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A Machine Learning Approach for Queen Bee
Detection Through Remote Audio Sensing

to Safeguard Honeybee Colonies
Luca Barbisan, Student Member, IEEE, Giovanna Turvani , and Fabrizio Riente , Member, IEEE

Abstract—Honeybees play a pivotal role in maintaining global
ecosystems and agricultural productivity through their indispens-
able contribution to crop pollination. However, the alarming rise in
honeybee mortality, attributed to various stress factors including
climate change, has highlighted the urgency of implementing effec-
tive monitoring strategies. Remote sensing of beehives emerges as a
promising solution, with a focus on understanding and mitigating
the impacts of these stressors. Differently from other approaches
proposed in the literature, this study specifically explores the poten-
tial of lightweight machine learning models and the extraction of
compressed feature to enable future deployment on microcontroller
devices. The experimentation involves the application of support
vector machines and neural network classifiers, considering the
influence of variable audio chunk durations, the utilization of
different hyperparameters and combining the audio recorded in
several hives and available in different datasets.

Index Terms—Bee monitoring, edge computing, environmental
monitoring, machine learning.

I. INTRODUCTION

PRESERVING global biodiversity is one of the current chal-
lenges of the current era. Several studies have highlighted a

decline in insects on both local and global scales [1], all of these
are important for maintaining a balanced ecosystem. Among
them, honeybees stand out as crucial contributors in global
agricultural production, pollinating approximately 70 out of the
nearly 100 crop species that contribute to 90% of the world’s
food supply.

Unfortunately, a significant increase in colony losses has been
reported worldwide in recent years, mainly attributed to the phe-
nomenon known as “colony collapse disorder’ [2]. Factors, such
as climate change, intensive agriculture, land-use alterations,
pesticides, biodiversity decline, Varroa mites, and pollution, are
identified as the primary causes of global bee mortality. This
decline in honeybee health has prompted a growing demand
among beekeepers and researchers for innovative methods to
monitor colony health effectively.

Different factors can be monitored to detect possible problems
that affect the health of a beehive [3]. Some studies focused
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on the detection of swarm activities using a combination of
weight sensors and microphones [4] or accelerometers [5], [6]
and analyzing the signals by means of the short time Fourier
transform (STFT) to extract different information. Qandour
et al. [7] were able to identify the presence of the Varroa mite
inside the hive using recorded sound from inside the colony
and extracting different characteristics of the frequency domain,
such as the peak frequency, the spectral centroid, the bandwidth,
and the frequency of root variance.

Most of the proposed approaches are equipped with multiple
sensors to collect hive parameters, such as temperature, humid-
ity, carbon dioxide, and weight [8], [9], [10], [11], [12], but
also methods that adopt computer vision for tracking bees at
hive entrances demonstrate a good alternative for bee activity
monitoring [13], [14]. However, the sound analysis alone has
proven to be very effective in detecting various hive events,
such as swarming [15], [16] or the presence and absence of
a queen [17]. The presence of the queen bee is a fundamental
condition for the survival of the hive [18], the queen is the only
fertile female, in the event she dies, the hive would not have any
chance of survival. It is important to identify as soon as possible
the absence of the queen bee and inform the beekeeper about this
event, then he can act to add another queen bee into the hive.

The Internet of Things (IoTs) systems can be a viable solution,
they are networks of interconnected devices that communi-
cate and share data over the internet. In the context of audio
signal collection, IoT technologies enable the deployment of
smart sensor systems. These include wireless sensor networks
(WSNs) that allows to cover wide areas, smart microphones for
local audio processing, edge computing for latency reduction,
cloud integration for data storage and analysis, and machine
learning that enables advanced audio analytics. Together, these
technologies enhance efficiency and enable various applications,
such as remote monitoring and surveillance. Concerning the
energy usage and the implications of deploying these systems
within a beehive, it is crucial to deploy a device that does not
introduce stressors to the hive’s natural conditions and does not
demand frequent human intervention, such as battery replace-
ments. While certain studies investigate embedded systems with
long range communication protocols, some of these approaches
may demand considerable computational power and could ne-
cessitate modifications to the beehive [8], [13], [14], [19]. This
renders them impractical for real-world applications. Recent
studies highlight sound analysis as a promising and noninvasive
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Fig. 1. Data flow diagram of the system used in this work to perform all the experiments, it includes the merge of two datasets. The results of the experiments
are trained models and a text file that reports the model statistics and the final test results.

technique that incorporates environmental sensors and micro-
phones, while remaining energy-efficient and capable of running
AI models efficiently [20], considering the various sounds bees
produce for communication through vibroacoustic signals [18]
and using machine learning techniques to automatically identify
the different beehive conditions [12].

