Human-in-the-loop clustering reduces Passive Acoustic

Monitoring (PAM) annotation eftort by 7 times while

retaining 80-90% expert agreement in biodiversity
assessments.

Creating Generalizable Data-Driven Approaches for Btodtvers¢ty
Monitoring via Acoustics

Background: Global biodiversity is declining at unprecedented rates, yet traditional monitoring at the necessary scales remains costly and biased toward
what can be seen. Sound offers a complementary lens: many species are detected more reliably by their vocalizations, microphones are inexpensive and
unobtrusive, and they can cover greater spatial and temporal scales. These advantages have made PAM a fast-growing paradigm, yet robust, generalizable

sound distinction in complex soundscapes remain a central obstacle.
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The lightweight clustering framework for structuring voluminous

raw soundscape data across six distinct geographic regions

along the East Coast of Australia (spanning 20° of latitude).

Results B N R )
LEAVES is designed to accelerate the annotation process by um s w0 dow  w m s
using a human-in-the-loop methodology for data annotation. we
Human expertise is introduced only after structure discovery, ,, B o
Where experts Only need to verify a Small Subset Of SampleS. 00/ . - - - 4 ﬁ:zgrru- i{:sizgtss,}birds+ birds + insects 0.8123 1.0000 1.0000 1.0000 121 26 (21.48%)

T LEAVES A comparison of annotation efficiency. The traditional baseline
e represents an average of 11.3s per 4.5s sample. In contrast, the
LEAVES-assisted lines demonstrate significant efficiency gains.
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Discussion

1. Unsupervised clustering reveals stable acoustic structure prior
to labelling, and it generalises across sites without retraining. :
| | | 2. Expert effort shifts from manual annotation to targeted
I I T verification..
e 3.. LEAVES functions as a scalable pre-filter rather than a species
classifier.
4.. Together, these properties support large-scale soundscape

The Large-Scale Ecoacoustics Annotation and Visualisation with analysis and long-term monitoring by reducing annotation effort

Efficient Segmentation (LEAVES) Open-Source Platform. while preserving interpretability.
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Limitations: It's not magic: clusters can be coarse and require interpretation. Misclustering of sounds that are acoustically

similar can occur. Can be computationally heavy. Overlapping sounds (in both frequency and time) are a non-trivial issue.
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