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Global Challenges

• Mechanical Failures: Traditional rain gauges are prone to
clogging and maintenance issues in tropical regions.

• High-Resolution Gaps: Coverage is limited in the Southern
Hemisphere, especially in Amazon and urban centers [1].

• Opportunistic Sensing: Utilizing ecoacoustic recorders of-
fers a scalable, low-cost alternative for climate monitoring [1].

Our Contributions

• Soundscape analysis: Acoustic rainfall classification via
Machine Learning in two contrasting environments: a semi-
urban campus (Ceará State University (UECE)) and a sec-
ondary rainforest (Mamirauá Sustainable Development Insti-
tute (IDSM)).

• Feature optimization: Extraction of 91 off-the-shelf acous-
tic metrics, followed by empirical dimensionality reduction to
isolate an optimal, lightweight subset per site.

• Robust data pipeline: 10-second audio segmentation [2],
strict class balancing, and stochastic augmentation to mitigate
the accuracy paradox in rare events.

• Dimensionality scale: Comprehensive comparison between
the standard 5-class precipitation scale and a condensed 3-class
scheme.

Study Areas

• Secondary rainforest (IDSM): Located in Tefé, Ama-
zonas, Brazil. Dominated by intense and diverse biophony
(e.g., vocalizations of birds, insects and amphibians) and char-
acterised by a dense, multilayered canopy that fundamentally
shapes the acoustic signature of raindrops.

• Semi-urban campus (UECE): Located in Fortaleza,
Brazil. Dominated by anthropogrnic background noise from
vehicles and people, and wind-inducted geophony, as well some
biophony from birds, making the acoustic signature of rain much
closer to background noise.
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Fig. 1: Location and experimental setup of the primary study area at UECE. The

Laboratory of Applied Signal Processing (LASP), where the data analyses were conducted is

also indicated. The IDSM measurement site location is available in [1].
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Only 97 events (2.33%) reached this intensity.
Absolute Max Recorded: 11.4 mm
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Fig. 2: Fortaleza’s (2023–2025) 5-minute precipitation intensity distributions from the IFCE

platform [3].

• The Imbalance Challenge: Raw data has “No Rain” class
dominance, while extreme events (e.g., the “Violent”) are ex-
tremely rare.

• Curation & Balancing: Strict data curation and balancing
(1:1 No Rain/Rain) was applyed to prevent models from col-
lapsing toward the majority label.

• Segmentation & Augmentation: Audio is segmented into
10-second windows to provide high temporal resolution [2].
Concurrently, stochastic data augmentation on training sets
ensured the models could learn and perform well on minority
classes.

• Feature Extraction: A multidimensional vector was ex-
tracted (incorporating Power Spectrum Density (PSD), Mel-
Frequency Cepstral Coefficients (MFCCs) and ecoacoustic met-
rics) and optimized via dimensionality reduction.

• Classification Schemes: We evaluate linear (Stochas-
tic Gradient Descent (SGD), Logistic Regression (LR)) and
tree-based (Random Forest (RF), Extreme Gradient Boost-
ing (XGB)) algorithms across two complexity levels: 5-class
and 3-class schemes.
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Fig. 3: End-to-end data curation, signal processing, feature engineering and rainfall

classification data flow.

Complete datasets information, source code, and extended high-resolution results are openly available in our
repository [4].

Results and Discussion

• Baseline Failure (PSD): Models trained exclusively on
PSD failed across all setups (F1-Score (F1S) between 17.44%
and 34.80%). Separability plots confirm that rain classes distri-
butions severely overlap.

• Pipeline Effectiveness: Data curation minimized cross-
confusion between rainfall and “No Rain”. Temporal segmen-
tation (10s windows) and stochastic augmentation prevented
majority-label bias.

• Sensor Limitations: Boundary confusion and feature out-
liers are driven by the mechanical inertia of the tipping-bucket
rain gauge.

• Forest Soundscape (IDSM): RF peaked in the 5-class
scheme (71.88% Balanced Accuracy (B-ACC)), while LR dom-
inated the 3-class setup (83.65% B-ACC), maintaining a low
False Alarm Rate (FAR) (≈ 10%).
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Fig. 4: Confusion matrices for the top-performing models in IDSM.
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Class
No Rain
Light
Moderate
Heavy
Violent

an
thr

o_
en

erg
y

mfcc
_1

rm
s_s

td
ACI

NDSI

bio
_e

ne
rgy

mfcc
_1

3

rat
ioB

A

mfcc
_1

9

mfcc
_7

−100

0

100

101

Va
lu

e 
(S

ym
lo

g 
Sc

al
e)

IDSM Rain Class separability of Selected Acoustic Features (3-class)

Class
No Rain
Light/Moderate
Heavy/Violent

Fig. 5: Selected acoustic features for IDSM in 5-class and 3-class schemes.

• Urban Open Field (UECE): Severely hindered by the
lack of canopy amplification and strong wind geophony. The
algorithm selected 9 MFCC levels, temp_kurtosis, and an-
thro_energy to map urban traffic noise. XGB was the only
model resilient enough to isolate “Moderate” and “Heavy” rain.
All algorithms failed to detect the “Violent” class.

Conclusion

• Methodology Validation: The multidimensional pipeline
dynamically adapts to contrasting soundscapes by isolating site-
specific feature subsets.

• System Standardization: Achieving forest-level accuracy
in urban settings requires mechanical amplifiers and possibly
needs source separation algorithms to isolate rain signatures.

• Cascade Architecture: A dual-stage edge computing setup,
using an ultra-lightweight SGD for continuous binary detection
to trigger an XGB/RF intensity grader, could optimize compu-
tational load.
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