
Unsupervised Acoustic Detection of Queenless Hives in
Honeybees (Apis mellifera ligustica)
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Abstract. The absence of a queen bee directly compromises the survival of the
colony. Accurately detecting this condition is essential for modern beekeep-
ing, but traditional methods rely on invasive manual inspections. In this paper,
we propose an automated and non-invasive approach based on unsupervised
machine learning to identify queenless hives through bee sound analysis. Mel
spectrograms extracted from real audio recordings of Apis mellifera ligustica
were processed using a convolutional autoencoder. The resulting latent repre-
sentations were clustered using HDBSCAN, and labels were applied only in the
final validation step. The model achieved 98.78% accuracy, outperforming su-
pervised approaches reported in the literature. To the best of our knowledge,
no previous study has investigated the acoustic detection of queenless honeybee
hives using unsupervised learning. Our results show the potential of unsuper-
vised bioacoustic analysis and support advances in precision beekeeping within
data-centric e-Science.

1. Introduction
Honeybees play a crucial role in pollination, ecosystem sustainability, and global
food security, contributing to nearly 75% of pollinator-dependent crops [FAO 2018,
Klein et al. 2007]. However, factors such as habitat loss and climate change have
led to a global decline of approximately 40% of bee species [Brown et al. 2016,
Sánchez-Bayo and Wyckhuys 2019], highlighting the urgent need for effective monitor-
ing methods [Potts et al. 2010].

Traditionally, beekeepers rely on manual hive inspections to evaluate colony
health, particularly to verify the presence of a healthy queen. Although effective, these in-
spections are time-consuming, labor-intensive, and can disturb and stress the bees. As an
alternative, precision beekeeping techniques have explored remote and non-invasive hive
monitoring solutions [Zacepins et al. 2015, Braga et al. 2020, Rafael Braga et al. 2020].

The presence of a queen bee is among the most critical factors to mon-
itor, since her absence may trigger colony instability and lead to its collapse
[Robles-Guerrero et al. 2017]. In this context, acoustic signals produced by bees have
proven useful for inferring colony conditions [Quaderi et al. 2022]. Some works suggest
that queen presence or absence correlates with specific sound patterns, such as piping
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by virgin queens [Michelsen et al. 1986], or low continuous tones typical of queenless
hives [Woods 1956]. Based on this, several studies have used acoustic features—e.g.,
spectrograms and Mel-Frequency Cepstral Coefficients (MFCCs)—combined with ma-
chine learning algorithms, such as Support Vector Machines (SVMs), Multilayer Per-
ceptrons (MLPs), and Convolutional Neural Networks (CNNs), to classify hive states
[Otesbelgue et al. 2025, Uthoff et al. 2023].

Although some supervised models yield good results, they require labeled data,
typically obtained via manual inspection. Moreover, these models must be retrained for
each new bee colony, as no universal model exists for different species or habitats. Con-
versely, unsupervised approaches remain underexplored but offer advantages by identify-
ing patterns based solely on the data structure, without depending on prior labeling.

In this paper, we explore the use of unsupervised learning to detect the presence
of a queen bee in hives based on audio signals. Specifically, we assess the HDBSCAN
algorithm, which can group patterns of varying densities, offering greater noise tolerance
and reduced sensitivity to hyperparameter settings. Our goal is to contribute to a more
robust, adaptable, and scalable approach for automated hive monitoring, expanding the
use of precision beekeeping in real-world scenarios.

2. Methodology
The object of our study was real audio recordings capturing the activity of honeybee
colonies (Apis mellifera ligustica) (Figure 1). The dataset consists of audio recordings
from two beehives, each recorded in two distinct conditions: (i) queenless, where the
queen bee is absent, and (ii) normal, where the hive appears healthy and undisturbed
[Nolasco et al. 2019a]. For each condition, one full day of recordings was collected per
hive. Each audio file is approximately 10 minutes long. In total, the dataset includes 576
recordings, evenly split between the two classes (queenless and normal), representing two
hives over two days in each condition.

