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Abstract

The advancement of deep learning in environmental
acoustics is hindered by a lack of high-fidelity, labelled
datasets. While aircraft noise is a major environ-
mental concern, collecting annotated data at scale
remains a logistical hurdle; attended measurements
lack volume and permanent monitors lack geographic
diversity. This paper presents an autonomous air-
craft noise recording station that integrates a noise
monitoring terminal with a custom solar-power sub-
system and ADS-B (Automatic Dependent Surveil-
lance-Broadcast) receiver. This architecture enables
automatic alignment of acoustic events with flight
telemetry, including aircraft type, location and alti-
tude in order to reduce manual annotation effort. In
this paper, an “Al-ready” acoustic event refers to a
recorded aircraft-noise segment paired with metadata
describing the associated aircraft identifier, aircraft
category where available, timestamped position, alti-
tude, and derived source-receiver geometry, together
with environmental flags indicating potentially com-
promised measurement periods.

Keywords: aircraft noise, unattended monitoring, acous-
tic measurement, data acquisition, machine learning
datasets

1. Introduction

Aircraft noise remains one of the most significant
sources of environmental noise pollution, with docu-
mented adverse effects on public health, sleep quality,
and annoyance in communities surrounding airports
[1], [2], [3]- As air traffic volume expands [4], the
need for accurate, automated noise monitoring and
classification has never been more critical. Recent
advancements in machine learning (ML), particularly
in deep neural networks, offer promising new avenues
for analysing complex acoustic environments [5], [6].

Corresponding author: g.isherwood@sussex.ac.uk.
Copyright: ©2026 Gary Isherwood This is an open-access
article distributed under the terms of the Creative Commons
Attribution 3.0 Unported License, which permits unrestricted
use, distribution, and reproduction in any medium, provided
the original author and source are credited.

However, the efficacy of these data-driven models is
fundamentally limited by the quality and quantity of
available training data [7], [8].

1.1. The labelling bottleneck

Training robust supervised learning models requires
thousands of diverse examples to prevent overfitting
[9]. In the context of aircraft noise, this presents a
unique challenge. While raw audio is relatively easy
to record, “ground truth” labels confirming that a spe-
cific sound event is indeed an aircraft, and identifying
its type or trajectory are difficult to generate at scale
[10], [11]. Traditional datasets often rely on manual
annotation, which is labour-intensive and prone to
human error [12], [13]. Alternative approaches that
attempt to retrospectively match audio recordings
with data from commercial flight tracking APIs of-
ten suffer from rate limits, licensing constraints, or
significant temporal misalignment between the API’s
reported time and the local recording clock [14], [15].

1.2. The Need for Autonomous Data Collec-
tion

To satisfy the needs of modern ML architectures [7],
[10], a shift is required from short-term, attended mea-
surements to long-term, autonomous field campaigns.
An ideal system should be capable of operating unat-
tended for weeks in diverse locations, capturing not
just the noise of the airport runway, but the propa-
gation of noise in rural and suburban environments
where low signal-to-noise ratios challenge current de-
tection algorithms [16].

This paper describes the design and deployment of an
autonomous recording station developed to meet these
requirements. The system addresses three primary
challenges in field data collection:

1. Energy Autonomy: Managing power budgets
to allow extended operation without mains elec-
tricity, even during winter months.

2. Data Integrity: Ensuring reliable synchronisa-
tion between acoustic capture and flight teleme-
try (ADS-B) to allow for automated labelling.
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3. Environmental Resilience: Maintaining mea-
surement accuracy in variable weather condi-
tions typical of the UK climate.

By addressing these hurdles, this paper demonstrates
a repeatable methodology for curating ‘Al-ready’
datasets. The resulting field deployment configuration
is shown in Fig. 1.

Figure 1: Field deployment configuration at the Pen-
shurst site: the IMS NoiseGuard terminal and EcoFlow
auxiliary power station within water-resistant enclosures,
a 160 W solar array, and a Class 2 microphone tripod-
mounted at 1.5 m over grass.

