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Abstract — The preservation of bee populations is essential for 
maintaining global ecological balance and agricultural 
productivity. Given that traditional hive monitoring techniques are 
invasive and labor-intensive, acoustic monitoring has emerged as a 
superior non-invasive alternative. This paper presents the 
development and field implementation of an autonomous system 
for bee sound acquisition and advanced signal characterization. 
The hardware architecture is based on a Raspberry Pi 4 platform 
integrated with high-precision micro-electro-mechanical systems 
(MEMS) microphones, specifically designed for continuous 
operation in natural, outdoor environments. The study details a 
robust digital signal processing pipeline, including multi-stage 
filtering, signal stabilization, and the extraction of critical acoustic 
features such as zero-crossing rate (ZCR), root mean square 
(RMS) energy, and mel-frequency cepstral coefficients (MFCC). 
By utilizing Mel-spectrograms and spectral analysis, the system 
provides a detailed time-frequency representation of the colony's 
acoustic signatures. The results demonstrate the effectiveness of 
the proposed acquisition protocol in isolating biological signals 
from environmental noise, establishing a reliable foundation for 
long-term acoustic surveillance and biodiversity monitoring in 
apiculture. 

Keywords — Bee sound acquisition, MEMS microphones, 
Raspberry Pi, Signal processing, Acoustic feature extraction, Audio 
analytics. 

I. INTRODUCTION

Bees represent one of the most important biological 
components of the global ecosystem, acting as primary agents of 
plant pollination [1, 2]. This natural process is a cornerstone of 
biodiversity and a key driver of agricultural productivity, directly 
influencing the yield and quality of most human food crops. 
Despite their ecological and economic importance, recent 
decades have seen a sharp and persistent decline in bee 
populations worldwide. This phenomenon, often linked to 
habitat loss, pesticide exposure, and climate change, poses a 
multifaceted threat, including reduced crop security and potential 
disruption of natural equilibria [3]. Consequently, the 
development of advanced methodologies for monitoring bee 
activity and colony health has shifted from a specialized 
apicultural interest to a global environmental priority [4–6]. 

In the context of modern apiculture and environmental 
science, the continuous surveillance of honeybee (Apis mellifera) 
colonies serves as a vital diagnostic tool, as these insects act as 

high-sensitivity bio-indicators of overall ecosystem health. 
However, traditional monitoring paradigms—which 
predominantly rely on manual, visual inspections of the hives 
[7]—are fraught with systemic limitations. Such methods are not 
only prohibitively labor-intensive and subjective, depending 
heavily on the experience of the beekeeper, but they are also 
fundamentally invasive. Frequent physical opening of the hives 
disrupts the carefully regulated thermal microclimate and the 
intricate social hierarchy of the colony, often causing significant 
stress to the bees and temporarily halting their foraging activities. 

To mitigate these drawbacks, the scientific community has 
witnessed a paradigm shift toward electronic bee-monitoring 
(EBM). Within this field, acoustic analysis has emerged as a 
particularly potent non-invasive technique [8, 9]. The acoustic 
emissions of a beehive constitute a complex, stochastic signal—
a "biological hum" composed of overlapping frequency 
components generated by synchronized wing beats, thoracic 
vibrations used for thermoregulation, and fanning activities 
meant to control hive humidity. This rich acoustic landscape 
provides a continuous stream of real-time data regarding the 
colony's internal state, including population density, the presence 
of a queen, swarming preparations, and general stress responses 
to external stimuli. 

However, the transition from laboratory-scale experiments to 
robust field-ready systems presents formidable technical 
challenges. Capturing high-fidelity audio in an uncontrolled, 
outdoor environment requires addressing a high degree of 
spectral interference [10]. Natural and anthropogenic noise 
sources, such as wind turbulence, heavy rainfall, and vehicular 
traffic, often overlap with the bees' primary frequency bands. 
Furthermore, field-deployed hardware must withstand extreme 
temperature fluctuations and maintain autonomous operation 
under stringent power constraints in remote apiary locations. 

