EfficientMic: Adaptive Acoustic Sensing with a Single
Microphone for Smart Infrastructure

Jack Adiletta

Worcester Polytechnic Institute
Worcester, MA, USA

Shiwei Fang
Augusta University
Augusta, GA, USA

Abstract

Acoustic sensing is essential in smart infrastructure for occupancy
detection, appliance monitoring, and anomaly alerts, where latency
and continuous operation are critical. However, fixed high-rate
sampling drains power and storage in embedded systems. Prior
adaptive sampling approaches often rely on narrow-band speech,
analog filters, multi-microphone arrays, or task-specific heuristics,
each increasing hardware complexity or reducing generalizability.
We present EfficientMic, a digital, aliasing-aware framework for
adaptive acoustic sensing using only a single microphone. Without
analog components, EfficientMic detects aliasing from Short-time
Fourier Transform (STFT) features using a lightweight XGBoost
model and dynamically adjusts the sampling rate in real time to
preserve fidelity across diverse sounds. Deployed on a Raspberry Pi
and evaluated on two environmental sound classification datasets,
EfficientMic reduces storage and energy use by over 70% and 50%,
respectively, with classification accuracy within 1.2% of full-rate
baselines. This task-agnostic, hardware-independent design enables
scalable, low-power sensing for smart environments.

CCS Concepts

« Computer systems organization — Sensor networks; Em-
bedded software; « Computing methodologies — Classification
and regression trees; Neural networks.
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1 Introduction

Microphones are essential sensing components in smart infras-
tructure, supporting applications such as occupancy monitoring,
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Figure 1: Reducing sampling from 44 kHz to 2 kHz cuts CPU
use by 50% and storage by 95% on an ARM Cortex-A8. [5].

appliance activity detection, and acoustic anomaly recognition (e.g.,
alarms, glass breaking) [2]. These applications require always-on
operation, as acoustic events occur unpredictably and must be de-
tected with minimal latency. However, selecting a suitable sampling
rate is challenging due to the wide range of signal characteristics
in smart environments, which span from low-frequency appliance
hums to high-frequency, transient events. A high fixed sampling
rate preserves fidelity but imposes significant energy and stor-
age costs on embedded platforms [7]. A low sample rate, while
resource-efficient, risks aliasing, a distortion caused by under sam-
pling high-frequency components [4]. Figure 1 shows that reducing
the rate from 44 kHz to 2 kHz lowers CPU usage by 50% and storage
by 95%, but at the expense of audio quality and downstream perfor-
mance [1]. Since no single fixed rate performs optimally across all
acoustic conditions, adaptive sampling is essential. By increasing
the sampling rate only when high-frequency content is present,
systems can preserve signal fidelity while conserving energy and
storage during low-frequency or silent periods.

Analog filters suppress frequencies above half the sampling rate
but require additional circuitry, increasing hardware complexity,
cost, and limiting scalability [10-12]. In practice, most commercial
IoT and embedded platforms digitize audio immediately after cap-
ture and omit analog filtering to simplify design [12]. This leaves
only digital streams accessible, reinforcing the need for aliasing
mitigation entirely within the digital domain. Multi-microphone
systems [5] address aliasing by dedicating at least one microphone
to continuous high-rate sampling, but this adds hardware cost,
power consumption, and synchronization complexity. Adaptive
approaches based on energy-aware models or task-specific neural
networks [6, 12] attempt to reduce computational load, yet often
rely on heuristics or tightly coupled inference pipelines. These
methods do not explicitly detect aliasing and tend to generalize
poorly across varied tasks and environments. Naive downsampling
without frequency-aware adaptation introduces spectral distortion,
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Figure 2: Timeline view of EfficientMic’s adaptive response to aliasing across four 1-second recordings. Aliasing in Recording 2
is detected during Recording 3, which is halted. The system increases the sampling rate in Recording 4 to prevent aliasing.