Previous solutions have employed convolutional neural net-
works (NNs) and support vector machines (SVMs) for classi-
fying queen presence from audio recordings and using spec-
trograms extracted from the audio signals as input for these
classifiers [21], [22]. Nevertheless, these networks typically
exhibit high complexity, rendering them impractical for battery-
powered devices.

This study extends existing research presented in [23] by
examining the performance of NNs and SVMs classifiers, in-
troducing variations in model complexity to enhance the detec-
tion of queen presence and extracting features with a reduced
number of values. Notably, the focus is solely on utilizing audio
information and features derived from it, a deliberate choice
aimed at maintaining algorithmic simplicity. This strategy min-
imizes network input requirements, ultimately considering the
computation resources of potential IoT systems based on a
microcontroller unit.

In addition, this research combines the dataset introduced
in [24] with the dataset from [4]. This combination results in
a more comprehensive understanding of the study. This article
not only enriches the capabilities of the framework presented
in [25], but also offers the possibility of integrating multiple
heterogeneous datasets. This innovative approach enhances the
available data, providing a more accurate estimate of the trained
models’ performance and gives flexibility in the design space
exploration for a future deployment of the model in IoT devices.

II. METHODOLOGY

The proposed approach relies on using exclusively audio
signals captured within the beehive. This noninvasive solution
enables continuous monitoring of the beehive, without disturb-
ing the bees or altering their natural behavior. It can provide
valuable information for beekeepers, researchers, or conser-
vationists, helping them make informed decisions about hive

management, health assessments, or interventions if necessary.
The sound level amplitude and frequency depend on the colony
activity and health state. Flying bees produce a typical sound
with an approximate frequency of 250 Hz, worker bees produce
a characteristic frequency that lies between 225 and 285 Hz to
cool the hive with ventilation, and the frequency can reach up to
3000 Hz as a defensive reaction to potential outside threats to the
colony [26], [27]. However, if the queen is missing in the beehive
the bees produce a sound that contains harmonics with lower
frequencies [28]. Fig. 1 reports the schematic representation of
the methodology adopted in this study, details of all steps will
be given in the following sections.

A. Datasets

In order to train and compare the different algorithms, the
following two datasets are used. This allows to increase the
overall amount of available data and provides additional insights
into how well the models can adapt to various beehives. Having a
larger dataset also has another advantage because it helps prevent
the issue of overfitting while training complex machine learning
models.

1) Dataset 1: This dataset [4] comprises 7100 audio and
environmental data recordings from European honey bee hives
in California. Each file represents a 60 s audio clip recorded at
22 050 Hz with a 32-bit floating-point depth for a single chan-
nel. Besides the audio data, each sample includes information
about the internal condition of the beehive and the prevailing
weather conditions. For our study, we specifically utilized the
recorded audio (after removing saturation artifacts) and the label
indicating the presence of the queen.

2) Dataset 2: This dataset was created as part of the work
in [29]. The data made available in [24] is a selection of record-
ings acquired through the NU-Hive project [30] whose main
objective is to develop a beehive monitoring system capable
of identifying and predict certain events and states of the hive
that are of interest to the beekeeper. The dataset consists of
recordings from two hives, captured in two distinct states: a
“Queen Missing” hive, where the queen bee is absent, and
a “Normal” hive, where no abnormal activities are observed.
Each hive has a recording for each state, with each audio clip
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Fig. 2. Step for extracting the MFCC from the chunk audio file, and then compressed into a single dimension vector computing the average value. Finally the
machine learning model will use them to predict the presence of the queen bee.