2. Requirements & Field Challenges
The system supports long-duration aircraft noise
recording for data-driven analysis, emphasising re-
peatability, robustness and data quality across deploy-
ments.

2.1. Operational Requirements

Deployments necessitate unattended operation for ex-
tended multi-month periods, frequently at locations
without reliable mains electricity. The system there-
fore requires an off-grid power source and local en-
ergy storage capable of sustaining continuous opera-
tion without introducing persistent acoustic emissions.
Conventional fuel-based generators are unsuitable due
to their continuous noise output and the risk of con-
taminating acoustic measurements [17], [18].
Outdoor operation additionally requires procedures to
mitigate precipitation-related measurement artefacts.
The system should therefore incorporate a mechanism
to identify and exclude rainfall-affected periods from
the dataset [19], [20].

2.2. Acoustic Requirements

From an acoustic standpoint, the system should reli-
ably capture aircraft flyover events with sufficient
signal-to-noise ratio to support both conventional
acoustic metrics and downstream machine learning
analysis.

Extended outdoor operation introduces measurement
artefacts not typically encountered in short-term sur-
veys. Wind-induced self-noise, precipitation impact on
the microphone assembly, and vibration from mount-
ing structures are recognised sources of degradation in
environmental noise recordings [18], [21]. The acous-
tic front-end therefore requires appropriate wind and
weather protection, while acknowledging that foam
windscreens alone may exhibit reduced transparency
under strong wind or when saturated, as noted in
environmental noise measurement protocols [17].

Aircraft-noise measurement practice is strongly shaped
by standardised procedures for certification and en-
vironmental assessment. For example, ICAO Annex
16, Volume I specifies aircraft noise certification pro-
cedures and associated noise measurement and eval-
uation methods, including requirements that are be-
yond the scope of the present autonomous dataset-
acquisition study [22].The present work is not pro-
posed as a certification or compliance measurement
campaign. Instead, it addresses a complementary re-
quirement: a repeatable autonomous field architecture
for collecting aircraft-noise recordings, ADS-B-derived
trajectory metadata and environmental quality flags
under realistic unattended deployment conditions.

2.3. Data and Metadata Requirements

Required fields include Coordinated Universal Time
(UTC) timestamps, aircraft hexadecimal identifiers
derived from transponder-based tracking [14], aircraft
category information where available, geographic po-
sition, ground speed, barometric and geometric alti-
tude, flight track angle, and flight identification codes.
Acoustic descriptors shall include equivalent contin-
uous sound pressure level (e.g., Laeq,15) and sound
exposure level (SEL) in accordance with standard
environmental noise metrics [17].

2.4. Environmental Context and Data Valida-
tion

Continuous monitoring of local meteorological condi-
tions identifies periods where the microphone’s physi-
cal properties or the propagation path may be com-
promised.

Relative humidity and temperature require logging
at an interval sufficient to capture sustained atmo-
spheric trends without exceeding energy or storage
constraints, flagging potential moisture-induced sensi-
tivity shifts in the acoustic front-end. Rainfall should
be flagged to allow optional exclusion of “wet” record-
ings, where impact noise on the microphone assembly
would contaminate the aircraft’s spectral signature.

3. System Architecture

The recording station comprises three primary mod-
ules: the acoustic recording terminal, a solar-powered
energy subsystem and the environmental enclosures.
This architecture is designed for rapid deployment and
long-term autonomy in remote field conditions.
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3.1. Recording and Data Acquisition

The system utilises an IMS Noise Guard IoT Portable
(Class 2) terminal for synchronised acoustic and
telemetry capture. Unlike standard continuous mon-
itors, the terminal performs event-based recording
with ADS-B telemetry alignment. As recorded in the
system logs, each event is programmatically defined
by a discrete start and end time, corresponding to the
aircraft’s presence within the receiver’s detection ra-
dius. For each detected event, the terminal generates
a raw audio recording alongside a structured meta-
data record (e.g., aircraft hexadecimal identifier and
flight identification where available). Acoustic metrics
including L 44,15 are logged over the event duration
and Sound Exposure Level (SEL) is computed. Data
are transmitted via an integrated 4G modem to a
cloud portal, with local buffering to mitigate tempo-
rary network outages. Audio was recorded in mono at
48 kHz and stored as 48 kbps MPEG-1 Audio Layer 111
(MP3). Usable high-frequency content is constrained
by the lossy encoding and low bitrate. No high-pass
filter was applied during post-processing; the lower fre-
quency limit is therefore set by the terminal response,
which extends down to 20 Hz in accordance with ITEC
61672-1 Class 2 requirements.

