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schedule, and may even result in some hives not being
inspected at the right time. This article presents a
system that monitors hives using

Abstract - Beekeeping is an essential activity for both
honey production and plant pollination. In Mexico,
beekeeping plays a significant role, as the country is
the ninth-largest honey producer worldwide. To keep
hives healthy and maintain high production levels,
constant monitoring is necessary. Traditionally, this
process involves manual inspections of the hive every
8 to 15 days to detect problems or diseases. As the
number of hives increases, manual monitoring
becomes inefficient, time-consuming, and logistically
complicated, with the risk that some hives may not be
inspected at the appropriate time. This article presents
a system that monitors beehives using Internet of
Things (IoT) technologies, integrating sensors that
track variables such as temperature, humidity, weight,
and audio signals from the hive with a pattern
recognition algorithm used to detect events of interest
to the beekeeper. The system also incorporates a
mobile app capable of displaying alerts and sensor
readings. The purpose of this project is to provide
beekeepers with real-time data on the condition of the
hive, as well as to support logistics and decision-
making.

Keywords: Beehives, IoT, Neural networks,
Monitoring system, Physical variables.

Abstract: Beekeeping activities are important not
only for honey production but also for pollinating
plants. In Mexico, it is a significant economic
activity, and the country ranks as the ninth-largest
honey producer in the world. To maintain the health
of the hives and ensure effective production, constant
monitoring is necessary. Traditionally, this process
involves manually inspecting hives every 8 to 15 days
to identify any problems or diseases. As the number
of hives increases, this type of monitoring becomes
inefficient, time-consuming, and more difficult to
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Internet of Things (IoT) technology for monitoring. It
integrates sensors that monitor variables such as hive
temperature, humidity, weight, and sound, along with
a pattern recognition algorithm to detect significant
events requiring the beekeeper’s attention. The
system includes a mobile app that displays alerts and
sensor data. The purpose of this project is to help
beekeepers obtain real-time data on the status of their
hives, thereby supporting their decision-making and
management.

Keywords: Beehives, IoT, Neural networks,
Monitoring system, Physical variables.

INTRODUCTION

Beekeeping is an economic activity focused on the
management of beehives and the maintenance of their
health, which requires the incorporation of technical
methodologies involving the proper handling of
queens, disease control, parasite elimination, and
production optimization [1]. Ensuring the health and
efficient production of beehives requires constant
monitoring through inspections conducted by the
beekeeper at intervals of 8 to 15 days, with the aim of
detecting anomalies and diseases [2].

In addition to their productive function, beehives
contribute to the pollination of surrounding
vegetation; this is significant as an economic activity,
since nearly 75% of food crops depend on the
pollinating activity of bees [3].

Currently, there are technological solutions focused
on monitoring beehives through the use of Internet of
Things (IoT) systems. The primary focus of these
systems is monitoring physical parameters such as
temperature, humidity, and weight, as well as
collecting acoustic signals, with the goal of using this
data in analysis workflows, complemented by
artificial intelligence (Al) algorithms [4], [5], [6], [7].
The solution proposed in this article consists of the
development of an intelligent system based on an IoT
framework that
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collects data through sensor nodes, which is then
transmitted to a server for processing, storage, and
visualization. Additionally, the system includes an
alert module based on neural networks, designed for
the early detection of events relevant to hive
management.

DEVELOPMENT

Methodology

The development of the system consists of five
phases. The first phase involved reviewing the state
of the art in beekeeping, mobile development,
backend systems, IoT, and pattern recognition
through conference papers, journals, theses, and
relevant prior studies.

The second phase involved identifying the
components and features required for the design and
modeling of the monitoring system, including the
selection of sensors, power sources, and the
controller.

The third phase involved developing the processing
system, including the processing of data from the
monitoring system, pattern recognition, and data
persistence.

The fourth phase involved implementing the mobile
application, which is designed to process and
visualize information from the service, as well as
display detected alerts.

Finally, the fifth phase involved conducting
comprehensive system testing, analyzing the results,
and adjusting the system as needed.

System Microcontroller Algorithm

The microcontroller algorithm shown in Figure 1
represents the monitoring node cycle. The operational
cycle runs on an ESP32 microcontroller.
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Figure 1. Microcontroller algorithm.
Source: Author’s own work (2026).

