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RESUME

La surveillance acoustique est apparue comme une approche non invasive prometteuse pour
évaluer la santé des colonies d’abeilles melliferes et la dynamique de leurs populations. Cepen-
dant, le développement de systemes fiables et généralisables demeure limité par le manque de
jeux de données publics, le bruit environnemental et la sensibilité des caractéristiques acoustiques
conventionnelles aux conditions réelles. Cette thése aborde ces défis par l'introduction d’'un jeu de
données a grande échelle, une analyse systématique du bruit environnemental, la conception de
caractéristiques acoustiques robustes et I'évaluation de modéles d’apprentissage classique et pro-
fond.

Premiérement, nous introduisons UrBAN (Urban Beehive Acoustics and PheNotyping), un jeu
de données ouvert a grande échelle comprenant plus de 3 000 heures d’enregistrements audio
bruts collectés a partir de dix ruches urbaines sur deux années consécutives. Le jeu de données
est enrichi par des mesures multimodales issues de capteurs, incluant la température et 'lhumidité
internes de la ruche, les conditions météorologiques externes, ainsi que des annotations phéno-
typiques collectées manuellement, telles que la taille de la population de la colonie, les niveaux
d’infestation par I'acarien Varroa, le statut de la reine et la mortalité hivernale. UrBAN constitue
une référence réaliste pour I'évaluation longitudinale et indépendante des ruches des méthodes
de surveillance acoustique.

Deuxiemement, nous étudions de maniére systématique I'impact de sources importantes de
bruit environnemental, incluant le bruit de fond urbain, la parole humaine et les fortes pluies, sur les
représentations acoustiques couramment utilisées. Notre analyse révele que les caractéristiques
conventionnelles telles que les spectrogrammes et les Coefficients Cepstraux en Fréquences Mel
(CCFM) sont tres sensibles au bruit, entrainant une dégradation significative des performances
dans des conditions de déploiement réalistes. Ces résultats soulignent la nécessité de représen-
tations robustes au bruit pour la surveillance des ruches en conditions réelles.

Troisiemement, nous proposons et analysons des caractéristiques acoustiques basées sur la
modulation, incluant les spectrogrammes de modulation et les tensorgrammes de modulation, qui
capturent explicitement les fluctuations temporelles d’énergie associées a I'activité collective des
abeilles. Nous montrons que I'utilisation de spectrogrammes de modulation pour améliorer la pré-
diction de la force des colonies dans des conditions inédites conduit a des taux d’erreur plus faibles
et a des corrélations plus élevées, démontrant ainsi leur robustesse accrue pour la surveillance des
ruches en conditions naturelles. Ensuite, nous abordons le défi de la détection de l'infestation par
'acarien Varroa dans les colonies d’abeilles. Nous proposons l'utilisation de descripteurs de forme
spectrale, extraits a la fois des spectrogrammes conventionnels et des spectrogrammes de modu-
lation, comme caractéristiques informatives et complémentaires pour distinguer les états de ruches
saines et infestées. Les résultats démontrent que nos caractéristiques proposées surpassent sys-
tématiquement les caractéristiques traditionnelles, telles que les CCFM et les Coefficients Ceps-
traux en Fréquences Linéaires (CCFL) pour toutes les métriques et tous les classificateurs. Nous
réalisons également une analyse comparative avec un modéle CNN, qui montre que les approches
d’apprentissage automatique classiques entrainées sur les caractéristiques proposées atteignent
non seulement une précision plus élevée, mais nécessitent aussi une complexité computationnelle
significativement plus faible.



Enfin, nous évaluons plusieurs architectures d’apprentissage profond, incluant des réseaux
neuronaux convolutionnels 2D et 3D ainsi que des modeéles convolutionnels-récurrents. Les mo-
déles profonds opérant sur les spectrogrammes de modulation et les tensorgrammes surpassent
systématiquement les approches de référence, particulierement dans les scénarios d’évaluation
indépendants des ruches. Les résultats montrent que la modélisation explicite des motifs de mo-
dulation spectro-temporels améliore la généralisation entre les ruches et les conditions d’enregis-
trement.

Dans I'ensemble, ce travail démontre que la combinaison de données réelles a grande échelle,
d’analyses tenant compte du bruit, de représentations acoustiques basées sur la modulation et de
modeéles d’apprentissage profond spatio-temporels permet une surveillance acoustique robuste et
généralisable des colonies d’abeilles. Le cadre proposé fait progresser I'état de I'art en apiculture
de précision et fournit une base pour I'évaluation évolutive et non invasive de la santé des colonies
dans des environnements réels.