degrading signal quality and downstream performance [1]. There-
fore, we need a task-agnostic, real-time adaptive sampling frame-
work that is aliasing-aware, fully digital, hardware-compatible, and
scalable for broad applications in environmental acoustic sensing.
To address these limitations, we introduce EfficientMic, a light-
weight, aliasing-aware adaptive sampling framework that dynami-
cally adjusts microphone sampling rates in real time using a single
microphone. EfficientMic detects aliasing directly from Short-time
Fourier Transform (STFT) features using a compact XGBoost clas-
sifier [3] and increases the sampling rate only when necessary
to preserve signal fidelity. This approach reduces computational
and storage overhead without requiring task-specific tuning or
additional hardware. EfficientMic is designed for deployment on
low-power, always-on embedded systems that lack analog filtering
or multi-channel support, making it suitable for a wide range of
smart infrastructure applications. Our core contributions are:
o EfficientMic, the first aliasing-aware adaptive sampling framework
operating fully in the digital domain using only a single microphone.
oA lightweight aliasing detection pipeline using STFT and XGBoost
classifier, enabling real-time adaptation on embedded platforms.
oA curated dataset of 587,350 unique 1-second aliased and non-
aliased STFT and MFCC audio representations at varying frequen-
cies derived from public datasets to support reproducibility future
research available at https://zenodo.org/records/16712803.

2 EfficientMic: Adaptive Sampling Framework

EfficientMic is a lightweight, aliasing-aware adaptive sampling
framework that dynamically adjusts microphone sampling rates
in real time based on incoming audio characteristics. Designed for
always-on, single-microphone systems without analog filtering or
multi-channel hardware, EfficientMic operates entirely in the digital
domain and is optimized for low-power embedded platforms.

As shown in Figure 3, the system begins by sampling the audio
stream at a current rate. Each audio segment is analyzed by an
ML-based aliasing detector that uses STFT features as input. This
module is implemented using an XGBoost classifier trained to dis-
tinguish aliased from non-aliased signals. XGBoost is chosen for
its low memory footprint, fast inference, and high classification
accuracy in resource-constrained settings (see Section 4.2).

If aliasing is detected, the system increases the sampling rate to
preserve signal fidelity. If not, the audio is passed to a frequency
analysis module, implemented via FFT, to estimate the dominant
frequency components in the signal. If the energy is concentrated
in low-frequency bands, the sampling rate is decreased to conserve
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Figure 3: EfficientMic Adaptive Sampling Framework

power. If high-frequency energy is present but aliasing is not de-
tected, the system holds the current sampling rate. This dual-stage
decision pipeline allows EfficientMic to adjust its behavior at run-
time based on both aliasing risk and frequency content.

Figure 2 illustrates EfficientMic’s behavior over four consecu-
tive recording windows. In the first window, the system detects
no aliasing and maintains the current rate. In the second window,
high-frequency content triggers aliasing, which is detected in the
third. In the fourth window, EfficientMic increases the sampling rate
to mitigate aliasing. This closed-loop pipeline enables low-latency,
frame-level decisions that balance audio fidelity with resource effi-
ciency. By framing aliasing detection as a lightweight classification
task and deferring rate decisions to an FFT-based module, Efficient-
Mic minimizes power usage while maintaining responsiveness. In
stable environments, the system reduces the frequency of adjust-
ments to conserve energy, making it well suited for real-world,
always-on acoustic sensing in smart infrastructure.

3 Implementation Details

Aliasing Detection Dataset. To our knowledge, no public dataset
exists for training machine learning models to perform dynamic
sampling based on aliasing detection. We construct a novel dataset
using 97,891 unique 1-second clips from UrbanSound8K [9], ESC-
50 [8], and MAVD [13], totaling over 27 hours of diverse, real-world
audio. The dataset includes aliased and non-aliased versions of each
clip across six target sampling rates (22 kHz, 16 kHz, 8 kHz, 4 kHz, 2
kHz, and 1 kHz), totaling 587,346 pairs of aliasing and non aliasing
audio samples across a broad range of environmental sounds. Most
sampling rates are balanced with equal numbers of aliased and
non-aliased examples, with the exception of 22 kHz where aliasing
is rare. Overall, this dataset provides a diverse and carefully curated
benchmark for aliasing detection and supports future works on
learning-based adaptive sampling frameworks.

