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Abstract

Animal-borne acoustic sensors provide valuable insights into wildlife behavior and environ-
ments but face significant power and storage constraints that limit deployment duration. We
present a novel adaptive acoustic monitoring system designed for long-term, real-time ob-
servation of wildlife. Our approach combines low-power hardware, configurable firmware,
and an unsupervised machine learning algorithm that intelligently filters acoustic data to
prioritize novel or rare sounds while reducing redundant storage. The system employs a
variational autoencoder to project audio features into a low-dimensional space, followed
by adaptive clustering to identify events of interest. Simulation results demonstrate the
system’s ability to normalize the collection of acoustic events across varying abundance
levels, with rare events retained at rates of 80–85% while frequent sounds are reduced to
3–10% retention. Initial field deployments on caribou, African elephants, and bighorn sheep
show promising application across diverse species and ecological contexts. Power con-
sumption analysis indicates the need for additional optimization to achieve multi-month
deployments. This technology enables the creation of novel wilderness datasets while
addressing the limitations of traditional static acoustic monitoring approaches, offering
new possibilities for wildlife research, ecosystem monitoring, and conservation efforts.

Keywords: bioacoustics; wildlife monitoring; animal-borne sensors; low-power computing;
unsupervised learning; acoustic classification; conservation technologies; variational
autoencoders

1. Introduction
The application of acoustic monitoring in ecological sciences has grown exponentially

in the last two decades [1]. Acoustic monitoring provides spatially and temporally specific
information that has been leveraged for many questions, including detecting the presence or
absence of animal species in an environment, evaluating animal behavior, and quantifying
ecological phenology, as well as identifying ecological stressors and illegal activities [2].
A typical setup involves the deployment of recording devices at static locations (e.g.,
acoustic arrays) with large amounts of storage and ample power to enable continuous
recording of an acoustic environment. Data processing is typically performed offline after
the deployment has concluded; however, this approach suffers severe limitations due to its
lack of scalability and real-time monitoring capabilities. Current uses often are limited to
the coverage of relatively small geographic areas with a fixed number of sensors. Animal-
borne sensors provide an alternative, distributed path for acoustic monitoring [3]. Current
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use of GPS-based animal-borne trackers provides an exemplar of how such a data collection
model can enhance ecological and conservation sciences [4]. Animal-borne trackers are
ubiquitous globally, being one of the primary technologies used in wildlife research and
ecosystem monitoring. Such units are increasingly being paired with other sensors (e.g.,
accelerometers) [5]. The inherent power limitation of wearable sensors, however, does
not allow for long-term acoustic monitoring, with battery weight being the primary factor
dictating total power availability. Recent acoustic animal-borne sensor implementations
with power capacities of ∼4000–6000 mAh, for example, have been shown to last less than
a month [6,7]. Since capturing and tranquilizing wild animals is a traumatic event for them,
as well as being expensive and resource-intensive, multi-month- to year-long deployments
are required. The aim of our project, then, is to devise an animal-borne adaptive acoustic
monitoring system to enable long-term, real-time observation of the environment and
behavior of wildlife.

A significant amount of recent research has been carried out with two independent
aims, one of utilizing Artificial Intelligence (AI) to increase the accuracy of Environmental
Sound Classification (ESC) systems, and one to address the need for ultra-low-power
processing capabilities. These two research veins, however, have yet to converge into a
single concerted push for robust acoustic sensing that is able to operate continuously over
extended periods of time. On the one hand, this research has resulted in a number of
open-source acoustic datasets becoming widely available, including Harvard’s ESC-50
database [8] and NYU’s UrbanSound8K [9] dataset, but on the other hand, the majority of
recent AI-based innovations rely on a fixed number of predefined events to be classified,
a known acoustic environment, a pre-trained neural network that is unable to dynamically
adapt to its environment, and plentiful power and on-board storage.

Domain Problem

The goal of our work is to create a dynamic sensing infrastructure that is not strictly
constrained to the detection of predefined, well-known events, but rather is able to dynam-
ically learn what constitutes an “event of interest” worthy of storage for later analysis by a
domain expert. In essence, the sensor must be intelligent enough to not just collect a set of
predefined or heuristically-based statistics, but rather to learn which events are important
enough to store and which should be ignored. For example, a wildlife monitoring network
in a rainforest may not be trained to classify the sound of an automobile, but the network
should be able to identify that such a sound is unusual or unexpected for the environment
and store it for later evaluation, along with data from additional sensing modalities, such
as GPS and accelerometers.

The system needs to be modular and highly configurable. Different applications and
deployments may have different requirements and constraints. For example, one can
easily attach a one-pound battery to an elephant, but not to a bat. Some deployment areas
might have cell coverage or LoRaWAN, but in many regions, Iridium satellites may be
the only option. Deployment duration and the acoustic environment may also be quite
different. For example, a rainforest is very noisy compared to a savanna. The goal of the
deployment may vary from long-term monitoring for research purposes to active protection
from poachers. A robust system should be sufficiently configurable to address any of these
deployment options within a single monitoring ecosystem.

2. Related Work
Animal-borne acoustic recorders, also known as acoustic biologgers, are increasingly

being used in ecological studies [3,10]. Although this technology is used primarily in
bioacoustics, the applications of biologging extend much further, enabling insights into
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a variety of ecological fields including feeding behavior, movement patterns, physiology,
and environmental sounds. Biologgers are particularly useful for monitoring vocalizations,
which can encode a wealth of information about an animal’s behavior, affective state [11],
identity [12], and health [13]. In addition, feeding behavior can easily be detected through
this technology, as sensors are typically incorporated into collars placed near the throat.
This positioning allows researchers to quantify and classify food intake [14], as well as to
assess related behaviors such as rumination [10] and drinking patterns [15]. Additionally,
biologgers can capture sounds associated with movement [16] and physiology [17], allow-
ing this technology to address questions about locomotion and time budgets. In addition,
sounds associated with physiological processes can be captured, such as respiration, heart
rate, and urination. Finally, biologgers record environmental sounds, allowing researchers
to investigate the impact of environmental factors like anthropogenic noise [10] and weather
parameters [6].

Beyond their use in ecological studies, biologgers have been used for decades to
monitor livestock health and behavior, offering valuable insights into feeding patterns and
the welfare of domesticated animals. The application of acoustics to measure livestock
ingestive behavior has been well documented in species such as dairy cattle [18], sheep [19],
and goats [20], showcasing the potential of this technology to study animal feeding habits.
Variations in acoustic signals related to feeding can also serve as indicators of an individual’s
health [21] and reproductive state [22], with commercial PAM systems offering real-time
estrus detection based on acoustic changes in rumination. The success of biologging in
livestock management underscores its broader application in wildlife studies, where it
holds promise for advancing our understanding of animal behavior [3].

Among the most popular devices in this field are the AudioMoth [23] and its compact
variant, the MicroMoth [24]. The AudioMoth is a low-cost, open-source acoustic monitoring
device capable of recording uncompressed audio across a wide frequency range, from au-
dible to ultrasonic, onto a microSD card. Its versatility has made it a preferred choice for
applications such as monitoring ultrasonic bat calls and capturing audible wildlife vocal-
izations. The MicroMoth retains the high-quality recording capabilities of the AudioMoth
while boasting a significantly smaller and lighter design, measuring just 26 × 36 mm and
weighing 5 g, excluding batteries, making it ideal for deployments where space and weight
are critical factors, although providing continuous power for long-term deployments re-
mains a significant issue. Other types of acoustic biologgers include acoustic transmitters
which emit unique signals detected by underwater receivers to track aquatic animals [25];
acoustic accelerometer transmitters that combine telemetry with accelerometry to provide
insights into animal activity levels [26]; Passive Integrated Transponder (PIT) tags [27] used
in freshwater studies for individual animal identification; and Wildlife Computers tags [28],
widely utilized in marine research for their versatility across species. Each of these devices
offers unique features tailored to specific research needs, contributing significantly to the
advancement of wildlife monitoring and conservation efforts.