The flow is structured as a cycle that coordinates data
acquisition and synchronization with the server,
subject to connection availability. The design
includes local storage to tolerate network failures, as
well as power-saving mechanisms that consist of
alternating between active and low-power states. The
graphical elements used and their function within the
process are described below:
e Start (oval). Represents the starting point of
the process.
¢ Decision (diamond). A node where the flow
branches based on a condition; only one exit
is selected.
e Wait (rectangle with a rounded corner).
Indicates a pause in the process.
e Parallel Execution (nodes between two
rectangles with yellow diamonds). A section

where multiple nodes are executed
simultaneously.
Data Models
The persistence layer is structured into three
functional databases—guard-database, nest-

database, and mind-database—designed according to
the principle of separation of concerns.
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The nest-database stores information related to the
system’s structure and sensor readings, enabling
monitoring of the status of each hive.
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The guard-database manages digital identities and
access tokens.

The mind-database aggregates data derived from
acoustic signal processing, enabling its use with
machine learning models.

Figure 2 presents the complete data model of the
proposed system.
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Figure 2. Complete data model of the system.
Source: Author’s own work (2026).

Security database: guard-database

e user role defines the roles available in the
system.

e app user represents registered users and
their association with a specific role.

® refresh_tokenm manages active sessions using
tokens associated with each user, allowing
sessions to be renewed or revoked.

Apiary database: nest-database

e gpiary models groups of physical hives,
allowing them to be organized by location or
owner.

® Bechive represents each bechive within an
apiary; it is the unit to be monitored.

o Measure stores the physical variables
captured from each hive.

Feature database: mind-database
e feature stores the features extracted from the

acoustic signals.

Software Architecture

The system is structured into three main components:
the sensor node, the operational backend services, the
audio processing service, and the mobile application.
Figure 3 shows the complete system architecture.

- sl | arral

A3tEZEE dwshans | | dnshass
| |
e e S
Uy - penliapoies] ] val

i LI
RahC CONTR T
e Biahis

[renm——
Figure 3. Logical architecture of the proposed system.
Source: Author’s own work (2026).

Sensor node (beehive-node). A microcontroller-
based component responsible for acquiring data from
the hive; it integrates sensors to measure temperature,
humidity, weight, and acoustic signals.

Backend services:

e  beehive-guard: responsible for managing
system security, including authentication and
access control.

® beehive-nest: responsible for managing the
system’s operational information, including
hives, measurements, and apiaries.

o beehive-mind: A server dedicated to
extracting features from the audio data
included with each measurement, as well as
performing inference using the implemented
model.

Audio container (audio-container): The persistence
of audio recordings is implemented using an object
storage service compatible with the S3 API. Under
this approach, files are organized into logical
containers called buckets. For the test environment,
MinlO was used as a local implementation of the S3
standard [8].

Mobile application (beehive-app): This is the
interface accessible to the beekeeper for monitoring
the status of the hives in real time and receiving
notifications. The ability to view the status of the
hives in real time is achieved through periodic
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requests to the server.
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The main system workflows are described below:

1. The sensor node collects data from the hive
and transmits it to the beehive-nest service.

2. The mobile app makes periodic requests to
beehive-nest to obtain the most recent data.

3. The bechive-nest service sends the audio
recording to the audio container.

4. The beechive-mind service processes the
acoustic signals, extracts features, and
classifies each recording as anomalous or
normal. The result is stored in the database.

5. The beehive-guard service manages the
authorization mechanisms applied to all
interactions between the mobile app and the
system.

Table 1 presents the main components of the
proposed system architecture.

Table 1. Main components of the system architecture.

Component Function Persistence
beehive-node | Captures data from Micro SD
sensors
beehive Authentication and PostgreSQL
-guard security (guard-
data-
base)
beehive-nest | Metadata PostgreSQL
and logs (nest-database)
beehive-mind | Al-powered audio PostgreSQL
analysis (mind-
database)
audio-contai- | Storage of S3/MinlO (raw-
ner raw audio audio files)
beehive-app APl interface Local
persistence
on
mobile device

Source: Author’s own work (2026).

Application Flow: The mobile app acts as the entry
point to the system, allowing users to register,
authenticate, access information, and send operational
requests to the services. Figure 4 shows the app’s
main screen.

Figure 4. Main screen.
Source: Author’s own work (2026).

As previously mentioned, Figure 5 shows the main
screen, which is accessible immediately after logging
in and allows users to view their information, manage
associated hives, and log out.