We generate an aliased and a non-aliased copies of each audio
clip. The non-aliased version is created by applying a sixth-order
Butterworth low-pass filter with a cutoff frequency equal to half
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lower energy requirement. Energy requirements and storage needed are the same for both datasets for fixed sampling rates due
to similar models and data size during inference. This time and storage includes the time and storage overhead of EfficientMic.

the target sampling rate (11 kHz, 8 kHz, 4 kHz, 2 kHz, 1 kHz or 500
Hz), followed by resampling at the target frequency which is twice
the cutoff (22 kHz, 16 kHz, 8 kHz, 4 kHz, 2 kHz, or 1 kHz) to satisfy
the Nyquist criterion [10]. The aliased version is generated by
resampling the unfiltered signal at the same target rates, resulting
in spectral folding of high-frequency components. To ensure that
aliased and non-aliased pairs are meaningfully distinct, we discard

samples where energy above the cutoff frequency is less than 10%
of the total spectral energy.

Model Deployment and Evaluation Details. We deploy the Effi-
cientMic framework on a Raspberry Pi and evaluate its performance
in terms of classification accuracy, F1 score, latency, and energy con-
sumption. Latency and energy are measured for two components:
STFT computation and model inference. Latency is recorded using
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Python timers, and power consumption is measured with an Agi-
lent 34450A Digital Multimeter by recording voltage and average
current during execution. Total energy consumption is computed
as the product of execution time and power. We exclude the latency
and energy required for audio recording, as all clips are 1 second
long and sampling-related overhead is consistent across configura-
tions. For a robust evaluation across all sample rates, we perform
K-fold cross-validation using the built-in partitioning structure of
each dataset: 10 folds for UrbanSound8K and 5 folds for ESC-50.
Final performance metrics, including accuracy and F1 score, are
averaged across all folds to assess EfficientMic’s aliasing detection
accuracy and downstream task utility.

To demonstrate the practical benefits of EfficientMic, we eval-
uate its impact on sound event detection. Sound event detection
is chosen as a representative task due to its frequency diversity
and temporal variability, making it generalizable to use cases such
as keyword spotting or noise suppression. We evaluate two com-
pact models suitable for embedded deployment: (1) a convolutional
neural network (CNN) with two convolutional layers, two fully
connected layers, max pooling, batch normalization, and dropout;
and (2) A multi-layer LSTM that encodes sequential input using
the final hidden state of the last layer to perform classification via a
fully connected layer. These lightweight models provide consistent
baselines for comparing performance across sampling strategies.

4 Results and Discussion

Effects of Dynamic Sampling Rate on Acoustic Event Detec-
tion Performance. Figure 4 shows how sampling rate impacts
classification accuracy (CNN), storage (recorded .wav size), and
STFT energy cost. While 44 kHz sampling yields the highest clas-
sification accuracy (Figure 4a), it significantly increases storage
(Figure 4b) and STFT energy cost (Figure 4c). Lowering the rate to
2 kHz reduces storage by 95.29% and energy by 80.13%, but intro-
duces aliasing that causes a 6.97%-22.5% drop in F1 score. STFT
computation time remains under 10 ms across all rates, negligible
relative to the 1-second recording duration. EfficientMic achieves
70.28%-70.96% lower storage and 40.39%-51.14% lower energy con-
sumption than the 44 kHz baseline, with only a modest 0.7%-1.16%
drop in F1 score. While 16 kHz sampling shows similar perfor-
mance, it consumes 19.92%-44.38% more energy and 27.6%-30.64%
more storage than EfficientMic. Intermediate rates (e.g., 4 kHz and
8 kHz) show linearly scaling overheads but no meaningful F1 gain
over 2 kHz, so we report only 2 kHz and 44 kHz in Figure 4 to
clearly illustrate the trade-offs. Additionally, we evaluate the per-
formance of EfficientMic on the LSTM architecture. LSTM achieves
a 25% higher F1-score in ESC-50 and a 21% lower F1-score in the
UrbanSound8K dataset. However, the memory consumption of an
LSTM architecture is higher than a CNN model. Thus, we report the
results of the CNN architecture. These results confirm that Efficient-
Mic balances classification performance with resource efficiency.
Differences in energy and storage impact across the two datasets
further reveal how frequency content distribution shapes aliasing
effects and system performance.