Despite the availability of portable sensing devices and the utility of biologging,
the high power demands of continuously recording audio pose a significant challenge
for this technology. As biologging devices are animal-borne, lightweight instrumentation
is a necessity, particularly for smaller species. This requirement, coupled with the logis-
tical need for deployments that last many months to a year, create opposing targets for
resource utilization which are difficult to simultaneously achieve when writing contin-
uous audio. Furthermore, post-processing often involves analyzing only a small subset
of recorded acoustic data, depending on the acoustic events of interest. The integration
of embedded classification addresses this issue by only storing relevant acoustic events,
significantly reducing power consumption and storage requirements, and enabling longer
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deployments; however, it raises new questions about the ability of an embedded classifier
to determine what qualifies as an event of interest when existing datasets are limited in
their representation of natural wilderness sounds.

The rise of research into ESC has indeed produced a notable number of high-quality
datasets for a variety of research tasks, ranging from urban deployments, like NYU’s
UrbanSound [9] and the Domestic Environment Sound Event Detection (DESED) [29]
dataset, to bird classification tasks, such as BirdSong [30] and BirdVox [31], to detection of
underwater marine calls, such as Discovery of Sound in the Sea (DOSITS) [32] and IOOS’s
SanctSound [33]. Characteristic-specific acoustic datasets have also been compiled, such as
Harvard’s ESC-50 [8], Google’s AudioSet [34], and IEEE’s AASP CASA Office dataset [35],
containing highly impulsive, transient-specific signatures, as well as datasets which con-
tain ambient background noises for contextual scene classification, such as the various
TAU/TUT Urban Acoustic Scenes datasets [36] and NYU’s UrbanSAS [37]. Notably missing
from this list, however, are datasets capturing organically recorded wilderness sounds of
animals in their natural habitats. While there have been efforts to capture this type of data,
notably from the National Park Service’s Sound Gallery project [38], this data is lacking
important annotation information to make it usable for training generalizable machine
learning models, and it still represents relatively small, predefined types of wilderness
areas. For example, a dataset captured from Yellowstone National Park will not include
wilderness sounds encountered by an animal as it migrates south for the winter. As such,
one of the primary challenges in the initial deployment of an animal-borne embedded
classifier is coming up with ways to define “events of interest” outside of the context of
a fully supervised classification paradigm, which will be addressed in the remainder of
this paper. Successful implementation and deployment of the proposed system will allow
for the creation of novel wilderness datasets to allow researchers to explore supervised
classification methodologies for animal-borne devices that are unavailable at this time.

Acoustic Event Detection and Processing

In this paper, we focus on a variational autoencoder (VAE) approach utilizing Mel-
Frequency Cepstral Coefficients (MFCCs) for determining which sounds to record and
which to discard. Our approach will be described in more detail in Section 3; here, we
briefly review existing approaches in this domain.

Supervised classification methods, such as convolutional neural networks (CNNs) or
recurrent neural networks (RNNs), are frequently used for sound-identification tasks. Unlike
the unsupervised VAE-based approach, supervised methods require labeled datasets for
training. CNNs effectively capture spatial (spectro-temporal) patterns within audio spectro-
grams, and RNNs—especially Long Short-Term Memory (LSTM) networks [39]—are adept at
modeling temporal dependencies in sequential audio data. While supervised models typically
achieve high accuracy, their dependency on extensive labeled datasets limits their applicability
in scenarios with limited or costly data-annotation efforts.

Semi-supervised approaches utilize a small labeled dataset in combination with a
larger unlabeled dataset, aiming to leverage both labeled and unlabeled data effectively.
Weakly supervised methods, where the exact timing of events is unknown, have also been
explored. Such methods can partially alleviate the labeling bottleneck associated with
supervised methods and offer greater flexibility compared to fully supervised methods.
However, these approaches still depend partially on manual annotations, unlike the fully
unsupervised VAE-MFCC method.

Traditional clustering methods, such as k-means or Gaussian Mixture Models (GMMs),
have been applied extensively in audio analysis for unsupervised categorization. These
algorithms assume static feature distributions and simple separability of classes. More
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recent eco-acoustic studies, however, demonstrate that density- and graph-aware clustering
techniques, including DBSCAN, its hierarchical extension HDBSCAN [40,41], spectral clus-
tering [42], and Dirichlet-process GMMs [43], cope better with the irregular, manifold-like
distributions that characterize real-world soundscapes. Such non-parametric or adaptive
algorithms not only remove the need to pre-specify the number of clusters, but also provide
built-in outlier labels that can feed directly into a VAE’s reconstruction-based novelty score
as in Table 1.

Table 1. Comparison of clustering strategies suitable for edge acoustic sensors.

Category Representative
Algorithms Strengths Key Limitations

k-means/GMM Lloyd k-means, EM-GMM
Extremely light to
compute; single-pass
updates

Must pre-set k; assumes
convex clusters; sensitive
to initialization

Density-based DBSCAN, HDBSCAN
Detects arbitrary-shaped
clusters; auto-labels
outliers

Choice of ε is critical; scales
poorly with dimension

Graph-based Spectral Clustering
Captures manifold
structure; separates
overlapping sources

Requires offline O(N3)
eigensolver; memory heavy
for long logs

Non-parametric Dirichlet-Process GMM
Grows cluster count
online; fully
probabilistic

Inference more complex;
still Gaussian assumption

In terms of feature extraction methodologies, although MFCCs are widely adopted
in audio analysis for their efficiency and biological plausibility, a growing body of work
explores alternative feature front-ends that can be swapped into the same VAE frame-
work with minimal architectural change. Harmonic-preserving transforms such as the
Constant-Q Transform (CQT) [44] and ERB/Bark-scaled filterbanks retain fine pitch struc-
tures that aid in the separation of overlapping bird calls. Gammatone-based cepstra
(GFCCs) are more robust to wind and rain, while scattering transforms [45] capture
multi-scale modulations with only a modest computational overhead. Learnable front-ends
such as LEAF [46] or the small SincNet variants can be quantized to <50 kB, and pre-trained
embeddings like OpenL3 [47], VGGish [48], and PANNs [49] compress thousands of hours
of supervision into compact vectors that cluster well, even when projected to 32 dimensions.
Table 2 outlines some other commonly used acoustic feature extraction front-ends:

Table 2. Feature extraction front-ends for embedded acoustic monitoring.