Mots-clés Acoustique des ruches, Abeilles domestiques, Spectrogramme de modulation, In-
festation par le varroa.
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ABSTRACT

Acoustic monitoring has emerged as a promising non-invasive approach for assessing honey
bee colony health and population dynamics. However, the development of reliable and generali-
zable systems remains challenged by limited public datasets, environmental noise, and the sensi-
tivity of conventional acoustic features to real-world conditions. This dissertation addresses these
challenges through the introduction of a large-scale dataset, a systematic analysis of the impacts
of environmental noise, the design of robust acoustic features, and the evaluation of both classical
and deep learning models for remote beehive monitoring.

First, we introduce UrBAN (Urban Beehive Acoustics and PheNotyping), a large-scale, open-
access dataset comprising over 3,000 hours of raw audio recordings collected from ten urban
beehives over a period of two consecutive years. The dataset is enriched with multimodal sensor
measurements, including internal hive temperature and humidity, external weather conditions, and
manually collected phenotypic annotations, such as colony population size, Varroa mite infestation
levels, queen bee status, and winter mortality. UrBAN provides a realistic benchmark for longitudi-
nal and hive-independent evaluation of acoustic monitoring methods.

Second, we systematically investigate the impact of prominent environmental noise sources in-
cluding urban background noise, speech, and heavy rainfall on commonly used acoustic represen-
tations. Our analysis reveals that conventional features such as spectrograms and mel-frequency
cepstral coefficients (MFCCs) are highly sensitive to noise, leading to significant performance de-
gradation under realistic deployment conditions. These findings highlight the necessity of noise-
robust representations for real-world beehive monitoring.

Third, we propose and analyze modulation spectrum based acoustic features, including mo-
dulation spectrograms and tensorgrams, which explicitly capture spectral-temporal energy fluc-
tuations associated with collective bee activity. We show that by using modulation spectrogram
features, improved beehive strength prediction is obtained across unseen conditions (i.e., lower
prediction error rates and higher correlations with beekeeper ratings), highlighting their robustness
for “in the wild” beehive monitoring.

Next, we address the challenge of detecting Varroa mite infestations in honey bee colonies. We
propose the use of spectral shape descriptors, extracted from both the conventional and modula-
tion spectrograms, as informative and complementary features for distinguishing between healthy
and infested hives. The results demonstrate that our proposed features consistently outperform
traditional features, such as MFCCs and linear frequency cepstral coefficients (LFCCs), across
several tested figures-of-merit and classifiers. We compare the accuracy of handcrafted features
with that of deep neural network feature representations and show that classical machine-learning
approaches trained on the proposed handcrafted features not only achieve higher accuracy, but
also require significantly lower computational complexity.

Finally, we evaluate a wide range of deep learning neural network architectures, including 2D
and 3D convolutional neural networks and convolutional-recurrent models. Deep models operating
on modulation spectrograms and tensorgrams consistently outperform benchmark approaches,
particularly in hive-independent evaluation settings. The results show that explicitly modeling spectro-
temporal modulation patterns improves generalization across hives and recording conditions.
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Overall, this work demonstrates that combining large-scale real-world data, noise-aware analy-
sis, modulation-based feature representations, and spatio-temporal deep learning models enables
robust and generalizable acoustic monitoring of honey bee colonies. The proposed framework
advances the state-of-the-art in precision apiculture and provides a foundation for scalable, non-
invasive colony health assessment in real-world environments.

Keywords Beehive acoustics, Honey bees, Modulation spectrogram, Varroa mite infestation.
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SYNOPSIS

0.1 Chapitre 1 : Introduction
0.1.1 Acoustique des abeilles melliferes

Les abeilles melliféres (Apis mellifera) jouent un réle essentiel dans la préservation de I'envi-
ronnement. Au-dela de la production de miel, de cire d’abeille et de gelée royale, leur activité de
pollinisation soutient la biodiversité et la production de nombreuses cultures agricoles majeures,
faisant d’elles un véritable « prestataire de services » agroenvironnemental [1]. En effet, prés de
75% des cultures produisant fruits et graines destinés a la consommation humaine aux Etats-
Unis dépendent, au moins en partie, des abeilles melliféres pour leur rendement, leur qualité et
leur durabilité [2]. Bien que plusieurs espéces d’abeilles contribuent a la pollinisation, les abeilles
melliferes sont les principaux pollinisateurs des amandiers, des agrumes, des bleuets et des cu-
curbitacées [2]. Ainsi, tout changement dans le comportement ou I'état de santé des colonies,
ainsi qu’une diminution de leur population, peut avoir des répercussions importantes sur l'industrie
alimentaire. C’est pourquoi les apiculteurs procedent a un suivi régulier de la santé des abeilles et
de la vigueur des colonies.