This paper addresses these challenges by detailing the 
development and field-testing of a specialized system for high-
resolution bee sound acquisition and digital signal processing. 
The primary objective of this research is to establish a rigorous 
and replicable methodology for capturing biological acoustic 
data using state-of-the-art micro-electro-mechanical systems 
(MEMS) technology interfaced with a Raspberry Pi 4 platform. 
The following sections provide an in-depth analysis of the 
system’s hardware architecture, the strategic positioning of 
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acoustic sensors for optimal signal capture, and a comprehensive 
preprocessing pipeline designed to isolate relevant biological 
signatures from complex environmental backgrounds. By 
emphasizing the physical and mathematical rigor of the 
acquisition process, this study aims to provide a robust 
foundational framework for the long-term, non-invasive acoustic 
surveillance of bee populations, contributing to the broader goal 
of ecological preservation. 

II. STATE OF THE ART 
The field of acoustic monitoring in apiculture has undergone 

a significant evolution since its early development in the mid-
twentieth century. Initial studies focused on the observation and 
interpretation of hive sounds associated with specific colony 
behaviors, including swarming and communication processes, 
relying primarily on relatively simple recording equipment and 
qualitative analysis of acoustic signals [11, 12]. Although these 
pioneering efforts demonstrated the potential of sound as an 
indicator of colony status, they lacked the objective analytical 
tools required for systematic and large-scale monitoring. The 
emergence of digital signal processing (DSP) techniques enabled 
the application of spectral analysis methods, such as Fourier 
transforms and power spectral density estimation, providing a 
more quantitative characterization of hive acoustics and 
facilitating the identification of behavior-related acoustic 
patterns [8]. Subsequent advances in sensing, data acquisition, 
and embedded computing technologies further expanded the 
capabilities of acoustic monitoring systems, although practical 
challenges related to long-term autonomous operation, data 
management, power consumption, and field deployment 
remained important considerations [13, 14]. 

In recent years, the emergence of MEMS technology has 
revolutionized the landscape of bioacoustic data collection. 
Modern MEMS microphones, such as the digital sensors 
integrated into this study, provide a superior alternative to 
traditional electret condenser microphones. These 
semiconductor-based sensors offer distinct advantages, 
including significantly smaller physical footprints, enhanced 
signal-to-noise ratio (SNR), and high sensitivity with low power 
consumption. Furthermore, their inherent resistance to 
mechanical vibrations and electromagnetic interference makes 
them ideal for integration into compact, weather-resistant 
enclosures designed for the rigors of an apiary environment. The 
ability to deploy multi-microphone arrays using MEMS 
technology allows for more nuanced spatial filtering and the 
capture of localized acoustic events within the hive structure. 

Contemporary research in acoustic monitoring of honeybee 
colonies increasingly focuses on the reliable acquisition and 
analysis of biologically relevant sound patterns under real-world 
operating conditions. Although the dominant acoustic 
components generated by honeybee activity are concentrated in 
the low-frequency range, typically associated with wingbeat 
vibrations and collective colony behavior, accurate 
characterization of these signals requires sensors with adequate 
sensitivity, low self-noise, and stable performance over extended 
monitoring periods. Consequently, recent developments have 
emphasized robust sensing platforms, efficient data acquisition 
systems, and automated signal-processing techniques capable of 
extracting meaningful information from long-term recordings 
acquired in complex and often noisy apiary environments. 

Parallel to sensor evolution, the emergence of low-cost, high-
performance single-board computers (SBCs), such as the 
Raspberry Pi platform, has enabled a transition from periodic 
measurements to continuous monitoring systems. Modern 
precision-beekeeping solutions increasingly adopt edge-
processing approaches, where tasks such as signal conditioning 
and feature extraction are performed locally, reducing 
communication requirements and enabling near real-time 
analysis [7]. Building on these developments, this work 
optimizes the acquisition chain for the characteristic acoustic 
signature of Apis mellifera, aiming to ensure reliable operation 
under the challenging environmental conditions of outdoor 
apiaries. 