The registration process requires the user to enter a
password, an email address, a phone number, and a
username. Once this is done, the user can log in using
these credentials.

To add a new apiary, the user must go to the
“Beehives” section from the main screen, use the “+”
add button, and select the “Apiary” option.
Meanwhile, to register a new beehive, the user must
be within an available apiary and select the “Add a
new beehive” option or use the “+” add button and
select the “Beehive” option.

After the system validates the device, the hive’s status
can be viewed directly from the interface listing the
apiaries.

The hive monitoring section displays the main
parameters using visual indicators, whose color
changes dynamically based on their values.

e Humidity. Represented by a drop icon; the
indicator turns yellow when the value is
below the recommended range and blue
when it exceeds it.

o Temperature. Displayed via an indicator
that turns blue if the value is below the
established range and red when it exceeds it.

e Weight. Displayed as a constant numerical
value, with no visual variation associated
with its magnitude.
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e Audio. Represented by a triangular icon,
which allows the user to play the most recent
recording associated with the hive.

e Details. Identified by a circular icon with an
“I,” which directs the user to the detailed
view of the hive when selected.

Figures 5 and 6 show a detailed view of the hive.

Hiwve Test

SEMROOL

SEP PR 7 T o

Figure 5. Spectrogram of the collected audio.
Source: Author’s own work (2026).

......

Figure 6. Latest measurements collected by the

sensor node.
Source: Author’s own work (2026).

The figures above show a detailed view of the hive,
displaying the spectrogram corresponding to the
captured audio signal, along with the option to play it
back. Additionally, the most recent measurements
obtained by the sensor node and their temporal
behavior are displayed through a graphical
representation.

sampling rate sr; in the case of stereo audio,
processing is performed independently per channel.
The default parameters are n_fft = 2048, hop length
=512, and a Hann window [9].

Zero Crossing Rate
(ZCR) Algorithm [10],
[11]:

1. Segment the continuous signal into fixed-
length windows, for example, of 2048
samples.

2. In each window, evaluate the sign change
between consecutive samples; each transition
from positive to negative, or from negative to
positive, is counted as a zero crossing.

3. Accumulate the total number of crossings
within the window and normalize it with
respect to its length to obtain a metric that is
comparable across different signals.

4. Analyze the time sequence of these rates to
detect regions of high activity, typically
associated with noise or non-speech
components of speech.

Audio Characteristics and Classification Audio
Characteristics: This section describes the
calculations and the algorithmic procedure to be
implemented in Python. A monaural audio signal with
a frequency
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Energy
Algorithm [10], [12], [13]:

1. Divide the signal into windows of a defined
duration.

2. In each window, calculate the square of each
sample to quantify the signal’s magnitude.

3.  Sum the values obtained within the window;
a higher value indicates greater sound
intensity in that interval.

Energy Entropy Algorithm
[12], [14], [15]:

1. For each window of the signal, subdivide it
into Q consecutive segments of smaller size.

2. Calculate the energy of each segment and
normalize these values to obtain proportions
whose sum equals 1.

3. Apply Shannon entropy to these proportions;
high values indicate a uniform distribution of
energy, while low wvalues reflect its
concentration in a few segments.

Spectral Centroid
Algorithm [10], [11], [15]:

1. Obtain the magnitude spectrum of each
window of the signal.

2. Weight each spectral component by its
corresponding frequency and calculate the
resulting average, which allows us to
estimate the center of mass of the spectrum.

Spectral dispersion
Algorithm [11],
[15]:

1. Determine the spectral centroid.

2. Calculate the standard deviation of the
frequencies, weighted by their spectral
amplitudes, to quantify the dispersion or
width of the spectrum.

BiPSUMTEC
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Spectral Entropy
Algorithm [10], [15], [16]:

1. Obtain the magnitude spectrum and
normalize its components to construct a
distribution.

2. Calculate the Shannon entropy of this
distribution; high values indicate a uniform
distribution of energy across the spectrum,
while low values reflect its concentration in a
small number of frequency bands.

Spectral flux
Algorithm [10], [17]:

1. Calculate the magnitude spectra of two
consecutive windows and normalize them.

2. Calculate the difference between the current
spectrum and the previous one, retaining
only the positive differences.

3. Square these differences and accumulate the
result; high values indicate abrupt transitions
in the spectral content, associated with
changes in timbre or sound attacks.