Front-End Typical Realization Strengths Key Limitations

MFCC (baseline) 13-Coefficient Mel
Cepstra

Compact
(∼26 dB/frame);
ubiquitous tooling

Loses fine harmonic
detail; less wind-robust

CQT/ERB Log-scaled Filterbanks Preserves pitch; aids
bird-call separation

Higher FFT cost;
variable hop
complicates buffering

GFCC Gammatone Filterbank
Cepstra

Robust to wind and rain;
cochleagram-inspired

Slightly heavier than
MFCC; fewer
open libraries

Scattering Transform Fixed Wavelet Cascade Translation-invariant;
good with few samples

2–3 × MFCC compute;
filters not learnable

Learnable Front-ends LEAF, Small SincNet Data-driven; quantizes
to <50 kB

Requires training; risk of
habitat over-fitting

Pre-trained Embeddings OpenL3, VGGish,
PANNs

Leverage large-scale
supervision; clusters
well after projection

>1 MB unless
compressed; potential
domain mismatch
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Novelty detection paradigms. While a VAE’s reconstruction error already serves as a
robust unsupervised anomaly score, alternative paradigms may further enhance detection
accuracy on the edge. Probability-density models (e.g., normalizing flows), distance-based
k-NN hashing, and domain (boundary) methods such as Deep SVDD [50] provide comple-
mentary operating points in the speed–memory–precision space. Generative-adversarial
approaches (AnoGAN) [51] and distilled audio transformers under one million parame-
ters [52] have recently shown promise on embedded hardware, although their training
complexity remains higher than that of a single-stage VAE. Additional novelty detection
paradigms applicable to low-power acoustic sensing are outlined in Table 3, although the
unsupervised VAE-MFCC approach presented in this paper occupies a sweet spot among
the various alternatives: it eliminates the need for labeled data and maintains computational
simplicity and interpretability, yet it remains compatible with state-of-the-art clustering,
feature extraction, and novelty-detection algorithms that can be swapped in as future
research, deployment needs, or firmware updates dictate.

Table 3. Novelty-detection paradigms applicable to low-power recorders.

Paradigm Representative
Algorithms Strengths Key Limitations

Reconstruction-based VAE Reconstruction
Error

One-shot training;
compact latent space;
easy thresholding

May miss subtle
anomalies with low
reconstruction error

Density Estimation GMM, Normalizing
Flows

Calibrated likelihoods;
Bayesian extensions

Sensitive to model
mis-specification;
memory grows
with components

Distance-based k-NN, LSH Hashing Training-free; adapts
instantly

O(N) query time; metric
choice critical

Boundary-based One-Class SVM,
Deep SVDD

Fixed memory footprint;
robust to outliers
post-training

Requires representative
“normal” data;
retraining costly

Generative Adversarial AnoGAN, GANomaly
Captures fine-grained
structure; flexible
objective function

Training instability; flash
footprint >5 MB

Energy/Score Distilled
Tiny-Transformers

State-of-the-art accuracy;
transferable across
habitats

Attention cost unless
aggressively pruned

In a parallel research vein, recent advances in self-supervised learning have introduced
highly effective approaches for audio representation that significantly reduce dependency
on labeled data. Techniques such as contrastive learning frameworks, exemplified by
COLA [53] and BYOL-A [54], leverage temporal proximity and data augmentation to gener-
ate robust, discriminative audio representations. Masked-modeling approaches inspired by
BERT, including the Audio Spectrogram Transformer (AST) [55] and wav2vec 2.0 [56], pre-
dict masked segments of spectrograms or raw waveforms, demonstrating state-of-the-art
performance and excellent generalization capabilities, especially beneficial in data-scarce
domains such as wildlife acoustics. Moreover, foundation models like AudioMAE [57],
which utilize large-scale pre-training followed by targeted fine-tuning, further bridge super-
vised and unsupervised paradigms, offering robust generalization across varied acoustic
environments. While these advanced self-supervised methods may outperform traditional
VAEs in terms of representational richness and adaptability, the VAE-MFCC approach
presented in this paper still offers substantial advantages in computational simplicity,
interpretability, ease of deployment, and effectiveness in resource-constrained settings.
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3. Materials and Methods
3.1. System Requirements

Based on the challenges of long-term animal-borne acoustic monitoring discussed
above, we have identified several key requirements for our adaptive acoustic monitoring
system. These requirements address the fundamental constraints of power and storage
limitations while ensuring the capture of ecologically significant acoustic data. Importantly,
there is a tradeoff between weight, energy consumption, and memory capacity that varies
depending on the species of animal chosen to carry the sensing device. Smaller animals may
impose strict weight limits, necessitating lighter, more energy-efficient components and
exclusive use of on-board memory, which can limit recording duration and data resolution.
Conversely, larger species can accommodate more robust hardware with higher energy
capacities and greater storage, facilitating longer and more detailed monitoring at the
expense of increased device weight. As such, the target species in a given deployment
will necessitate a balancing of these factors to optimize data collection without adversely
impacting animal behavior or well-being.

Since the goal of this system is to provide a unified architecture for animal-borne
acoustic monitoring, our design goals explicitly target the most resource-constraining (i.e.,
small) animal species, with the expectation that the inclusion of additional batteries will
be the primary resource relaxation for deployments targeting larger animals. As such,
the system has been designed to selectively record acoustic events of interest rather than to
continuously capture audio data, although continuous and schedule-based recording are
also supported. It should identify and record rare or unusual acoustic events that may be of
scientific importance, while implementing intelligent clustering of similar sounds to avoid
redundant storage. Only representative examples of common sound types should be stored,
along with metadata and statistics about their occurrence patterns. This approach supports
configurable event detection based on domain-specific criteria, allowing researchers to
focus on the acoustic phenomena most relevant to their studies.

The system must also be highly configurable to accommodate different research objec-
tives and deployment scenarios. Domain scientists should be able to specify target species
or acoustic events of particular interest, as well as sounds to be excluded from recording,
such as wind noise and sounds associated with the rubbing of the collar to the skin of the
animal. The configuration should include required sampling rates based on the acoustic
characteristics of target sounds, expected deployment duration and corresponding resource
allocations, and available power budget and storage capacity. This flexibility ensures that
the system can be tailored to specific research questions across diverse ecological contexts.

To accommodate various research methodologies, the system should support mul-
tiple recording strategies. These include schedule-based recording for predictable, time-
dependent monitoring; threshold-based triggering when sound levels exceed specified
energy thresholds; adaptive triggering based on the detection of specific acoustic signatures;
and hybrid approaches combining multiple strategies to optimize data collection. This
versatility allows researchers to employ the most appropriate sampling method for their
specific research questions. For example, if a researcher is primarily interested in sounds
originating from the target animal wearing the device, then the noises of interest will typi-
cally be significantly louder than the background, suggesting that threshold-based sensing
may be more appropriate than continuous, schedule-based, or signature-based sensing.
In this case, only high-energy events would be presented to downstream decision-making al-
gorithms, significantly reducing energy consumption and computational overhead. On the
other hand, deployments targeting the capture of anthropogenic sounds would be more
successful using schedule- or signature-based sensing.
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Given the limited resources available in animal-borne systems, intelligent resource
management is essential. The system must implement adaptive parameter adjustment
based on remaining battery power and dynamic storage management that considers avail-
able SD card space. As resources diminish, progressive data compression or summarization
may be employed, along with prioritization mechanisms for high-value acoustic events.
This dynamic approach ensures that critical data collection continues throughout the
deployment period, even as resources become increasingly constrained.

For contextual understanding of acoustic data, the system should integrate with
complementary sensors. This includes synchronizing acoustic events with GPS location
data, correlating audio recordings with accelerometer data to understand animal behavior,
and supporting integration with other environmental sensors where applicable. This multi-
sensor approach provides rich contextual information that enhances the interpretation of
acoustic events.