TABLE I
DATASET AUGMENTED SIZES WITH HOP SIZE OF 5 S AND DIFFERENT CHUNK

LENGTHS

lasting approximately 10 min. In total, there are 576 audio files,
half labeled as “Missing Queen” and the other half as “Normal
Beehive.” These recordings represent the activities of the two
hives over two distinct days.

B. Audio Chunk Split

Despite utilizing two datasets with a substantial amount of
data, this study incorporates a data augmentation technique to
expand the number of input samples. This involves breaking
down audio files into smaller segments. Adjusting the hop size,
which represents the space between the start of consecutive
chunks within the original audio, it is possible to increase the
number of chunks. This technique is described in [31] with
the name “time slicing window” and can be found in other
works [32] with similar names like “TimeShiftRange” and
“RandXTranslation.” We subsequently evaluate the impact on
the results by exploring various chunk sizes: 0.5, 1, 3, and 5
s, while maintaining the same number of chunks and avoiding
overlap. To attain this objective, a hop size of 5 s was utilized,
leading to varying numbers of samples as detailed in Table I. The
inconsistency in the count of resulting segments arises from the
consideration of only complete chunks, with no employment of
padding techniques to ensure uniform length across all audio
files.

C. Feature Extraction

Using raw audio data for sound classification is not conve-
nient due to its high dimensionality, leading to computational
challenges and increased processing costs. Raw waveforms may

not directly capture relevant features for classification, requiring
sophisticated feature extraction techniques. In addition, raw
audio is susceptible to environmental noise, making models
sensitive and less robust. To address these issues, different
preprocessing techniques are commonly employed to enhance
model efficiency and performance by providing more compact
and informative representations of the audio signals. In this
study are compared two types of features: mel-frequency cep-
stral coefficients (MFCC) and the STFT spectrograms. These
preprocessing techniques are used to produce the input vector
used by the machine learning model as shown in Fig. 2.

Mel-Frequency cepstral coefficients: The first method is a
widely-used technique for acoustic-applications [33], in partic-
ular, to capture relevant characteristics of the human auditory
system by transforming the audio signal into a compact represen-
tation with a user-defined number, denoted as n, of coefficients.
Results were compared across varying n values from 10 to 50.
By extracting a relatively small number of coefficients, MFCCs
reduce the dimensionality of the feature space while retaining
essential information about the audio signal. This is crucial for
efficient processing and classification. The MFCC extraction is
done on each audio chunk of the dataset, this process is explained
by the following sequence of steps necessary to obtain the MFCC
coefficients vector.

1) Division of the audio into windows of 2048 audio samples
with partial overlap, using a hop length of 512 samples.

2) Application of the Hann windowing function to smooth
the signal at the window edges.

3) Use of discrete Fourier transform (DFT) to convert the
signal to the frequency domain.

4) Application of the mel filterbank set of triangular filters,
evenly spaced on the Mel scale.

5) Application of discrete cosine transform to obtain coeffi-
cients for each window.

6) Computation of the mean value for each coefficient across
all windows, resulting in the n features that will be used
as input for the classifiers.

Short Time Fourier Transform: The second method uses only
the Fourier transform as explained in [34], to obtain a reduced
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amount of coefficients but reducing the necessary steps and
computational complexity with respect to the MFCC as follows.

1) Division of the audio into windows ranging from 256 to
4096 audio samples without overlapping.

2) Application of the Hann windowing function for signal
smoothing at the window edges.

3) Application of DFT to each window for signal frequency
domain conversion.

4) Computation of the magnitude of the spectrogram.
5) Calculation of the mean value for each frequency bin

across all chunk duration. This step results in a number of
input values for the classifier that depends on the window
size nbins =

m
2 + 1, where m represents the window size.

D. Classifiers

In this study, we conducted a comparison between two dis-
tinct classifiers for the binary classification task: one is a NN
implemented through the Keras library [35], and the other is a
SVM implemented using the scikit-learn (sklearn) library [36].
We focused on these two algorithms without considering convo-
lutional networks that are used in other works [21], [29] because
our intention is to keep the complexity of these algorithms low,
with the aim of deploying them in microcontroller systems with
low hardware resources.