Spectral rolloff
Algorithm [11],
[15]:

1. Sort the magnitudes in ascending order of
frequency.

2. Find the frequency at which the accumulated
sum reaches a fixed fraction—for example,
85%—of the total energy.

MFCC (Mel  Frequency  Cepstral
Coefficients) Algorithm [10], [18], [19],
[20]:

1. Segmentation and windowing: divide the
signal into fixed-size frames and apply a
window function to reduce discontinuities in
the spectral analysis.

2. Transform and power: Obtain the spectrum
of each frame and calculate its energy to
represent how the signal is distributed across
the frequency domain.

3. Mel filter bank: Project the spectrum onto a
set of Mel-scaled filters to approximate how
the human ear perceives sound.

4. Logarithmic  compression:  Apply a
logarithmic transformation to reduce the
signal’s dynamic range.

5. DCT: Transform the obtained values to
generate a small set of coefficients that
describe the general shape of the spectrum.

Audio Classification

The following figures present a comparison between
two spectrograms obtained from different beehives.
Figure 7 shows a hive in its normal state, while Figure
8 shows a hive without a queen bee. The variations in

aieve 1 Spertiogram

frequency distribution and spectral configuration
indicate the presence of distinguishable acoustic
patterns, which allows the problem to be addressed as
a classification task [21].
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Figure 7. Audio spectrogram of a beehive in
normal condition.
Source: Author’s own work (2026).

ISSN: 2594 - 2905
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Figure 8. Audio spectrogram of a hive without a
queen.
Source: Author’s own work (2026).

Based on the differences identified in the acoustic :
signals, the feasibility of distinguishing between them
is established. Based on this assumption, a neural

network is designed and implemented that receives as

input a vector of previously defined features and

classifies the audio into normal or anomalous
categories, considering conditions associated with

colony stress.

Initial Dataset

The audio modeling is based on the integration of
three public datasets, which include recordings from
beehives under different conditions, locations, and
recording devices, in order to construct a
representative dataset.

e Open Source Bechives Project—Audio
Database as of 2-21-17. It contains
recordings organized by hive status and
location; “Active” audio 1is considered
normal, and the rest (“Missing Queen,” “Pre-
Swarm,” “Queen Hatching,” “Sick-Varroa,”
“Swarm”) are considered abnormal [22].

e Queen Loss Event in Africanized
Honeybee Colony. Includes feature vectors
associated with queen loss events; QR is
labeled as normal and QL as anomalous [23].

e Beehive buzz anomalies. Contains segments
classified into various categories;
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“Not a bee” segments are discarded, while
“Bee” and “Missing Queen” are assigned as
normal and anomalous, respectively [24].

Once the audio data and existing feature vectors were
integrated and labeled, feature extraction was
performed using 1-second segments per recording.
The obtained features were combined with the
previously available vectors to form a single dataset,
in which each instance is represented by a feature
vector and a label indicating whether it corresponds to
a normal or anomalous condition. Figure 9 shows the
distribution between the two classes.

Clasas
- el
A AR

Figure 9. Anomaly-to-normal ratio of the initial
dataset.
Source: Author’s own work (2026).

As can be seen in Figure 10, the ratio of anomalous to
normal segments shows a significant imbalance. In
this context, a model that classifies all instances as
normal would achieve a precision of 96%; this
indicates that this metric is not valid for evaluating
the model’s performance, since it does not reflect its
ability to detect anomalies. Taking this into account,
and given that anomaly detection is the primary
objective, the training process focused on optimizing
the F1 score exclusively for the anomalous class. For
this purpose, the F1 score is calculated for the
anomalous class once each experiment is completed,
allowing the score to be stored as the experiment’s
result.

Neural Network Design

The model was trained using 80% of the dataset,
while the remaining 20% was used for validation.
Hyperparameter selection was performed using a
random search, evaluating multiple configurations
generated within predefined ranges. In each iteration,
the model is trained on the training set and evaluated
on the wvalidation set; this process is repeated
iteratively, adjusting the search ranges based on the
results of

and prioritizing configurations with the highest F1
scores for the anomalous class.

Table 2 shows the results for the six experiments.

Table 2. Summary of the best-performing test subsets
used in each experiment.

Experiment Best Iterations Percentage
Number Iterations Total (%)
Experiment

1 20 200 10.00

2 20 200 10.00

3 60 600 10.00

4 17 1743 0.98

5 15 1557 0.96

6 15 1,500 1.00

Total 147 5,800 2.53

Source: Author’s own work (2026).