III. METHODOLOGY 
The methodology of this research is divided into hardware 

integration, field deployment strategy, and a multi-stage digital 
signal processing pipeline. 

A. Data Acquisition and Hardware Configuration 
The core of the acquisition system is the Raspberry Pi 4 

Model B, chosen for its robust processing capabilities and 
extensive general-purpose input/output (GPIO) support. To 
interface with the acoustic environment, the Infineon Audio 
Nano Hub equipped with two XENSIV™ MEMS microphones 
was employed. These sensors were selected for their high 
acoustic overload point and flat frequency response across the 
frequency range relevant to bee monitoring. To ensure stable 
operation under field conditions, a dedicated voltage regulator 
was integrated to manage power distribution from external 
batteries, preventing voltage drops that could introduce noise 
into the audio path. The hardware was housed in two 
interconnected custom-designed, weather-resistant enclosures, 
as shown in Fig. 1. The microphones were strategically 
positioned and shielded with high-density acoustic foam to 
minimize wind-induced turbulence and protect the sensitive 
diaphragms from debris and moisture. The external view of the 
acquisition system in a natural blooming plant environment 
during the recording campaign is presented in Fig. 2. 

  
Fig. 1. Internal view of the protective enclosures: Infineon Audio Nano Hub 

with two MEMS microphones (left) and Raspberry Pi 4 Model B together with 
the dedicated voltage regulator module (right). 

The acquisition software was developed in Python, utilizing 
high-level libraries for audio stream management. The system 
follows a systematic sampling protocol: 
- Sampling frequency: Set at 44.1 kHz to satisfy the Nyquist-
Shannon sampling theorem for the entire audible range and to 
allow for high-resolution analysis of upper harmonics. 
- Recording intervals: The system captures 25-second audio 
bursts every 120 seconds. This duty cycle was chosen to balance 
the need for temporal resolution with storage constraints and 
power consumption. 
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- Active monitoring window: To focus on biological activity, the 
system operates between 05:00 and 21:00, covering the entire 
diurnal cycle of the colony. 

 

 
Fig. 2. External view of the acquisition system in a natural blooming plant 

environment during the recording campaign: (top) Infineon Audio Nano Hub 
with dual MEMS microphones shielded by acoustic foam; (bottom) Raspberry 

Pi 4 Model B with the voltage regulator module. 

B. Signal Preprocessing and Noise Mitigation Strategies 
Raw acoustic data acquired in uncontrolled outdoor 

environments are inherently susceptible to various forms of 
background interference, which can obscure the subtle frequency 
components of bee-generated sounds. To address this, a 
preprocessing pipeline was established to ensure data integrity 
and improve the SNR. One of the initial steps involved the 
application of a stabilization period, in which the first five 
seconds of each 25-second recording were systematically 
discarded. This procedure eliminated transient artifacts and 
electronic “pops” occurring during initialization of the MEMS 
sensors and stabilization of the automatic gain control (AGC) 
mechanism. By removing these initial transients, the system 
ensured that only stable, high-fidelity audio signals were 
forwarded to subsequent analysis stages. 

Following stabilization, the signal was subjected to digital 
filtering to isolate the frequency range of interest. A 4th-order 
Butterworth band-pass filter was implemented with a pass-band 
of 100 Hz to 600 Hz. This range was selected based on the 
fundamental wingbeat frequencies and their harmonics for Apis 
mellifera. The filter attenuated low-frequency environmental 
rumble caused by wind turbulence as well as high-frequency 
noise originating from electronic interference and other 
biological sources. Although this filtering approach is available 
within the processing pipeline, it was not employed for the 
analyses reported in this paper. Finally, to reduce the effect of 
varying distances between bees and the microphone array, a 
normalization step was applied. The signal was scaled to a 
consistent root mean square (RMS) level, ensuring that 
subsequent feature extraction remained invariant to variations in 
sound pressure level and providing a uniform baseline for 
acoustic analysis. 