These requirements form the foundation for our design approach, balancing the
technical constraints of animal-borne sensing with the scientific objectives of long-term
acoustic monitoring in wildlife research and conservation.

3.2. Sensor Node Hardware

Our proposed adaptive acoustic monitoring solution requires a lightweight yet power-
ful acoustic biologger, which is not currently available on the market. In response to the
growing need for such a solution capable of supporting advanced Artificial Intelligence (AI)
applications in biologging, we have developed a novel sensor board designed for animal-
borne deployments. This board, with a small footprint of 18 × 23 mm on an 8-layer PCB,
has been carefully designed to keep costs low—approximately $60 per board (excluding
SD card and battery)—while integrating advanced features such as a high-performance mi-
crocontroller, a wide range of sensors, support for multiple types of microphones, and the
ability to control an external actuator (e.g., VHF transmitter). The board operates from a
3.6 V battery and uses a multi-stage voltage regulation scheme to ensure efficient power
utilization—the input voltage is converted to a 1.8 V core voltage with high efficiency and
low noise characteristics. Additionally, a typical high-capacity C-cell battery weighs around
18 g. At only 2.4 g (∼13% of the battery weight), the board is light enough to be used even
on small animals, with battery weight being the primary limiting factor.

A key advantage of our design is its processing capabilities and efficiency, powered
by an Ambiq Apollo 4 Plus MCU [58]. This microcontroller significantly outperforms the
MCU found in devices such as AudioMoth. For example, while AudioMoth is based on
a low-power ARM Cortex-M0+ that typically runs at 48 MHz (62 µA/MHz) with about
256 KB of Flash memory and 32 KB of SRAM, the Apollo 4 Plus runs at a configurable
rate between to 96 and 192 MHz (4 µA/MHz) with about 2 MB of MRAM and 2.75 MB of
SRAM. In practical terms, this means that our board has approximately 4× the clock speed,
8× the non-volatile memory, and 85× the RAM while running at a lower power compared
to AudioMoth. These improvements are critical for on-board AI processing, which requires
significant compute power and memory to run deep learning models directly on the device.

In addition, the Apollo 4 Plus MCU features advanced digital signal processing (DSP)
instructions and is optimized for ultra-low-power operation, even during active processing,
making it exceptionally well suited for real-time audio analysis and other complex sensing
tasks. A key feature is the integrated low-power audio-specific ADC, which includes an
internal programmable gain array (PGA) capable of amplifying incoming audio signals
over a range of 0–24 dB. This high-performance MCU is complemented by the overall
design of the sensor board, which utilizes miniaturized components (such as BGA packages)
and operates at a low voltage of 1.8 V to ensure extended battery life in field applications.
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The board offers versatile sensor integration, supporting analog electret, analog MEMS,
and digital PDM microphones, as well as on-board sensors such as the ADXL345 IMU and
a magnetic sensor. An additional header enables seamless connectivity to external GPS
tracking collars, extending the range of applicability to applications in wildlife monitoring
and other field research scenarios.

The board and components have been field-tested across a variety of environmental
conditions, ranging from high ambient temperatures (∼100 ◦F) with high humidity during
summer in the deep south of the United States to extremely low temperatures (∼−30 ◦F)
and humidity during winter in Alaska. Aside from variations in battery capacity at these
extreme temperatures, full board functionality (including SD card storage) was verified
across this range of field conditions as in Figure 1.

Figure 1. Sensor node hardware. Top side (left board): Apollo 4 Plus MCU in the center, high-
efficiency regulators along the bottom, external connectors (power, VHF, programmer, and micro-
phone interfaces) on the left, plus an integration header at the top. Bottom side (right board): MicroSD
card slot and low-power components in a low-noise area.

3.3. Sensing Firmware

In order to support the wide range of potential research goals that an animal-borne
adaptive monitoring solution might be used for, we have developed highly configurable
firmware to complement the low-power peripherals and sensing capabilities of the hard-
ware described above. Notably, we strove to ensure that device configuration is intuitive
and able to be carried out in the field by researchers of varying backgrounds and tech-
nological prowess. To that end, device configuration was implemented as a three-tiered
hierarchical process, including (1) complete support for all configuration possibilities within
the base firmware residing in flash memory on the hardware, (2) an editable runtime con-
figuration file located on an SD card used for storing data in a given deployment, and
(3) a graphical configuration dashboard for researchers to provision the devices in their
deployment without needing to manually generate or manipulate text-based configuration
files. The firmware was developed with the express intent of being able to support a wide
range of configuration options using minimal power expenditure. Configuration options
currently supported include:

• Device Label: Unique label for tagging all stored data to alleviate post-deployment
processing and storage.

• GPS Availability: Toggleable setting to specify whether precise timing information is
available via GPS or whether the on-board real-time clock (RTC) should be used.

• Status LED Active Time: Number of seconds for which status LEDs should be active
on a deployed device. This is useful for ensuring that deployed devices are functioning
properly without disturbing or affecting the animals during deployment.
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• Microphone Type and Gain: Whether a digital or analog microphone is connected,
as well as the target microphone gain in dB. This allows researchers to use the same
hardware for deployments involving both very loud and very soft sounds of interest.

• Magnetic Activation Settings: Whether the device should be activated upon detection
of a strong magnetic field, and for how long that field must be present to cause
activation. If GPS is available, it may also be possible to schedule a deployment to
start at a specific time instead of relying on manual magnetic activation.

• Deployment Schedule: Anticipated starting and ending date and time of the deploy-
ment, along with the deployed timezone, allowing researchers to schedule deploy-
ments more intuitively without considering UTC offsets.

• RTC Time Alignment: Whether the on-board RTC clock should be initialized to the
scheduled deployment start time upon activation. If the device has GPS available, this
should not typically be necessary; however, without GPS, this allows researchers to
precisely align stored data timestamps with the actual start time of an experiment.

• VHF Beacon Settings: Date and time to optionally enable a VHF retrieval beacon
upon termination of a deployment.

• Audio Clip Settings: Sampling rate and desired clip duration for each stored audio
clip. There is also a toggleable setting allowing clips to exceed the target duration if
continuing audio is detected, for example, during a prolonged animal vocalization.

• Audio Recording Settings: Whether audio clips should be generated continuously,
intelligently, or according to a schedule, interval, or loudness threshold:

Continuous: Records clips of the target duration continuously with no gaps.
Schedule-Based: Records clips of the target duration continuously during an
arbitrary schedule of explicit listening times.
Interval-Based: Records a new audio clip every configurable X time units.
Threshold-Based: Records a new clip of the target duration when a sound above a
configurable loudness threshold (in dB) is detected.
Intelligent: Records a new clip when the AI-based adaptive data collection algo-
rithm indicates reception of an event of interest.

• IMU Recording Settings: How IMU data should be recorded, either (1) not at all,
(2) initiated by and aligned with each new audio clip, or (3) initiated upon significant
motion detection with a configurable acceleration threshold, as well as the sampling
rate at which the IMU sensor should be polled.

• Deployment Phases: Whether all previous settings are valid throughout the entire
deployment, or whether the deployment should be split into distinct phases, each
with its own set of audio and IMU configuration settings. The ability to use phases to
reconfigure almost all parameters of a deployment after it has already begun allows
researchers to design experiments with more than a single target outcome using a
single animal.