The complete implementation of the system is
available in a public repository [25].

DISCUSSION AND ANALYSIS OF RESULTS
Table 3 presents the maximum and minimum ranges
of hyperparameters obtained in experiments 1 through
3, considering a total of 15 possible hyperparameters
in the neural network architecture.

Table 3. Hyperparameter ranges for experiments 1
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through 3.
Hype E1 E1 E2 E2 E3 E3
r- min max min | max | min | max
para-
meter
layers 2 2 4 4 2 4
units1 32 128 32 128 32 128
dro- 0.2 0.5 0.2 0.4 0.2 0.4
poutl
units2 16 64 16 64 16 56
dro- 0.2 0.5 0.2 04 0.2 04
pout2
units3 - - 8 32 8 28
dro- - - 0.2 0.5 0.2 0.4
pout3
units4 - - 4 16 4 16
dro- - - 0.2 0.6 0.2 0.5
pout4d
loss_fn fo tvers focal | tvers | focal | focal
- k ky
ca an
| d
fo- 1.0 5.0 1.0 5.0 3.0 5.0
cal_ga
m
ma
fo- 0.1 0.9 0.1 0.9 0.2 0.5
cal_alp
2 i[{’EEJMTEC9 | Volune 9 — No. | | January|- June
Tversky | 0.1 0.8 0.1 0.08 | 0.15 | 0.55
alpha
tversky_ | 0.1 0.9 0.15 | 0.08 | 0.15 | 0.65
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Ir 0.00 | 0.008 | 0.00 | 0.00 | 0.00 | 0.00
020 | 327 0258 | 3646 | 0312 | 3495
8

Source: Author’s own work (2026).

To begin with, in Experiment 1, architectures limited
to 2 layers were iterated, while in Experiment 2, only
4-layer architectures were evaluated. Due to the
varied results, the number of layers was added as a
dynamic hyperparameter for subsequent experiments.
Additionally, among the best results from Experiment
3, only the focal loss function was observed;
therefore, it was the only one considered for
subsequent experiments.

Table 4 presents the maximum and minimum ranges
of hyperparameters obtained in Experiments 4
through 6, considering a total of 12 possible
hyperparameters in the neural network architecture.

Table 4. Hyperparameter ranges for Experiments 4

Table 5. Ranges of metrics obtained in tests 1

through 6.
Experiment | Accuracy | Accuracy fl fi

(min) (max) (min) (max)
1 0.9091 0.9963 0.4271 0.8445
2 0.9389 0.9964 0.4731 0.9470
3 0.9303 0.9964 0.4073 0.9467
4 0.9887 0.9967 0.8565 0.9507
5 0.9910 0.9967 0.8777 0.9518
6 0.9933 0.9969 0.9024 0.9546

Source: Author’s own work (2026).

Table 5 presents the maximum and minimum
intervals corresponding to the precision and Fl1
metrics obtained from the total number of models
iterated in each experiment, highlighting that
Experiment 6 achieves the highest values for both
metrics, demonstrating the progress made in each
experiment.

Table 6 shows the hyperparameters identified in
Experiment 6.

through 6.

Hype E4 E4 ES ES E6 E6 Table 6. Best hyperparameter configuration obtained
r- min max min max | min | max in the search.

para- Hyperparameter Value

meter unitsl 88

layers 2 4 4 4 4 4 dropoutl 0.22

unitsl 32 128 32 128 36 124 units2 48
dro- 0.2 0.4 02 | 04 | 021 | 04 dropout2 0.24

poutl units3 13

units2 16 56 16 56 30 54 dropout3 0.22
dro- 0.2 0.4 0.2 0.4 0.24 0.4 units4 8

pout2 dropout4 0.35

units3 8 28 8 26 8 25 focal_gamma 4.65
dro- 0.2 0.4 0.2 0.4 0.22 0.4 focal_alpha 0.24
pout3 Ir 0.001043400598498229
units4 4 16 5 15 5 15 Source: Author’s own work (2026).
dro- 0.2 0.4 0.2 0.4 0.2 0.37
pout4 Tables 3, 4, and 6 list the variables used in each
fo- 4 >0 4.0 >0 | 41| 49 experimental session. These correspond directly to
focal_g attributes defined in the code used to run the
amma iterations. Their meanings are described below.
fo- 0.2 0.4 0.2 0.4 0.21 | 0.39
Eal—alp e layers: number of hidden layers in the
a network.
Ir 0.00 | 0.003 | 0.00 | 000 | 000 | 000 e units[n]: number of neurons in hidden layer

040 | 260 | 0497 | 2795 | 0549 | 2544 n(ltod).
7 e dropout[n]: proportion of deactivated

Source: Author’s own work (2026).