3.2. Power Subsystem and Energy Budget

To provide near-silent, off-grid operation, the termi-
nal’s internal LiPo battery is supported by a 512 Wh
EcoFlow RIVER 2 Max power station and a 160 W
solar array. The system’s power requirements were
characterised at 10°C, showing a mean draw of 6.5 W.
Although the setup utilises a 240 V AC adapter, in-
troducing an estimated 15% conversion loss through
the inverter, the energy budget indicates that the sys-
tem remains energy-positive in most conditions. The
theoretical buffer runtime (Tp,,sr) without solar input
is:

Cbat XM

-Pload

where Cp,: is the auxiliary battery capacity, n is the
inverter efficiency (0.85), and Pjqq is the mean draw.
To support year-round autonomy in the UK climate,
a physical timer-switch restricts monitoring to a 5-
hour peak traffic window (11:00-16:00) during winter,
reducing the projected daily consumption to approxi-
mately 52 Wh.

Table 1 summarises the two seasonal operating con-
figurations. The summer configuration was checked
against field observations during a two-week trial, re-
ported in Section 5.1. The winter configuration has
been implemented in hardware but has not yet been
assessed over a formal trial period; the winter values
in Table 1 should therefore be interpreted as energy-
budget projections rather than field-validated perfor-
mance.

Tousr = ~ 67 hours (1)

3.3. Enclosure and Environmental Protection
While the NoiseGuard terminal is weather-resistant,
its AC power cables and the auxiliary EcoFlow power
station are not IP-rated. To ensure weatherproofing,

Table 1: Seasonal operating configurations. Summer val-
ues are consistent with a two-week field trial (Section 5.1);
winter values are energy-budget projections not yet vali-
dated in the field.

Parameter Value (Winter/Summer)

Duty Cycle 11:00-16:00 / Constant

Daily Energy Draw | ~52 Wh / ~156 Wh

Solar Yield 80-120 Wh / 600-800 Wh

State of Charge Net Positive / Surplus

Buffer (No Sun) ~13 Days / ~2.7 Days

both the terminal and the power supply are housed
within secondary water-resistant enclosures. These
housings are linked via waterproof conduit and IP-
rated cable glands to protect vulnerable connections
from moisture.

To prevent heat accumulation, particularly during
the charging cycles of the power station, custom 3D
printed passive vent inserts were integrated into the
enclosures. This passive cooling approach was priori-
tised over active fans to eliminate potential acoustic
contamination of the recordings. During autumn and
winter deployments in the UK, these measures pre-
vented water ingress and internal condensation despite
sustained high humidity and rainfall.

3.4. Site Selection

Deployments were conducted at two contrasting loca-
tions:

e Brighton: Initial trials at Brighton, UK
(50.8553° N, 0.0965° W) targeted high-altitude
arrivals and departures above approximately
10,000 ft. At these source-receiver distances,
aircraft Sound Exposure Level (SEL) frequently
fell close to or below the local ambient noise
floor. This environment was therefore useful as
a stress test for trigger sensitivity and energy au-
tonomy but produced relatively few recordings
suitable for detailed spectral analysis.

¢ Penshurst: A second site was selected near
Gatwick Airport arrival paths at Penshurst
Place, Kent, UK (51.1771° N, 0.1862° E). This
site provided higher-SNR aircraft signatures,
with a modal aircraft altitude of approximately
4,000 ft [23]. By capturing events in a rural
setting rather than at the airport perimeter, the
deployment provides recordings with a different
propagation distance and background sound-
scape from near-runway monitoring, while re-
taining sufficient signal quality for event segmen-
tation and preliminary spectral analysis.