1) NN Classifier: Represents a powerful and adaptable ma-
chine learning model with the capability to identify intricate
patterns in data. The presented approach involved constructing
a multilayer perceptron architecture with fully connected lay-
ers. There are two hidden layers, the first with eight neurons
and the second with four neurons. This architecture is used in
all the experiments except for the one in which different NN
sizes are compared (Section III-B). Each node is implemented
with rectified linear unit (ReLU) activation function, while the
output layers employ a sigmoid function. The final step involved
converting the output to a binary value using a threshold of 0.5.
During the training process, we implemented early stopping with
a patience of 5 to prevent overfitting and identify the optimal
number of epochs necessary for the training.

2) SVM Classifier: It is a widely adopted and powerful su-
pervised learning algorithm designed for classification tasks. Its
functionality involves identifying an optimal hyperplane that
maximizes the separation between data points associated with
distinct classes. In our implementation of SVM, we employed
the sklearn library [36], which offers a robust set of tools for
machine learning in Python. During our experimentation, we
specifically worked with the radial basis function kernel function
and fine-tuned the C parameter for optimal performance.

These classifier parameters are chosen in order to replicate
the architecture used in [29], but reducing the complexity of the
models removing the convolution layers and scaling down the
architecture size and obtaining a lighter model.

E. Evaluation Metrics

At the end of each experiment, obtaining a set of parameters
is crucial to compare different characteristics and provide a
good estimation of which model performs better in detecting

the presence of the queen bee. In particular, this work adopts
the technique of crossvalidation by dividing the training set into
tenfolds. The metrics extracted include both the mean value and
the standard deviation, which are extracted across ten models.
These models are trained with nine folds and tested with the
remaining fold, with a variation in the selected folders for
each iteration. The metrics presented are the most common and
widely used for binary classifiers considering true positive (TP)
and true negative (TN) the correctly predicted values that can be
positive (queen presence) or negative (queen absence), and the
false positive (FP) and false negative (FN) the wrong predicted
samples as follows.

1) Precision [positive predicted value (PPV)]: It is the ratio
of correctly predicted positive observations to the total
predicted positives. It provides insights into the accuracy
of positive predictions

PPV =
TP

TP + FP
. (1)

2) Recall [true positive rate (TPR)]: It is the ratio of correctly
predicted positive observations to the total actual positives.
It assesses the ability of the model to capture all the
relevant instances

TPR =
TP

TP + FN
. (2)

3) Accuracy: Measures the overall correctness of the classifi-
cation model. It is the ratio of correctly predicted instances
to the total instances

ACC =
TP + TN

TP + FN + FP + TN
. (3)

4) F1 score: The F1 score is the harmonic mean of precision
and recall. It provides a balance between precision and
recall, considering both FP and FN

F1score =
2 · TP

2 · TP + FP + FN
. (4)

5) Receiver operating characteristic area under the curve
(ROC AUC): ROC AUC represents the area under the
ROC curve, which is a plot of the TRP against the FP
rate. It evaluates the model’s ability to distinguish between
classes.

6) Confusion matrix: Provides a detailed breakdown of TP,
TN, FP, and FN predictions. It is especially useful for
understanding the model’s performance on the final test.

By evaluating these metrics, it becomes possible to com-
prehensively assess the classification performance of different
models, considering various aspects. The use of cross-validation
ensures a robust evaluation, and reporting both mean values and
standard deviations adds a measure of the stability of the model’s
performance across different folds.

F. Framework Improvements

In this work, we enriched our Python framework introduced
in [25]. Specifically, we integrated the possibility of manag-
ing additional datasets, and in particular the dataset presented
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Fig. 3. Diagram with the step sequence followed during the experiments, each of these have different configuration parameters that can be set in a configuration
file in order to automatize the process of producing the following results.