Based on the results obtained, it can be observed that
the optimal ranges, derived from the iterative process
of the 6 experiments conducted, ultimately converge
on a stable set of hyperparameters. Table 5 shows the
results of the metrics for the 6 experiments.

neurons in layer n (1 to 4).

e loss_fn: loss function used during training.

e focal gamma: gamma parameter of the focal
loss function.

e focal alpha: the alpha parameter of the focal
loss function.

e tversky alpha: the alpha parameter of the
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e tversky beta: beta parameter of the Tversky
index.
e Ir: learning rate of the optimizer.

Figure 10 shows the confusion matrix for the model
selected in Experiment 6. On the validation set, this
model achieves an accuracy of 99.6921% and a
maximum F1 score of 0.954607 for the anomalous
class.

Matriz de confusidn
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Figure 10. Confusion matrix of the selected neural
network on the validation data.
Source: Author’s own work (2026).

On the validation set, the model achieves an accuracy
of 99.6921% and a maximum F1 score of 0.954607
for the anomalous class.

When comparing the results obtained by the proposed
system with previous research in the field of beehive
monitoring, notable differences are identified in the
method and scope of the proposed systems. The
embedded system proposed in [5], based on the use of
an ESP8266 microcontroller and an SHT21 sensor,
focuses on the efficient monitoring of temperature
and humidity, prioritizing primarily the optimization
of energy consumption. However, its scope does not
include any type of analysis of the obtained data,
leaving this as a possible line of future research.

Similarly, the proposal discussed in [7] focuses on
designing a system capable of withstanding extreme
temperature conditions (-20 to 60 °C) and
maintaining a high level of energy autonomy through
the use of supercapacitors and solar panels. Similar to
the previous proposal, the approach is based on data
acquisition and transmission, without considering
subsequent analysis.

Finally, the system proposed in [26] incorporates an
automated analysis component, applying feature
extraction techniques using MFCC and LPC, along

with classification based on HMM/GMM machine
learning models for swarm detection
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from acoustic data. This approach demonstrates the
viability of intelligent processing in the beekeeping
context. The present work follows a similar line in
terms of the integration of automated analysis,
exploring the use of neural networks for the detection
of anomalous events in the hive.

CONCLUSIONS

A microcontroller-based IoT architecture was
developed for acquiring measurements and storing
them in a cloud infrastructure. As part of the system,
an electronic circuit was designed that integrates
humidity, weight, and temperature sensors, as well as
an audio capture module and data persistence
mechanisms.

On the software side, a cloud service was
implemented for managing apiaries, beehives, and
measurements, structured using entities and
operational relationships. Additionally, a user
management and authentication service was
developed, along with tools to explore and evaluate
architectures with a focus on hyperparameter tuning
and model performance optimization.

A cloud service was implemented to extract feature
vectors from audio signals and classify them using a
neural network. A mobile application was also
developed as the system’s interface, allowing users to
view data and interact with the other modules.

Alert mechanisms based on thresholds for the
monitored parameters were implemented, providing
users with direct notifications.

Finally, by implementing the model corresponding to
Experiment 6, a maximum accuracy of 99.6921% was
achieved in the classification of anomalous events.
However, due to the imbalance in the dataset, the
most relevant metric in the validation set is the F1
score for the anomaly class, with a value of 0.954607.
This result is particularly significant given the
inherent variability of the analyzed acoustic signals.

Two main directions are proposed for future research.
The first involves expanding the dataset through
controlled sampling campaigns in production hives,
correlating the acoustic signals with direct
observations of the hive’s condition, as well as
incorporating additional sensors such as vibration,
CO,, and bee counting. This would allow us to
capture the variability associated with climate, bee
genetics, and colony dynamics;
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; it would also enable the distinction between
different types of anomalous events such as queen
loss, heat stress, predators, and swarming.

The second line of research focuses on optimizing the
classification model through the implementation of
continuous learning, which allows the model to adapt
to new field conditions without having to retrain it
from scratch, as well as the parallel execution of
multiple models under a voting scheme to increase
robustness in the detection of anomalous events.
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