The firmware was implemented as baremetal C code to support the above configu-
ration options, targeting the lowest possible power modes of the Ambiq Apollo 4 Plus
microcontroller and peripherals. This includes utilizing Direct Memory Access (DMA)
transfers of as much data as possible, shutting down memory banks and power domains
when not in use, relying primarily on interrupts for waking the microcontroller, and en-
suring that the microcontroller is operating in its deepest sleep mode for as much time as
possible, waking only to service interrupts and DMA data-ready notifications.

All runtime configuration details are stored on each deployed device’s SD card in a file
formatted with text-based key-value pairs. To mitigate configuration errors and alleviate
formatting details, an OS-agnostic, Python-based graphical user interface (GUI) has been
developed to configure each device (See Figure 2). All settings previously described are
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supported within the GUI, with special care taken to ensure that incompatible settings
are unable to be selected, and out-of-range values cannot be specified. This GUI was
successfully utilized to configure all deployments presented in the upcoming results section.

Figure 2. Deployment configuration dashboard.

3.4. Adaptive Data Collection

Existing approaches to audio data collection from animal-borne recording devices
typically involve constant recording during the deployment, followed by retrieval of the
device and offline processing using large and computationally expensive audio segmen-
tation and classification models. While this approach is effective at capturing any audio
events of interest, the requirement of continuous recording rapidly depletes limited power
and storage resources on the device, ultimately shortening deployment time and causing
valuable audio data to be lost once resources are exhausted. Instead, we propose an alter-
native adaptive filtering approach that leverages lightweight, low-power feature extraction
and online clustering techniques to perform in situ relevance assessment of acoustic events.
This enables selective data retention, significantly reducing the overhead associated with
storing redundant or uninformative segments. This results in a more efficient system
that not only extends deployment durations but also selectively preserves only the most
valuable audio data. The underlying challenge is to find a balance between maximizing the
retained informational content and prolonging operational lifetime, which is constrained by
the device’s limited energy and storage resources. However, with appropriately designed
filtering mechanisms, it is possible to maximize information content, often quantified using
entropy-based metrics in the literature, while simultaneously minimizing both power
consumption and storage usage. This tradeoff is formalized in the following subsection.
After presenting the abstract formulation of the optimization problem, we describe the
proposed practical solution.

3.5. Theoretical Framework: Information–Resource Tradeoff

To formalize the design objective of our adaptive filtering system, we model the tradeoff
between information retention, power consumption, and storage utilization on resource-
constrained embedded platforms. Our goal is to maximize the total informative value of
retained audio segments while minimizing the cost of power and storage consumption.

Let

• I( f ) denote the total information content retained under filtering policy f ,
• P( f ) denote the total power consumed by the device under policy f ,
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• S( f ) denote the total storage utilized under policy f ,
• λP, λS ∈ R+ be weight coefficients representing the relative cost of power and storage,

respectively.

We define the following optimization objective:

max
f

J ( f ) = I( f )− λP · P( f )− λS · S( f ) (1)

This objective balances the benefit of retaining high-value audio information with the
energy and storage costs incurred during acquisition, decision making, and storage. Each
audio segment xt, observed at time t, is either retained or discarded:

rt = f (xt) ∈ {0, 1} (2)

For simplicity, consider t ∈ {1, . . . , T} values, i.e., each clip is split into 1 s long
segments. Then, let

• it = I(xt) be the estimated information content of segment xt,
• pt = Pproc + rt · Pstore be the power consumption for processing and (optionally)

storing the segment,
• st = rt · s be the associated storage cost, with s as the size of the audio clip in bytes.

Then, the components of the objective are defined as

I( f ) =
T

∑
t=1

rt · it (3)

P( f ) = T · Pproc + Pstore ·
T

∑
t=1

rt (4)

S( f ) = s ·
T

∑
t=1

rt (5)

Substituting into the objective function

J ( f ) =
T

∑
t=1

[rt · (it − λPPstore − λSs)]− λPT · Pproc (6)

This expression reveals a natural decision rule: the filter f should retain segment xt

only if its estimated information value it exceeds the combined power and storage penalty:

it > λPPstore + λSs (7)

It can also be observed that a constant term (−λPT · Pproc) is always present in the
objective function. This term represents the fixed cost of decision making incurred by the
filtering algorithm itself. While the other penalty terms are determined by the hardware
and deployment constraints, this term is influenced directly by the algorithmic design.
This is where the adaptive filtering methodology exerts a significant influence on the
overall optimization. A lightweight, low-power algorithm may reduce processing costs
but typically suffers from limited precision, leading to suboptimal filtering decisions and
increased downstream resource usage. Conversely, a more robust and accurate model may
effectively reduce redundancy and preserve high-value information, but at the expense of
significantly higher power consumption for decision-making. Thus, a careful tradeoff must
be made between the complexity of the filtering model and its energy efficiency, as both
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factors ultimately affect the system’s operational lifetime and data utility. In Section 4, we
evaluate and compare methods with different complexities.

The presented formulation offers an interpretable and tunable mechanism for con-
trolling the resource efficiency of the system, allowing developers to adjust thresholds
according to platform constraints and deployment objectives. The framework can be ex-
tended to include hard constraints that explicitly model the finite energy budget and storage
capacity of the device. In real-world applications, the penalty parameters λP and λS can be
estimated through various strategies: normalization-based methods (scaling all quantities
to a common reference and using their ratios), constraint-based estimation (evaluating the
marginal information loss under tighter power or storage limits), or empirical tuning based
on observed system behavior.

In our implementation, audio events are stored on removable SD cards. Given that
modern SD cards offer capacities up to 2 TB, well beyond the storage needs of typical
bioacoustic logging tasks, the storage penalty is considered negligible. However, in scenar-
ios where storage is constrained (e.g., on-board flash memory or wireless transmission),
the storage cost λS may become a dominant factor in the optimization.

In practice, directly measuring the true information content I(xt) of an audio segment
is challenging, particularly in unsupervised or unlabeled settings. As a practical proxy, we
approximate information content by evaluating the diversity of retained acoustic events
across distinct classes. Specifically, we design experiments where the input data is com-
posed of multiple known sound classes, with one class significantly overrepresented in
terms of sample count. Without filtering, such a distribution would bias retention toward
the dominant class, reducing the effective information diversity. By applying our filtering
approach, we aim to attenuate redundancy and retain a more balanced set of representative
events. The effectiveness of this method is then assessed by analyzing the class distribution
of the retained segments: an approximately uniform distribution across classes is indicative
of successful suppression of redundant data and a better approximation of true informa-
tion content. This evaluation strategy allows us to assess the filtering performance in a
controlled yet realistic scenario.

3.6. Proposed Method

The goal of the proposed method is to optimize the tradeoff introduced in the theoreti-
cal formalism, maximizing information retention while minimizing power consumption
and storage usage. In particular, we focus on reducing the processing power component
Pproc by designing a lightweight yet effective filtering mechanism that balances computa-
tional cost with decision accuracy. To this end, we employ a fully unsupervised learning
framework, which enables the system to operate without the need for labeled training data.
This design choice allows the filtering agent to generalize across diverse and unpredictable
acoustic environments, making it well suited for real-world deployments involving wildlife
monitoring or urban soundscapes.