(a) (b)

Figure 1. Honeybees from the audio dataset (a) hive frame during in-
spection; (b) close-up of worker bees. Source: Profa. Stefania Cecchi
[s.cecchi@staff.univpm.it].

The methodological design comprises 4 sequential steps (Figure 2): preprocessing
of the acoustic data (subsection 2.1), training of a deep learning model for feature extrac-
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tion (subsection 2.2), clustering of the extracted features (subsection 2.3), and statistical
validation of the results (subsection 2.4).

Figure 2. Method design overview.

2.1. Preprocessing and Feature Extraction

The initial pre-processing stage consisted of converting the audio files into Mel spectro-
grams. This process used a sampling rate of 22,050 Hz, 128 Mel bands, and a fixed length
of 256 time frames. To ensure the dimensional uniformity of the model inputs, the zero-
padding technique was applied to spectrograms shorter than the defined length, while
those exceeding this limit were truncated. Feature extraction was conducted based on the
latent representations learned by a convolutional autoencoder (ConvAE). The training of
this model was performed over 10 epochs, using the Adam optimizer with a learning rate
of 1× 10−3 and the mean squared error (MSE) as the loss function. Subsequently, the di-
mensionality of the latent representations extracted by the encoder portion of the ConvAE
was reduced using the t-SNE (t-distributed Stochastic Neighbor Embedding) algorithm,
aiming to facilitate the visualization and subsequent analysis of the clusters.

2.2. Unsupervised Modeling

An unsupervised learning approach was adopted for the data analysis. The main advan-
tage of this approach over supervised learning lies in its ability to learn intrinsic and robust
feature representations (features) directly from the raw data (spectrograms), without the
need for labels during the main model’s training phase. This allows the model to au-
tonomously discover patterns and structures in the acoustic data, a particularly valuable
characteristic in scenarios where data labeling is a costly, time-consuming, or error-prone
process. The pre-existing labels in the dataset were used exclusively in the final validation
stage to assess the effectiveness of the generated clusters in the classification task, and not
to train the feature extraction model.

2.3. Clustering and Optimization

The low-dimensional latent representations, obtained in the previous step, were processed
by the HDBSCAN (Hierarchical Density-Based Spatial Clustering of Applications with
Noise) clustering algorithm. To refine the quality of the clusters, a hyperparameter opti-
mization process was performed, specifically for min cluster size, min samples, and clus-
ter selection epsilon. The objective of this optimization was to maximize the clustering
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quality metrics, which for this study were the Silhouette [Rousseeuw 1987], Calinski-
Harabasz [Calinski and Harabasz 1974], and Davies-Bouldin [Davies and Bouldin 1979]
indices.

2.4. Analysis and Validation

The final validation of the results was conducted to assess the model’s performance on
the binary classification task (presence or absence of the queen). For the data points that
HDBSCAN classified as noise, the k-nearest neighbors (k-NN) algorithm was applied for
the imputation of a cluster label, ensuring that all samples were included in the evalua-
tion. The model’s performance was quantified by the accuracy metric. Additionally, the
classification quality was inspected through the analysis of the confusion matrix, which
details the distribution of correct and incorrect classifications between the classes.

3. Results and Discussion
Figure 3 illustrates the two-dimensional projection of the embeddings generated by the
model, after dimensionality reduction with t-SNE and clustering with the HDBSCAN
algorithm. The visualization highlights the formation of two main clusters, visually dis-
tinct, which suggests the model’s ability to discriminate contrasting patterns in the spec-
trograms. Additionally, the presence of sparse data regions may indicate the existence
of uncaptured subgroups or, alternatively, insufficient data representativeness in certain
areas of the latent space.

Figure 3. Projection of latent embeddings reduced with t-SNE and clustered with
HDBSCAN.