C. Acoustic Feature Extraction and Characterization 
To convert the raw one-dimensional audio time series into a 

format suitable for detailed characterization, a comprehensive set 
of acoustic features is extracted. The first category includes time-
domain features such as the zero-crossing rate (ZCR) and RMS 
energy. The ZCR is particularly useful for capturing signal 
periodicity and helping to distinguish the harmonic “hum” of the 
colony from stochastic environmental noise. Simultaneously, 
RMS energy provides a quantitative measure of signal intensity 
over time, reflecting the overall level of activity within the hive. 
These temporal features offer a foundational understanding of 
signal complexity and energy distribution without requiring 
spectral transformation. 

Beyond temporal analysis, the system performs frequency-
domain characterization to identify the spectral fingerprint of bee 
activity. Key features such as the spectral centroid and spectral 
rolloff are computed. The spectral centroid represents the “center 
of mass” of the spectrum and provides an estimate of the 
dominant frequency, while spectral rolloff characterizes the 
bandwidth of the signal. In addition, 13 Mel-frequency cepstral 
coefficients (MFCCs) are extracted. These coefficients describe 
the short-term power spectrum on the mel scale, which 
approximates human auditory perception of pitch. MFCCs are 
widely used in bioacoustics as they capture subtle variations in 
acoustic patterns, enabling discrimination between different 
colony states and behaviors. 

The final stage of the methodology involves generating time–
frequency representations using the short-time Fourier transform 
(STFT). By producing high-resolution mel-spectrograms, the 
system constructs a two-dimensional representation of the signal, 
where the x-axis denotes time, the y-axis represents frequency on 
the mel scale, and amplitude is encoded by color intensity. These 
spectrograms are essential for visualizing temporal evolution of 
hive acoustics over longer periods and for identifying patterns 
not apparent in the raw waveform. This multi-layered feature 
extraction approach—combining temporal, spectral, and cepstral 
information—provides a robust and comprehensive 
representation of the acoustic environment of the colony. 

IV. ANALYSIS OF THE RECORDED BEE SOUNDS 
To provide an initial assessment of the acoustic 

characteristics relevant for bee-sound recognition, the recorded 
audio signals were analyzed in the time, spectral, and feature 
domains. For this purpose, two representative 10 s audio files 
were constructed from the normalized recordings. The first file 
representing the composite bee sound contains two consecutive 
5 s segments corresponding to recordings with many bees and 
few bees, respectively. The second file representing the 
composite non-bee sound consists of three consecutive segments 
of equal duration (10/3 s), where the first segment corresponds 
to complex background environmental noise comprising bird 
vocalizations, chicken sound, and a passing vehicle, the second 
segment corresponds to a grasshopper sound, and the third 
segment corresponds to a relatively quiet natural environment. 
The use of these merged signals enables a compact comparison 
of characteristic properties of bee-related and non-bee sounds. 
The following analysis examines these signals in the time 
domain through waveform inspection, in the frequency domain 
through spectral analysis, and in the feature domain using 
selected audio descriptors. 
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Figure 3 presents the time-domain waveforms of the 
composite bee and non-bee recordings. The bee-related signal 
shown in Fig. 3.a) exhibits a continuous and relatively stationary 
acoustic pattern throughout the entire 10 s interval. The segment 
containing many bees is characterized by larger amplitudes and 
a denser waveform structure than the segment containing few 
bees, reflecting the higher level of collective insect activity. 
Nevertheless, both segments preserve the characteristic 
continuous hum associated with bee presence. 

The non-bee recording in Fig. 3.b) exhibits substantially 
different temporal behavior. The first segment, containing bird 
vocalizations, chicken sounds, and a passing vehicle, is 
dominated by pronounced transient events and large amplitude 
variations. The grasshopper segment displays a more repetitive 
temporal structure, while the quiet environmental segment 
contains only weak fluctuations and the lowest overall signal 
activity. Compared with the bee recordings, the non-bee sounds 
are generally more irregular and non-stationary, with periods of 
abrupt amplitude changes or reduced activity. These 
observations suggest that temporal characteristics may 
contribute to distinguishing bee-generated sounds from 
environmental background noise, although a more reliable 
separation requires analysis in the spectral and feature domains. 