The machine learning agent used in our system, discussed in more detail in Section 4,
is trained on a heterogeneous urban acoustic dataset compiled from public repositories,
online audio hosting platforms, and recordings from prior field deployments. At a high
level, the proposed method processes the incoming audio by first downsampling to 8 kHz
and segmenting the stream into 1 s segments. From each segment, Mel-Frequency Cepstral
Coefficients (MFCCs) [59] are extracted and fed into an encoder, which projects the input
into a 16-dimensional latent space. These embeddings are subsequently evaluated by an
online adaptive clustering algorithm, which identifies novel or information-rich segments
in real time. Figure 3 illustrates the high-level architecture of the system.
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The following two subsections describe the dimensionality reduction and online
clustering components in greater detail.

Figure 3. High-level architecture of the proposed filtering system: audio is downsampled, seg-
mented, encoded into a latent space, and evaluated by an online clustering algorithm for real-time
novelty detection.

3.6.1. Dimensionality Reduction

Effective dimensionality reduction is essential in this application to minimize computa-
tional overhead while preserving the salient structure of acoustic events for reliable novelty
detection. Reducing the input data to a compact representation allows both efficient on-
device inference and scalable clustering within constrained memory and energy budgets.

In the first step, the input audio signal obtained from the microcontroller’s analog-to-
digital converter is downsampled to 8 kHz to reduce the size of the spectrograms generated
in subsequent stages, and the resulting signal is normalized. An iterative energy-based
selection process is then applied to identify and extract high-energy segments, defined
as peaks in the convolution with a triangular filter. At each iteration, a 1 s clip centered
around the energy peak is extracted, and this region is zeroed out for subsequent energy
calculations (though not excluded from future clip extraction). This energy-centric selection
has two primary benefits: (i) it aligns potential events of interest temporally within each
clip, thereby reducing variability in the encoded feature vectors due to time shifts; and
(ii) it enables a sparser sampling of representative segments, thereby reducing both the
inference time of the encoder and the memory footprint of the subsequent clustering stage.

Mel-Frequency Cepstral Coefficients (MFCCs) [59] are then extracted from each 1 s
segment. These MFCC vectors are clamped and normalized to suppress the influence of
high-energy outliers on the encoding process. The normalized MFCCs are passed through
a compact encoder that maps them onto a 16-dimensional latent space. Specifically, we
employ a variational autoencoder (VAE) [60], which enables unsupervised learning of
low-dimensional representations without requiring labeled training data. The variational
component improves clustering by enforcing local continuity in the latent space; Gaussian
noise is injected during training to encourage embeddings of acoustically similar inputs to
form tighter, more cohesive clusters.

Given the severe memory and computational constraints of the embedded platform,
the encoder follows a convolutional architecture composed of five 3 × 3 convolutional
layers, each followed by three 1× 1 convolutional layers to implement pointwise non-linear
mappings. This is followed by three fully connected layers that reduce a 32-dimensional
flattened intermediate representation to the final 16-dimensional output, comprising both
the mean and (log-scale) standard deviation vectors of the latent distribution. All non-
terminal layers employ the Leaky ReLU activation function for computational efficiency.
The trained VAE model initially occupies 28 KB and is subsequently quantized using 8-bit
signed integer arithmetic to reduce memory usage and enable real-time deployment on
embedded hardware. This quantization results in a final model size of 24 KB, making it
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feasible for execution on low-power microcontroller platforms with limited computational
and memory resources.

In addition to the VAE-based encoder, we implemented two classical dimensionality
reduction/feature extraction baselines for comparative evaluation. These include simple
time-domain methods such as extracting root mean square (RMS) energy and zero-crossing
(ZC) rate, as well as a frequency-domain extractor based on spectral flux. While the VAE
models are computationally more demanding, they are expected to offer more robust and
consistent filtering performance across diverse acoustic environments. Conversely, the classical
feature-based methods represent the opposite end of the complexity–accuracy spectrum,
providing lightweight alternatives that trade off precision for minimal resource consumption.
These complementary approaches allow us to explore the efficiency frontier defined by the
optimization of Pproc under the constraints discussed in the theoretical formalism.

3.6.2. Novelty Detection: Online Clustering

The low-dimensional latent space produced by the encoder serves as the input domain
for our proposed online clustering algorithm. This step enables real-time, unsupervised
novelty detection by tracking representative acoustic patterns in a compact, memory-
efficient manner. Operating in the reduced 16-dimensional feature space of the VAE
embeddings not only minimizes computational burden but also facilitates adaptive filtering
in resource-constrained environments.

The clustering filter maintains a fixed-size array of N D-dimensional cluster centers,
denoted as ci ∈ RD, each associated with a non-negative weight wi ∈ R+

0 . At initialization,
all centers are set to zero, i.e., ci = 0⃗ and wi = 0, representing an untrained filter state that
accepts any input as novel. For each new feature vector p ∈ RD arriving from the encoder,
the algorithm identifies the set of “nearby” cluster centers as

A = { i : ∥ci − p∥ < t
√

wi }

where t ∈ R+ is a configurable threshold and ∥ · ∥ denotes the Euclidean (i.e., ℓ2) norm.
If A = ∅, the feature vector p is treated as novel and inserted into the filter as a new

cluster center with an initial weight of 1, replacing the oldest cluster center to maintain a
fixed array size. If A ̸= ∅, the feature vector is considered redundant and merged with the
identified cluster centers. The updated cluster center is computed as a weighted average

c =
p + ∑i∈A ciwi
1 + ∑i∈A wi

,

with an updated weight

w = min

(
W, 1 + ∑

i∈A
wi

)
,

where W ∈ R+ denotes the maximum allowable weight to prevent indefinite growth.
The merged cluster center c replaces the previous clusters in A, and any resulting

vacant entries in the cluster array are reinitialized to zero. Each latent vector (thus a short
segment of a longer clip) is labeled either “retain” (if novel) or “discard” (if redundant).
A final retention decision is made at the audio clip level: the clip is stored if the proportion
of “retain” responses among its constituent 1 s segments exceeds a user-defined voting
threshold v ∈ [0, 1].

This clustering approach allows the system to dynamically adapt to evolving acoustic
environments, efficiently preserving only informative and novel audio segments within a
bounded memory and power budget.
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4. Results
4.1. Simulation

To test the performance of the adaptive filtering approach introduced in Section 3.6, we
have created an audio simulation environment which predicts the behavior of this system
over long-term deployments. This simulation is constructed by iteratively presenting the
adaptive filter with 5 s audio clips which have been manually labeled with various audio
event classes of potential interest. As a fully unsupervised system, these audio class labels
are exclusively used to measure the filtering response when presented with non-uniform
input distributions. The datasets used in this simulation include the urban acoustic dataset
mentioned in Section 3.6, as well as clips from the EDANSA ecoacoustic dataset [61].

Even excluding the hyper-parameters associated with training the VAE-based machine
learning model, the adaptive filtering algorithm introduced in Section 3.6 has several critical
hyper-parameters that require tuning: the number of cluster centers N, the maximum
cluster weight W, the baseline proximity threshold t, and the voting threshold v. There are
also a few other parameters elsewhere in the inference pipeline; for instance, the size of
the triangular filter used for the initial energy-based segmentation procedure, as well as
the number of 1 s segments to extract per input clip. Because of this, our first step was to
perform a parallel grid search to determine reasonable values for each parameter.

For each set of candidate parameters, a 24 h simulation was performed containing
three audio event classes: frog, aircraft, and rooster sounds. To measure the adaptive
clustering algorithm’s ability to filter the input into “interesting” (i.e., infrequent) sounds,
the frequency of rooster sounds was set to 8 times the frequency of each of the other two au-
dio classes. After performing this grid search, a heuristic was used to identify the “optimal”
set of parameters for the goal of regularizing the imbalance of audio event occurrences.