Different Algorithms for Aliasing Detection. Table 1 and Figure
5 compare EfficientMic’s aliasing detection module with different
machine learning models, including Decision Tree (DT), Random
Forest (RF), a dense neural network (DNN), a CNN with convolution
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and max pooling layers, and a two layer LSTM. Table 1 compares
both the feature representation and aliasing detection model per-
formance on an 80%-10%-10% train-validation-test framework at
frequencies greater than 8 kHz. The machine learning algorithm
chosen for EfficientMic is XGBoost as it outperforms all other mod-
els in terms of F1 score while maintaining low energy and latency.
EfficientMic consistently achieves better F1-Score for aliasing de-
tection across varying levels of aliasing in ESC-50, UrbanSound8k
(Urban), and MAVD datasets, with a minimal time overhead of 0.09
ms. Additionally, EfficientMic consumes less energy than DNN or
CNN models, though it uses slightly more energy than Decision
Tree and Random Forest on both the ESC-50 and UrbanSound8K
datasets. This demonstrates the system’s ability to achieve the best
accuracy without the highest energy consumption.

Time and Storage Overhead Analysis. We evaluate EfficientMic’s
time and storage overhead compared to other machine learning
models, including CNN, DNN, Decision Tree, and Random Forest.
As shown in Figure 5, EfficientMic achieves the lowest inference la-
tency (0.09-0.10 ms), outperforming Random Forest (0.28-0.33 ms),
CNN (0.49-0.59 ms), and DNN (1.15-1.16 ms). Including STFT com-
putation, the total latency remains under 20 ms, negligible relative
to the 1-second audio window. Figure 2 illustrates how EfficientMic
can minimize the duration of aliasing exposure. By reassessing
aliasing every 20 ms, EfficientMic reduces the period of degraded
recordings, improving downstream task performance. This allows
task-specific trade-offs: calling EfficientMic less frequently saves
power at the cost of more aliasing, while more frequent invocation
minimizes aliasing at higher energy expense. These results show
that EfficientMic achieves low latency and storage with minimal
accuracy loss, ideal for real-time embedded and IoT systems.

5 Conclusion

This paper presents the EfficientMic framework, a novel approach
for real-time aliasing detection in low-power embedded systems.
By dynamically adjusting the microphone’s sampling rate based on
real-time analysis, EfficientMic balances both energy consumption
and audio quality, addressing key challenges in resource-constrained
settings such as long-lived and energy-harvesting sensor systems.
Evaluations on the UrbanSound8K and ESC-50 datasets show
that EfficientMic significantly reduces storage and energy consump-
tion, with only a minimal F1-Score drop-as low as 0.7%, outperform-
ing traditional models. Since EfficientMic is designed for automated,
on-device aliasing detection, we focus on quantitative metrics like
accuracy, energy, and latency rather than STFT analysis. In the
future, we plan to explore the effect of highly accurate aliasing de-
tection on the quality of STFTs to determine the impact of aliasing
suppression. Overall, EfficientMic offers an efficient, low-latency
solution for real-time audio processing, making it well-suited for
deployment in embedded and power-sensitive environments.
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