TABLE II
NN ARCHITECTURE

in [29], named dataset 2. This dataset presents a different sub-
folders organization with respect to dataset 1 [4] that was already
available. Subsequently, we have incorporated the ability to
amalgamate extracted features from diverse datasets and store
them in distinct folders. This facilitates the efficient reuse of
data for conducting multiple experiments on audio chunks with
identical settings, preventing the need to re-extract features that
are already available. The complete dataflow is shown in Fig. 1,
where it is visible that the features are merged only after the
extraction from the relative dataset, and following operations
are performed as they would be done for a single dataset.

III. RESULTS

A. Experiment Setup

All the experiments execute the complete sequences of steps
described in Fig. 3. Starting from a base configuration, each
group of experiments explored the effect of different settings on
the classification performances of the model. The base configu-
ration has the following settings.

1) Audio chunk split: Length of 5 s with a hop size of 5 s, so
they are contiguous without overlapping.

2) Feature extraction: For each experiment two types of
audio features are extracted: MFCC with 20 coefficients
and STFT with a window size of 1024 samples.

3) Training/test data split: Training data are 80% and the
remaining 20% are used for the final test.

4) K-fold cross-validation: It is performed dividing the train-
ing set into 10 folders.

5) Classifiers: The NN has two fully connected inner layers
with an architecture resumed in Table II, and the SVM is
trained with the C parameter set to one.

B. NN Size Influence

In the subsequent set of experiments, we explored the impact
of varying the NN size by adjusting the number of layers from 1

Fig. 4. Cross-validation and final test results changing the number of layers
and the number of nodes in the NN using the MFCC features. On the left the
F1-score using only dataset 1 and on the right combining dataset 1 and dataset 2.
In these figures is reported the mean value± the standard deviation and, between
parenthesis, the final test.

Fig. 5. Cross-validation and final test results changing the number of layers
and the number of nodes in the NN using the STFT features. On the left the
F1-score using only dataset 1 and on the right combining dataset 1 and dataset
2. In these figures is reported the mean value ± the standard deviation and,
between parenthesis, the final test.

to 4 and modifying the number of neurons per layer within the
range of 2 to 8. The experiments were conducted separately using
MFCC features and STFT features. The findings, presented in
Figs. 4 and 5, align with the trend observed in the prior study [23],
indicating that larger networks tend to achieve higher F1-score.
It is important to note, however, that when utilizing combined
datasets, a slightly lower accuracy is observed compared to the
results obtained with individual datasets. The simplest network,
with four layers and two neurons, shows a reduction of the F1-
score of about 8% and 5% with MFCC and STFT, respectively.
However, the gap is reduced to 1% or lower values when at
least six neurons per layer are present. Colors in Figs. 4 and
5 are scaled to the same range to make them comparable. It is
possible to visually observe that STFT features better performed
over MFCC features in almost all cases, with exceptions for the
smallest networks.
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Fig. 6. Cross-validation and final test results changing the C parameter for
the SVM classifier. On the left using only dataset 1 and on the right combining
dataset 1 and dataset 2.

TABLE III
ACCURACY AND F1-SCORE OF SVM WITH DIFFERENT REGULARIZATION

FACTORS

Fig. 7. Crossvalidation and final test results changing the size of the chunks
but keeping the hop size constant. On the left using only dataset 1 and on the
right combining dataset 1 and dataset 2.

C. SVM Regularization Parameter Influence

The second set of experiments was conducted on the SVM by
changing the parameter C and applying this classifier first to the
MFCC features and then also to the STFT features. The use of
the two combined datasets in this case allows for higher accuracy
for the STFT features with larger values of C, as highlighted in
Fig. 6 and in Table III. On the other hand, for the MFCC features,
the accuracy remains very similar. One reason of the higher
accuracy in STFT case can be related to the SVM sensitivity and
its robustness to high-dimensional data [37]. The nature of the
STFT features, capturing detailed frequency information, might
align well with SVM’s sensitivity to the input space, resulting
in improved classification performance with increased C.