To test the generalizability of these settings, we then used these optimal parameters to
perform similar tests using an 8× abundance of each of six audio event classes (the three
classes from the grid search tuning process and another three unseen classes) over 7-day
simulated deployments. For comparison, two alternative, heuristical methods were used:
one based on spectral flux, and another based on RMS energy and the zero-crossing rate.
The spectral flux approach generates a spectrogram for the entire 5 s clip and integrates
out time to arrive at a final 120-dimensional time-invariant frequency spectrum. This
spectrum is then used directly as the feature vector for clustering, as the calculation of the
ℓ2 norm naturally produces spectral flux values between two embeddings. For the other
approach, we simply use the mean RMS energy of the 5 s clip in conjunction with the mean
zero-crossing rate, resulting in a two-dimensional embedding; naturally, this approach
is significantly faster to compute than either the VAE-based or spectral flux embeddings.
The results of these tests using our proposed VAE-based system and these two heuristical
approaches are presented in Figure 4 and compared numerically in Table 4 and visually in
Figure 5. Notably, all included methods make use of the adaptive clustering filter algorithm
introduced in Section 3.6.2, with the only difference being the method of producing feature
vectors for the clustering procedure.

Table 4. Numeric filtering results measured by the KL-divergence from an ideal uniform distribution.

Test Unfiltered VAE Q-VAE Spectral Flux RMS + ZC

(a) 0.7367 0.0446 0.0166 0.7106 0.3289
(b) 0.7301 0.0491 0.0930 0.0675 0.0689
(c) 0.7179 0.2099 0.1628 0.6165 0.3974
(d) 0.7306 0.1352 0.1080 0.1965 0.1014
(e) 0.7184 0.0456 0.1432 0.0988 0.2004
(f) 0.7263 0.0573 0.0866 0.1124 0.2041
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(a) (b)

(c) (d)

(e) (f)

Figure 4. Filtering performance on simulated 7-day continuous deployments. Each plot has a different
8× abundance of the 6 included audio classes, and presents the output distribution for each of four
algorithms: our proposed VAE-based system, its 8-bit quantized form (Q-VAE), a spectral flux filter,
and an RMS energy and zero-crossing filter.
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Figure 5. Numeric filtering results measured by the KL-divergence from an ideal uniform distribution.

From these results, we see that in every case, the VAE-based systems, both unquan-
tized (VAE) and quantized (Q-VAE), were able to significantly reduce the imbalance of
input audio event classes. Indeed, in many cases (e.g., Figures 4 and 5a,b,e,f)) we even
observe a nearly equal balance of all six audio classes in the filtered output. This good
filtering performance for the quantized model confirms the viability and utility of our
proposed system for use in on-edge adaptive novelty-based audio filtering in long-running
deployments. Looking further, we also see relatively good performance from the two
heuristical methods (i.e., Spectral Flux and RMS + ZC); however, these approaches did
not fare well across the board, and saw significant filtering degradation for specific audio
classes (e.g., Figures 4 and 5a,c). However, the good performance of these heuristical
methods in the majority of tests indicates that these comparatively cheaper algorithms
could be used as drop-in replacements for the more robust VAE-based approach, improving
overall power consumption at the expense of decreased filtering performance in some
pathological audio classes.

4.2. Power Consumption

As one of the primary goals of this research is to enable months- to year-long animal-
borne deployments, much effort was put into ensuring that every aspect of the system
consumes as little power as possible. Sections 3.2–3.4 describe the design choices made
in the development of each of the hardware, firmware, and data collection algorithms
with this goal in mind. To validate our design, we ran a series of power consumption
experiments to assess the impact of various configuration choices and runtime modes on
the longevity of potential deployments, with results summarized in Table 5:

Table 5. Power consumption results using various runtime configurations.

Runtime Configuration Avg. Power @ 3.6 V

Fully Idle with No Mic 0.14 mA
Audio Sampling @ 48 kHz with Analog Mic 0.76 mA

Audio Sampling @ 48 kHz + SD Card Storage 3.40 mA
Adaptive Data Collection + Audio + SD Card 3.81 mA (max, no duty-cycling)

From these results, it is apparent that the largest consumer of power is actually writing
to the SD card, followed by continuous use of the adaptive data collection algorithm,
although each second of audio requires only ∼180 ms to complete one invocation of this
algorithm, causing its overall impact on the power budget to be quite small. Continuous
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storage of audio data without any intelligent decision making consumes ∼3.4 mA at 3.6 V.
Assuming an ideal device battery capacity of 8500 mAh, this would allow our devices to
store continuous data for approximately 100 days on a single charge. However, the goal
of this system is not to naively store all data, but rather to intelligently decide which
data is relevant, interesting, and important to store, given the configured deployment
parameters. As such, a future research task will be to develop an extremely low-power
filtering algorithm based on known acoustic properties like spectral flux to preprocess
incoming audio and decide whether a clip contains potentially interesting information that
should be further processed by the adaptive data collection algorithm. This will allow
the microcontroller to remain in deep-sleep mode for significantly longer periods of time.
Consequently, the worst-case average power consumption should remain closer to the
1–3 mA range, with the adaptive data collection algorithm only being employed when there
is relevant work to conduct and the SD card only being accessed upon positive detection of
an event of interest. Of course, deployment-specific needs and configuration choices will
greatly impact the level of duty-cycling achievable.

4.3. Deployments

Prototypes have been deployed on caribou (Rangifer tarandus), African elephants
(Loxodonta africana), and bighorn sheep (Ovis canadensis) as part of various ecological
projects (See Figure 6). Note that these initial deployments used a simple schedule-based
recording approach and not the VAE-based adaptive processing. Additionally, these
deployments were initiated before substantial power-saving improvements were made to
the firmware, netting a decrease of roughly 2.5× in required power from the levels in these
deployments. As such, deployment longevity for continuously recording audio can be
expected to be roughly two and a half times longer using the current state of the research.
The primary purpose of these experiments was to test the operation and durability of the
hardware and gather acoustic data to enable offline testing of the algorithms.

Figure 6. Collaring a bighorn sheep (left) and a deployed unit on an elephant in Kenya (right).

Audiologgers were used on caribou as part of a project investigating the impact of
insect harassment. Caribou distribution is known to be influenced by insect abundance [62],
which is often modeled using environmental proxies. However, insect presence can also be
detected acoustically, enabling audiologgers to provide estimates of insect distributions
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on a finer scale. Two audiologgers were deployed on captive individuals at the Large
Animal Research Station (LARS) in Fairbanks, Alaska. Both systems were housed in a
custom 3D-printed enclosure and potted with a re-enterable potting compound for data
retrieval. They were powered by a 4200 mAh battery pack consisting of two Tadiran
TL-2100/S cells, and the audio was sampled continuously. One system lasted 33 days and
gathered 44.68 GB of audio, while the other lasted 23 days and gathered 59.98 GB of audio.
Frigid temperatures during the deployment (as low as −30 ◦F) significantly reduced power
efficiency and therefore system longevity.