 
Fig. 3. Time-domain waveforms of (a) bee-related and (b) non-bee signals. 
Vertical dashed lines indicate segment boundaries, while red labels mark the 

corresponding acoustic events. 

The spectrum of the bee-related signal shown in Fig. 4.a) is 
characterized by a pronounced concentration of spectral energy 
in the low-frequency region, corresponding to the characteristic 
wingbeat activity of bees and its harmonics. The segment 
containing many bees exhibits higher spectral amplitudes across 
the dominant frequency range than the segment containing few 
bees, indicating a stronger collective acoustic contribution. Clear 
peaks can be observed at the fundamental and harmonic 
frequencies (approximately 200 Hz, 400 Hz, and 600 Hz) in the 
spectrum of the many-bees segment, whereas these peaks are less 

pronounced and shifted toward lower frequencies in the few-bees 
segment. Despite these differences, both bee segments display 
similar spectral shapes, suggesting that the sound-generation 
mechanisms remain the same regardless of bee density. 

 
Fig. 4. Magnitude spectra of the composite audio signals: (a) recordings 

containing many and few bees, and (b) recordings containing three 
environmental background noise segments. 

The mel spectrogram of the bee-related recording shown in 
Fig. 5.a) shows a continuous concentration of energy within the 
lower mel-frequency bands throughout the entire observation 
interval. The segment containing many bees is characterized by 
stronger and more persistent spectral energy, while the segment 
containing few bees exhibits a similar time-frequency structure 
but with reduced intensity. Despite the difference in activity 
level, both bee segments display stable spectral patterns over 
time, reflecting the continuous nature of bee-generated sound. 

In contrast, the non-bee recording shown in Fig. 5.b) exhibits 
substantially greater temporal and spectral variability. The first 
noise segment (birds, chicken, and passing vehicle) contains 
intermittent high-energy events distributed across a wide 
frequency range. The second segment (grasshopper sound) is 
characterized by repetitive time-localized energy concentrations, 
whereas the quiet environmental segment contains only weak 
and sparsely distributed spectral components. Compared with the 
bee recordings, the non-bee sounds exhibit less stable and more 
fragmented time-frequency structures. In contrast, bee-generated 
sounds form persistent low-frequency energy bands that remain 
relatively unchanged over time. 

The first 13 MFCCs of the bee-related recording shown in 
Fig. 6.a) exhibits relatively stable coefficient trajectories over 
time, reflecting the stationary and repetitive nature of collective 
bee-generated sound. The segment containing many bees 
generally produces MFCC patterns of larger magnitude and 
stronger temporal consistency than the segment containing few 
bees, indicating a more pronounced acoustic signature. 
Nevertheless, both bee segments exhibit similar coefficient 
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distributions, with MFCC 1 showing the largest magnitude, 
suggesting that they originate from the same underlying sound-
generation process. 

 
Fig. 5. Mel spectrograms of the composite audio signals: (a) recordings 

containing many and few bees, and (b) recordings containing three 
environmental background noise segments. 

 
Fig. 6. First 13 MFCCs of the composite audio signals: (a) recordings 

containing many and few bees, and (b) recordings containing three 
environmental background noise segments. 

The MFCC representation of the non-bee recording shown in 
Fig. 6.b) exhibits considerably greater variability among the 
three environmental sound segments. The first segment (birds, 
chicken, and passing vehicle) is characterized by rapid changes 
in multiple coefficients, reflecting the complex and non-
stationary nature of the acoustic scene. The second segment 
(grasshopper) exhibits a more regular coefficient structure, while 
the quiet environmental segment contains lower coefficient 
magnitudes and reduced temporal variation. Compared with the 
bee recordings, the non-bee sounds produce more diverse and 
less consistent MFCC patterns. 