Future deployments should combine sites near lower-
altitude flight paths with more distant community-
monitoring locations to balance signal quality against
geographic diversity.
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3.5. Physical Setup

Microphones were tripod-mounted at 1.5 m height,
adhering to ISO 1996-2:2017 standards for environ-
mental noise assessment. A custom 3D-printed mount
was developed to secure the ADS-B receiver and the
Lascar EL-USB-2-LCD temperature/humidity logger
directly to the tripod assembly.

The humidity sensor was set to a 30-minute sampling
interval, providing approximately 11 months of in-
ternal memory capacity. Similarly, the precipitation
sensor utilised an internal storage buffer capable of
holding 8 months of data.

All recordings took place over soft ground (grass).
Ground effect phase cancellation, typically affecting
mid-range frequencies, was intentionally left uncor-
rected. This approach preserves the realistic acoustic
signature as perceived by a ground-based observer,
providing the ML model with a more authentic repre-
sentation of real-world immission levels [24].

3.6. Calibration and Quality Control

The Noise Guard IoT Portable terminal was verified
for acoustic accuracy by the manufacturer prior to the
initial deployment phase. No independent laboratory
calibration was performed by the authors during this
pilot study; however, the unit was specified by the
manufacturer as meeting Class 2 requirements under
TIEC 61672-1 for environmental noise monitoring.
Environmental quality control is applied in post-
processing using the ICAO Annex 16 meteorological
test window as a reference rather than as a claim of
certification compliance. Temperature and relative
humidity were logged using a Lascar EL-USB-2-LCD
logger, while precipitation was recorded using a sepa-
rate rain sensor. Recordings were excluded when their
timestamps overlapped with any rain-sensor indica-
tion of precipitation or residual wetness. Temperature
and relative-humidity records were screened against
the Annex 16 limits of —10-35 °C and 20-95%, respec-
tively [22]. Recordings outside these ranges are flagged
for exclusion during dataset preparation. Wind speed
and the full set of Annex 16 propagation-path me-
teorological requirements were not measured, so full
Annex 16 test-window compliance cannot be claimed.
Campaign-level signal stability was not assessed in this
pilot study. Future deployments will include early-late
comparisons of SEL and spectral noise-floor estimates
as part of the quality-control pipeline.

4. Data Handling & Integrity

The following protocols govern data synchronisation
and feature extraction.

4.1. Transmission and Temporal Alignment

Acoustic events and ADS-B telemetry are recorded
using Coordinated Universal Time (UTC) timestamps
at the point of acquisition, supporting sub-second
alignment without relying on post-hoc matching to
external flight-tracking APIs [15]. The associated
aircraft position should therefore be interpreted as
ADS-B source-time geometry. The acoustic waveform

is received at the microphone after a propagation
delay that varies with source-receiver distance, so
the present dataset is not fully corrected to retarded,
receiver-time geometry. Propagation-delay correction
is identified as a future improvement.

4.2. Data Structure and Derived Features
The raw data is logged in a structured CSV format
containing geodetic coordinates (Latitude ¢, Longi-
tude A) and altitude (h) derived from the ADS-B
stream. Since received aircraft noise is strongly influ-
enced by source-receiver distance, the Slant Distance
(r) is computed post-hoc for every timestamp. This is
derived using the Haversine formula [25] to determine
the ground arc distance (dgrouna), combined with the
relative altitude difference:

"= \/d!2]7*ound + (hplane . hmic)Q (2)

Slant distance is included as a first-order source—
receiver geometry descriptor, providing a compact
estimate of propagation distance at each timestamp.
It is not intended to fully describe aircraft-noise radi-
ation or certification-relevant measurement geometry.
Parameters such as elevation angle, aircraft attitude,
engine operating state, atmospheric conditions and
certification-style trajectory descriptors would be re-
quired for a more complete aeroacoustic analysis.

