aerial sources, which it is not designed
for. The one-second resolution is appropriate for the present exposure workflow, but
may miss short events and maximum levels.

» The exposure indicators should also be extended. Indeed, perceptual masking, audibil-
ity, source identification, tonality or annoyance response to drones should be estimated
in future studies.

* No sensitivity analysis has been conducted on the parameters used for the noise prop-
agation model, and no uncertainty analysis has been conducted.

The Stockholm case study is intended as a feasibility demonstration, not as a basis
for recommendations. It uses one route, one altitude, one drone type, two traffic periods,
passenger cars only and static residential facade population. Future scenarios should sepa-
rate traffic intensity from scheduling regularity using scenarios with equal drone counts, and
should evaluate alternative routes, altitudes, speeds and operation rates. This would poten-
tially allow the same methodology to be applied to route and schedule optimisation which
accounts for combined road—drone exposure. Finally, the definition of a noise event for drone
overflights in relation to ambient (road-traffic) noise requires further investigation, taking into
account both existing noise event counting methods from road traffic noise literature and
aircraft noise literature.

5. CONCLUSIONS

This paper presented a methodology for dynamic population exposure assessment that com-
bines road-traffic noise and drone noise in a common receiver-based simulation framework.
Road vehicles and drones are represented as moving sources at one-second resolution,
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propagated to the same fagade receiver points, retained as source-specific time series, and
then energetically summed. This makes it possible to compare car-only, drone-only and
combined exposure using both average levels and short-term event indicators.

The Stockholm case study demonstrates the feasibility of the approach and shows that
the incremental effect of drones on noise exposure depends strongly on the road-traffic
noise background and on the considered drone operation scenario. In the high-throughput
fixed-spacing case, the population-weighted L., increase is 8.0dB during the low-traffic
04:00—-05:00 period, but 2.2 dB during the busier 16:00—17:00 period. In the lower-throughput
stochastic case, the corresponding increases are 1.3dB and 0.2 dB. The event-count results
further show that temporal indicators must be interpreted carefully, since dense or continu-
ous source activity can merge separate noise events while still increasing energetic expo-
sure.

These results highlight the importance of dynamic and population-weighted indicators for
assessing drone operations in cities. Instead of evaluating drone noise in isolation, the pro-
posed framework allows route, altitude, and scheduling choices to be tested against existing
road-traffic exposure. Future work should validate the coupled time-series predictions with
measurements and use the methodology for systematic optimisation of drone routes and
schedules under combined road—drone noise exposure constraints, and further investigate
the definition of noise events in this novel framework.
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