The bee-related signal exhibits relatively stable ZCR values 
across both segments, with only moderate variations between the 
many-bees and few-bees conditions, see Fig. 7. The many-bees 
segment generally produces slightly higher ZCR values, 
reflecting the increased complexity associated with a larger 
number of simultaneously active insects. In contrast, the non-bee 
recording shows greater variability among its three segments. 
The first noise segment is characterized by pronounced ZCR 
fluctuations caused by diverse transient acoustic events. The 
grasshopper segment exhibits the highest ZCR values, while the 
quiet environmental segment maintains ZCR values between 
those of segments one and three. Overall, the bee recordings 
exhibit a more consistent temporal structure of ZCR, whereas the 
environmental sounds show greater variability at both intra-
segment and inter-segment levels. 

 
Fig. 7. ZCR of the composite audio signals, showing bee-related sound 

(black) and non-bee environmental background sound (blue); the individual 
segments are separated by vertical lines in the corresponding colors. 

The bee-related signal is characterized by consistently low 
spectral flatness values, indicating a spectrum dominated by 
structured tonal components associated with bee wingbeat 
activity and its harmonics. The many-bees and few-bees 
segments exhibit only slight differences in magnitude, where the 
many-bees segment shows stronger fluctuations in spectral 
flatness. Segments one and two of the non-bee recording also 
exhibit low spectral flatness values, while segment three shows 
higher flatness. The spectral flatness curve of the first segments 
remains relatively stable despite complex and non-stationary 
acoustic content and a repetitive yet spectrally broader sound 
structure, which contrasts with the third segment, which shows 
noticeable fluctuations. The observed differences indicate that 
bee-generated sounds are more spectrally organized and tonal, 
whereas environmental sounds tend to exhibit a more noise-like 
spectral distribution. 
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Fig. 8. Spectral flatness of the composite audio signals: recordings containing 

many and few bees (black) and recordings containing three environmental 
background noise segments (blue). 

The bee-related recording is characterized by relatively low 
spectral centroid values, reflecting the concentration of acoustic 
energy in the low-frequency region associated with bee wingbeat 
activity (Fig. 9). The spectral centroid curve is similar in shape 
to the spectral flatness and ZCR curves, which is an interesting 
observation. On the other hand, the composite spectral centroid 
structure of the non-bee recording is not similar to the composite 
spectral flatness structure, but is similar to the composite ZCR 
structure. The presented spectral features demonstrate that bee-
generated sounds possess a characteristic low-frequency spectral 
concentration, whereas environmental sounds tend to contain 
stronger high-frequency components. 

 
Fig. 9. Spectral centroid of the composite audio signals: recordings 

containing many and few bees (black) and recordings containing three 
environmental background noise segments (blue). 

V. CONCLUSIONS 
This paper presented the development and field deployment 

of an autonomous system for bee sound acquisition in a natural 
outdoor environment. The proposed platform combines a 
Raspberry Pi 4 with dual MEMS microphones and a dedicated 
signal-processing pipeline including signal stabilization, band-
pass filtering, normalization, and acoustic feature extraction. The 
system enabled reliable acquisition of bee-generated sounds 
under realistic environmental conditions while maintaining low 
complexity, low power consumption, and suitability for long-
term monitoring applications. 

The analysis of representative bee and non-bee recordings 
demonstrated clear differences in their temporal, spectral, and 

cepstral characteristics. Bee-related sounds exhibited continuous 
and relatively stationary waveforms, a pronounced concentration 
of spectral energy in the low-frequency region, stable time-
frequency patterns in mel spectrograms, and distinctive MFCC 
representations. In contrast, environmental sounds produced 
more irregular temporal behavior, broader spectral distributions, 
and greater variability in both time-frequency and feature 
domains. Furthermore, the extracted descriptors, including ZCR, 
spectral flatness, and spectral centroid, showed promising 
capability for distinguishing bee activity from background 
environmental noise. 
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