5. Preliminary Results

5.1. System Autonomy

As an operational check of the summer configuration,
the power system was observed over a two-week trial
beginning on 15 June 2025, with the terminal record-
ing continuously. During this period, the battery state
of charge (SoC) remained between 64% and 100%, and
no manual recharging was required, including across
consecutive overcast days. These observations are
consistent with the summer energy budget in Table 1
and indicate that the 160 W array comfortably re-
plenishes the ~156 Wh daily draw under UK summer
conditions.

These results are an operational feasibility check rather
than a year-round energy audit; validating the pro-
jected winter energy balance in Table 1 is a priority
for the next deployment.

5.2. Acoustic Capture and Alignment

Initial trials at the Penshurst site produced recordings
in which aircraft events were clearly distinguishable
from the background. The spectrogram of a represen-
tative Airbus A320 arrival (Fig. 2) shows broadband
energy rising toward closest approach before decreas-
ing as the aircraft recedes, with most event energy
concentrated below 2 kHz. Faint harmonic-like struc-
tures are visible near the event peak but the present
analysis does not assign them to a specific engine order
or blade-passing frequency as they may be affected by
source motion, ground reflection, atmospheric propa-
gation and MP3 compression.

Event-level SEL values and L 4¢q,15 traces were gener-
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ated for each detected event; for the flyover in Fig. 2,
the Laeq1s peak exceeded the background level (Lgg)
by approximately 24 dB. Across the Penshurst deploy-
ment as a whole, detected events had a median event
SEL of 69.7 dB(A) (N = 22,158 events) and a me-
dian peak L 4eq,15 of 58.3 dB(A) (interquartile range
53.9-62.2 dB(A), computed over the 17,621 events
with complete second-by-second level traces), indicat-
ing that captured flyovers typically stand well above
the rural ambient. As the site lies under a busy ar-
rival corridor, approximately 86% of event windows
overlapped in time with at least one other detected
aircraft, so per-event levels may include contributions
from more than one source. The per-second trajec-
tory metadata allows such events to be identified and,
where required, excluded or re-windowed around each
aircraft’s closest approach during dataset preparation.
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Figure 2: Spectrogram of a representative Airbus A320
arrival at the Penshurst site (h & 4,540 ft, r ~ 1,450 m
at closest approach, ADS-B source-time geometry). Com-
puted from 48 kHz audio (4096-point FFT, Hann window,
512-sample hop); levels are PSD in dB relative to digital
counts (uncalibrated).

6. Recommendations for AI Datasets

Based on the development of this autonomous station,
this paper proposes several recommendations for the
creation of environmental acoustics datasets intended
for machine learning.

6.1. Defining the Data Acquisition Boundary
This paper focuses strictly on the acquisition and
synchronisation phase of dataset creation. Temporal
segmentation (cropping of event windows) and spec-
tral denoising are intentionally excluded from this
hardware-focused methodology; providing raw data
allows researchers to apply their own windowing and
augmentation strategies.

6.2. Geographic Diversity for Dataset Design
Recordings collected away from airport perimeters
may expose models to lower-SNR events, longer propa-
gation paths and more varied background soundscapes
than near-runway datasets, reducing over-reliance on
high-amplitude near-field signatures. The present
work does not prove model generalisability, but iden-
tifies geographic and acoustic diversity as a design
requirement for future aircraft-noise datasets. In ad-
dition, local ADS-B reception provides aircraft iden-

tifiers and trajectory metadata at the point of acqui-
sition, reducing reliance on post-hoc matching with
external flight-tracking services.

6.3. Feature Engineering for ML

This paper recommends that datasets produced using
this methodology include derived spatial features, such
as the Slant Distance (r) calculated in Section 4.2.
Providing this feature alongside the audio may reduce
the need for a model to infer basic three-dimensional
geometry from raw coordinates alone. However, slant
distance should be treated as a first-order descriptor
rather than a complete representation of aircraft-noise
propagation, with source directivity, aircraft operating
state and atmospheric effects left for future work.
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