Figure 4 displays characteristic samples of acoustic signals from hives with and
without the presence of the queen bee. Subtle yet distinctive differences are observed in
the spectral signatures. The queen presence condition tends to present a more complex
energy distribution in the lower frequency bands, while the queen absence condition ex-
hibits a simpler pattern. These variations form the basis upon which the model must learn
to discriminate between the two hive states.
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Figure 4. Spectrograms of audio recordings from the Nolasco et al. (2019) dataset
[Nolasco et al. 2019b].

To ensure the discovery of an optimal and meaningful clustering structure, a
hyperparameter optimization process for HDBSCAN was conducted. The configura-
tion that presented the best performance was established with a minimum cluster size
(min cluster size) of 50, ensuring that only clusters with a substantial number of
points were considered, and a minimum samples per neighborhood (min samples) of
12, to refine density detection. The quantitative evaluation of this configuration was per-
formed using a set of cluster validation indices. The results revealed a multifaceted sce-
nario: while the Silhouette Score (0.121) which suggests moderate cohesion and sepa-
ration. The Calinski-Harabasz Index achieved a high value of 373.8 and is particularly
noteworthy, as it indicates that the clusters are compact and well-separated in terms of
their variances. Additionally, the Davies-Bouldin Index recorded 1.823. Therefore, de-
spite the indication of proximity between some points from different clusters (suggested
by the Silhouette score), the overall structure of the partition is considered robust and
statistically significant.

The quantitative evaluation of the model’s ability to predict the queen presence
was performed through clustering accuracy. To mitigate the absence of labels for points
classified as noise by HDBSCAN, the k-Nearest Neighbors (kNN) algorithm was ap-
plied for class assignment. The final model achieved an accuracy of 98.78%, as de-
tailed in the confusion matrix presented in Figure 5. This result demonstrates remark-
able performance, even surpassing robust supervised approaches proposed in the liter-
ature for the same task. For example, in a reference study, they achieved a maximum
accuracy of 96% in a hive-independent cross-validation experiment, using supervised ap-
proach based on Convolutional Neural Networks (CNN) and summarized spectrograms
[Orlowska et al. 2022, Santos et al. 2025].

These results corroborate the effectiveness of the proposed unsupervised ap-
proach, demonstrating that, even in the absence of explicit labels during the training
phase, the model was able to learn relevant latent representations for distinguishing be-
tween hives with queen present and queen absent.
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Figure 5. Confusion matrix with final classification results.

4. Conclusion
Here we propose an unsupervised deep learning method to identify beehives with or with-
out queen based solely on the sounds they produce, achieving 98.78% accuracy. The pro-
posed unsupervised detection approach eliminates the need for manual labeling, which
considerably reduces the workload for specialists and beekeepers. It is also possible to
detect unexpected patterns: algorithms such as autoencoders and HDBSCAN identify
clusters and anomalies without prior definition, revealing acoustic signals that might not
have been considered otherwise. Furthermore, our method easily adapts to new condi-
tions, adjusting to recordings of bee colonies in different environments, species, or noise
levels without requiring rework in data annotation.

This paper focuses on acoustic monitoring of real honeybee colonies in a data-
intensive Science context, aligning closely with the goals of BreSci 2025. It demonstrates
how data-driven AI techniques applied to audio signals can support scientific investi-
gations with broad scalability. By automating the analysis of bee colony sounds, our ap-
proach contributes to e-Science in precision beekeeping, promoting faster, evidence-based
decisions and fostering collaboration among beekeepers, animal scientists, engineers, and
computer scientists.

We recognize two main limitations in this study: the relatively small dataset and
variability in recording conditions, such as background noise and differences between
colonies. These factors may limit the model’s ability to generalize. To address this, we
propose expanding the dataset to include more hives, different bee species (such as Brazil-
ian native bees), and recordings under diverse environmental conditions. We also recom-
mend developing automated processing pipelines, integrating cloud-based platforms, and
conducting field tests in collaboration with beekeepers to validate real-world performance
and encourage multidisciplinary engagement.