In Samburu National Reserve, Kenya, a prototype was deployed on a female African
elephant. While audiologgers used with captive elephants have significantly advanced
our understanding of elephant communication [63,64], this marks the first application of
this technology on wild individuals. By combining GPS data with vocalization detections,
we aim to examine spatiotemporal variations in elephant vocalizations, advancing our
understanding of behavior and supporting conservation efforts. This system was housed
in a modified aluminum housing and integrated onto a GPS collar with a custom drop-
off mechanism so the data could be recovered prior to retrieval of the entire collar. It
was powered with a 6300 mAh battery pack consisting of three Tadiran TL-2100/S cells.
Unfortunately, the detachment mechanism on this device failed, and the sensor is still
on the animal at the time of this writing, so we do not have any information on system
longevity or data quality. Five more systems are scheduled to be deployed on additional
African elephants in the coming months.

Finally, a prototype was also deployed on a female bighorn sheep in Fort Collins,
Colorado, at the Colorado Parks and Wildlife (CPW) foothills facility. Pneumonia is a signif-
icant disease for bighorn sheep in the mountain west [65], and symptoms such as coughing
can be detected acoustically. Detection of respiratory symptoms has been successfully used
to diagnose illnesses in other species [66,67], indicating that audiologgers could play a
crucial role in monitoring disease outbreaks in bighorn sheep herds. Similar to the caribou
deployments, this logger was contained in a 3D-printed housing and powered with a 4200
mAh battery pack consisting of two Tadiran TL-2100/S cells. This deployment lasted 38
days and gathered 50.81 GB of audio. Another audiologger is currently deployed on an
additional ewe with a chronic cough in order to determine the efficacy of this approach.

5. Discussion
The simulation results presented in Figures 4 and 5 demonstrate the potential of

our adaptive acoustic monitoring approach for animal-borne applications. The adaptive
filtering algorithm successfully reduced input imbalances across different audio event
classes, with particularly strong performance in distinguishing between common and rare
acoustic events. This is crucial for wildlife monitoring applications where researchers are
often interested in detecting infrequent but ecologically significant sounds amidst common
background noise.

Our findings highlight the system’s ability to maintain effectiveness even in long-
running, continuous operation. This suggests that the adaptive clustering algorithm is
successfully learning and adapting to the acoustic environment over time, rather than
simply reaching saturation points for specific sound classes. Notably, the quantized version
of the VAE model (Q-VAE) yielded similarly good filtering performance compared to
the unquantized model. This finding is particularly encouraging, as it demonstrates that
this adaptive filtering approach can be effectively implemented on resource-constrained
embedded devices without significant performance degradation, further validating our
approach for real-world deployment.
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In terms of power consumption and device longevity, all consumption values listed in
Table 5 were measured under the burden of continuous environmental sensing. A much
more likely scenario includes deployments that are able to use either threshold-based or
schedule-based sensing to greatly extend the battery life of a device. For example, ambient
environmental noise levels tend to be much lower at night than during the day. A de-
ployment could be configured such that the devices remain in deep-sleep mode during
nighttime hours and are only awoken upon detection of an acoustic event with significant
amplitude above a configurable threshold. Our sensor hardware is able to wake from
deep-sleep upon a hardware trigger from an analog comparator connected directly to the
microphone. As such, we could continue sensing overnight at the more advantageous
power consumption level of ∼0.76 mA, more than doubling the battery life of the deploy-
ment. There are any number of other schedule-based policies that could be employed in
this manner, depending on the needs and requirements of the target deployment.

Another important takeaway from Table 5 is the relatively low power consumption
required by continuous use of the adaptive clustering algorithm, especially when compared
to the power requirements of writing to the SD card. The mere act of powering on the SD
card and writing one second of audio consumes almost 2.64 mA. This is due to the extremely
high current draw required for SD card communications, which unfortunately cannot be
lowered other than by writing less frequently. In contrast, classifying one second of audio
only takes about 180 ms and requires roughly 0.41 mA of average current per second.
In fact, the active-mode detection–classification–recording loop is temporally dominated
by this classification task. Detection, when used as a prefiltering step for the classifier, is
hardware-based using the analog comparator peripheral of the Apollo 4 microcontroller,
and as such, is instantaneous. SD card storage speed depends on the size of the audio chunk
being stored, which itself is determined by the sampling rate chosen by the researcher;
however, under average conditions of storing 16 kHz single-channel audio samples once
per second, writing to the SD card takes around 40 ms. Since the classification algorithm in
its most optimized form takes around 180 ms per invocation, the total loop time per second
of audio is ∼220 ms. It should be noted that although the classification step introduces a
small latency between the real-time onset of an event and the determination of whether to
store the corresponding audio, our Apollo 4 microcontroller is able to store a minimum
of 1 full second of 96 kHz audio in SRAM, with much longer buffers being storable at
lower, more realistic sampling rates. As such, historical audio data of several seconds is
maintained in typical deployment scenarios, and as such, this latency does not cause loss
of data.

Nonetheless, power consumption still remains a critical challenge for long-term de-
ployments that may be expected to reach up to a year. While our hardware design and
firmware implementation emphasize efficiency, our current power measurements indicate
that continuous operation of the adaptive data collection algorithm and storage to an SD
card would significantly limit deployment duration. The development of a preliminary
low-power filtering stage based on spectral flux or similar acoustic properties will be essen-
tial to trigger the more power-intensive adaptive algorithm only when potentially relevant
audio is detected. Additionally, storage of clips to the SD card should be minimized as
much as possible, as this is the largest contributor to power consumption. One mitigating
technique that we plan to explore is using leftover SRAM memory on the microcontroller
to increase the size of the temporary audio storage buffers. By decreasing the frequency
that the SD card must be woken up, we gain substantial power savings. As an example,
decreasing the frequency of SD card writes from 4 Hz to 1 Hz netted almost 4.4 mA in
power savings during experimentation, although diminishing returns are expected as the
power-up cost is amortized over longer and longer periods.
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The initial field deployments on caribou, African elephants, and bighorn sheep repre-
sent important first steps in validating this technology in real-world conditions. However,
these deployments are ongoing, and comprehensive analysis of their results is forthcoming.
Additionally, research has progressed significantly since the first of these deployments,
including creation of the quantized Q-VAE model and power-friendly improvements to the
firmware, such as lowering the SD card writing frequency, as discussed above. As such,
these initial deployments represent the absolute worst-case technical performance we can
hope to achieve with these devices in their current state, providing us rather with a means
of assessing their practical usability for ecological research and conservation applications.

Our development process to date has addressed many of the requirements outlined in
Section 3.1, particularly in the areas of modular hardware design, configurable firmware, and in-
telligent data filtering. However, several key requirements remain to be fully implemented:

• The adaptive resource management features that adjust parameters based on remain-
ing battery power and storage capacity are still under development.

• Integration with complementary sensors (GPS, accelerometer) has been implemented
at the hardware level, but the firmware for synchronized multi-sensor data collection
requires further refinement.

• The noise reduction techniques needed for robust performance in varied acoustic
environments require additional development and field testing.

Future work will focus on addressing these requirements while analyzing data from
ongoing field deployments. We will refine the adaptive filtering algorithm based on real-
world acoustic data from different species and environments, develop more sophisticated
noise reduction techniques, and optimize power management for extended deployment
durations. Additionally, we plan to create an open database of wilderness sounds collected
through these deployments to address the current gaps in acoustic datasets for ecological
research. Successful completion of these remaining tasks will enable truly long-term, adap-
tive acoustic monitoring of wildlife, providing unprecedented insights into animal behavior,
communication, and environmental interactions that have been previously impossible to
continuously observe in natural settings.
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