D. Audio Chunks Length Influence

In these experiments, the size of the audio chunks was varied,
from which both MFCC and STFT features were subsequently
extracted. Then, both NN and SVM models were trained with the
same inputs to generate the graphs in Fig. 7, and the numerical
results are reported in Tables IV and V. The observed trend
in accuracy, as previously documented in [23], regarding the
influence of chunk size is reaffirmed. This trend indicates that

TABLE IV
SVM ACCURACY AND F1-SCORE WITH DIFFERENT CHUNK SIZES

TABLE V
NN ACCURACY AND F1-SCORE WITH DIFFERENT CHUNK SIZES

Fig. 8. Cross-validation and final test results changing the number of extracted
MFCC. On the left using only dataset 1 and on the right combining dataset 1
and dataset 2.

longer audio segments contribute to improved results. How-
ever, it is crucial to acknowledge that longer audio chunks
also necessitate higher computational resources, a factor that
may pose challenges in low-power IoT systems where such
resources are not always readily available. It is noteworthy that
the results from the experiment involving 1-s chunks (AUC =
0.9876± 8.08E-04) surpass significantly the outcomes achieved
in [29], where MFCC_20 features and an SVM classifier were
employed, resulting in an AUC of approximately 0.91 using only
the dataset 2 [24].

E. Feature Resolution Influence

In the last group of experiments, the audio feature parameters
were modified affecting the size of the features extracted from
the audio files. This determines the number of inputs required
in the classifier model. The results obtained and represented in
Figs. 8 and 9 confirm the trend demonstrated in the previous
work [23], where features with a greater number of coefficients
benefit the classifier because they contain more details necessary
for achieving higher accuracy. This is visible also in Tables VI
and VII where the best accuracy is obtained with the higher res-
olution features. The downside is that higher number of features
require more complex classifiers, for example the number of
input nodes of the NN increases. This will require more memory
to store the classifier model but also increases the complexity of



242 IEEE TRANSACTIONS ON AGRIFOOD ELECTRONICS, VOL. 2, NO. 2, SEPTEMBER/OCTOBER 2024

Fig. 9. Crossvalidation and final test results changing the window size of the
STFT features. On the left using only dataset 1 and on the right combining
dataset 1 and dataset 2.

TABLE VI
ACCURACY AND F1-SCORE WITH NN AND DIFFERENT FEATURES

TABLE VII
ACCURACY AND F1-SCORE WITH SVM AND DIFFERENT FEATURES

the feature extraction that will require more time to be computed
and also more memory to store them temporarily during the
computation. So it is important to find a tradeoff between the
required accuracy of the predictions and the hardware resources
that can be very limited in case of IoT devices that in most of
the cases are microcontrollers powered by a small battery that
should last for months or years before the replacement.

IV. CONCLUSION

The results indicate that larger classifier models exhibit
greater accuracy in detecting the presence of the queen bee.
However, it is noteworthy that these models also demand more
computational resources making them less practical for IoT ap-
plications. In scenarios where edge computing on small battery-
powered devices is essential for extended operational periods,
smaller classifiers may be more suitable despite a potential
decrease in accuracy.

We can notice also the importance of having an extensive
number of datasets to generate models that are not specific to
a particular beehive but can adapt to others as well. In this
work, we observed that having data from different hives slightly
reduces accuracy but enhances generalization capabilities of
the classification models. The size of the audio files also has
a significant effect on the accuracy of the machine learning

models used. Here, it is necessary to find a compromise between
prediction accuracy and the memory space used to record the
audio, which also leads to an increased number of computations
needed to process and extract features.

Lastly, information compression into a reduced number of
values is essential. This allows for a reduction in the complexity
of the classifier model without losing too much information
and degrading performance excessively. Overall, the findings
demonstrated superior performance when employing STFT
compared to MFCC features. However, this improvement comes
at the expense of increased memory demands for storing such
data on a potential IoT device. This suggests the necessity for a
trade-off, coupled with the implementation of effective feature
selection techniques.

In summary, the research emphasizes the efficacy of audio-
based methods for detecting the queen bee in beehives. While
larger classifiers offer superior accuracy, their resource-intensive
nature poses challenges for IoT applications. Achieving a bal-
ance between accuracy and resource efficiency is crucial in these
contexts, making smaller classifiers more practical for prolonged
operational periods without sacrificing essential detection capa-
bilities.
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