Acknowledgements
This study was financed in part by the Coordenação de Aperfeiçoamento de Pessoal de
Nı́vel Superior – Brazil (CAPES) - Finance Code 001. Danielo G. Gomes and Cleiton
Carvalho Jr. acknowledge the support from the National Council for Scientific and Tech-
nological Development (CNPq), Brazil (grant nos. 311845/2022-3 and 110385/2025-0).

Proceedings of the XIX Brazilian e-Science Workshop (BreSci) October 2025 – Fortaleza, CE, Brazil

54



References
Braga, A. R., G. Gomes, D., Rogers, R., E. Hassler, E., M. Freitas, B., and A. Cazier,

J. (2020). A method for mining combined data from in-hive sensors, weather and
apiary inspections to forecast the health status of honey bee colonies. Computers and
Electronics in Agriculture, 169:105161.

Brown, M. J., Dicks, L. V., Paxton, R. J., Baldock, K. C., Barron, A. B., Chauzat, M.-P.,
Freitas, B. M., Goulson, D., Jepsen, S., Kremen, C., et al. (2016). A horizon scan of
future threats and opportunities for pollinators and pollination. PeerJ, 4:e2249.

Calinski, T. and Harabasz, J. (1974). A dendrite method for cluster analysis. Communi-
cations in Statistics - Theory and Methods, 3(1):1–27.

Davies, D. L. and Bouldin, D. W. (1979). A cluster separation measure. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, PAMI-1(2):224–227.

FAO (2018). Bees and other pollinators crucial to food security, biodiversity. Accessed:
2025-06-26.

Klein, A.-M., Vaissiere, B. E., Cane, J. H., Steffan-Dewenter, I., Cunningham, S. A.,
Kremen, C., and Tscharntke, T. (2007). Importance of pollinators in changing land-
scapes for world crops. Proceedings of the royal society B: biological sciences,
274(1608):303–313.

Michelsen, A., Kirchner, W. H., Andersen, B. B., and Lindauer, M. (1986). The tooting
and quacking vibration signals of honeybee queens: a quantitative analysis. Journal of
Comparative Physiology A, 158(5):605–611.

Nolasco, I., Terenzi, A., Cecchi, S., Orcioni, S., Bear, H. L., and Benetos, E. (2019a).
Audio-based identification of beehive states. In ICASSP 2019–2019 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing (ICASSP), pages 8256–
8260. IEEE.

Nolasco, I., Terenzi, A., Cecchi, S., Orcioni, S., Bear, H. L., and Benetos, E. (2019b).
Audio-based identification of beehive states: The dataset.

Orlowska, A., Fourer, D., Gavini, J.-P., and Cassou-Ribehart, D. (2022). Honey Bee
Queen Presence Detection from Audio Field Recordings Using Summarized Spectro-
gram and Convolutional Neural Networks, page 83–92. Springer International Pub-
lishing.

Otesbelgue, A., de Lima Rodrigues, I., dos Santos, C. F., Gomes, D. G., and Blochtein,
B. (2025). The missing queen: a non-invasive method to identify queenless stingless
bee hives. Apidologie, 56(2).

Potts, S. G., Biesmeijer, J. C., Kremen, C., Neumann, P., Schweiger, O., and Kunin, W. E.
(2010). Global pollinator declines: trends, impacts and drivers. Trends in Ecology &
Evolution, 25(6):345–353.

Quaderi, S. J. S., Labonno, S. A., Mostafa, S., and Akhter, S. (2022). Identify the beehive
sound using deep learning. arXiv preprint arXiv:2209.01374.

Rafael Braga, A., de Castro Rabelo, J., de Castro Callado, A., Rego da Rocha, A., M. Fre-
itas, B., and G. Gomes, D. (2020). Beenotified! a notification system of physical

Proceedings of the XIX Brazilian e-Science Workshop (BreSci) October 2025 – Fortaleza, CE, Brazil

55



quantities for beehives remote monitoring. Revista de Informática Teórica e Aplicada,
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