Pendant de nombreuses années, les apiculteurs ont inspecté leurs ruches principalement par
des examens visuels, généralement effectués durant la saison de pollinisation et de production de
miel. Ces inspections, bien que nécessaires, sont chronophages et peuvent perturber les colonies
; elles sont donc généralement réalisées toutes les deux semaines. Cependant, des changements
significatifs peuvent survenir entre deux inspections, pouvant mener a des probléemes de santé
graves et a une diminution de la population. De plus, ces dernieres années, des pertes impor-
tantes de colonies ont été rapportées a I'échelle mondiale [3, 4, 5, 6], et de nombreux chercheurs
estiment que divers facteurs de stress en sont responsables [7, 8], 19]. Le développement de sys-
temes de surveillance continue permettrait une gestion plus efficace des colonies [7,18, 9] et offrirait
la possibilité d’un suivi & long terme des facteurs de stress. A ce titre, la surveillance automatisée
des ruches suscite un intérét croissant au sein des communautés scientifiques et apicoles [10].

Récemment, avec les avancées dans les domaines de I'Internet des objets (loT), de I'infonua-
gique et de l'intelligence artificielle, des outils de surveillance automatisée des ruches ont vu le
jour, donnant naissance a I'apiculture de précision [11]. Par exemple, plusieurs systémes ont été
proposés basés sur le suivi du poids [10, (12, [13], de la température [14} [15], de 'humidité [15]
ou encore du niveau de CO-[15] a I'intérieur des ruches. Des travaux préliminaires ont également
exploré I'analyse acoustique[16, (17, [18] ou I'utilisation de capteurs multisources [10, 12, [15].



Le poids d’une ruche peut refléter la production de miel et la taille de la colonie, avec des
variations diurnes significatives. Par exemple, une diminution du poids est souvent observée durant
la nuit et t6t le matin, en raison de la consommation de nectar, tandis qu’'une augmentation est
observée en journée, corrélée a I'activité de butinage [19]. Meikle et al.[13] ont montré, grace a des
balances électroniques, que le poids moyen d’une ruche indique la quantité de nourriture stockée,
alors que ses variations journalieres reflétent la consommation. D’autres auteurs[10] ont suivi le
poids de colonies pendant un an, observant une perte rapide de poids durant I'été (activité de
butinage) et une perte plus lente durant I'hiver (alimentation a partir des réserves). Le phénomene
d’essaimage peut également étre détecté par une baisse soudaine du poids de la ruche.

La température interne d’'une ruche est un bon indicateur de la capacité d’adaptation de la
colonie et de son état de santé. Il a été démontré que la température influe directement sur la santé
des abeilles et du couvain, ainsi que sur la productivité de la ruche [20]. Une thermorégulation
efficace permet de réduire la mortalité et d’augmenter la production de miel [21} 22]. De plus, une
élévation de température (de 34°C-35°C a 37°C-38°C) pourrait étre le signe annonciateur d’'un
essaimage [23].

Lhumidité relative est également un facteur important pour I'incubation des ceufs, la croissance
des larves et le développement de la colonie. Elle influe aussi sur les comportements de transport
d’eau et d’alimentation [24]. Human et al. [25] ont montré que I'’humidité dans les alvéoles de
couvain est généralement plus élevée et plus stable que dans les autres parties de la ruche.

La concentration de CO- peut quant a elle refléter I'activité métabolique des abeilles. Bien
gu’elle soit influencée par la température [26], les abeilles peuvent maintenir des niveaux de CO,
compris entre 0,1% et 4,25% [27].

Les abeilles communiquent également a I'aide de vibrations et de sons [28], produits par di-
vers moyens : battements d’ailes, contractions musculaires rapides sans mouvement des ailes,
ou pression du thorax contre le substrat ou une autre abeille [29]. Parmi les signaux sonores les
plus connus figurent le piping, le quacking, le tooting, le hissing et le buzzing. Le « piping » est un
signal émis par les jeunes reines pour annoncer leur intention de se battre avec la reine en place.
Le « tooting », produit a 'émergence d’une vierge, a une fréquence fondamentale d’environ 400 a
500 Hz [30]. Le « quacking », réponse des autres reines encore enfermées dans leur cellule, se
compose de courtes impulsions autour de 350Hz [30]. Les ouvrieres peuvent également émettre
des signaux similaires au piping [31], parfois méme en I'absence de perturbation. Ce signal a une
fréquence fondamentale comprise entre 330 et 430 Hz, avec des harmoniques marquées [32],
mais peut varier de 100 a 500 Hz lors d’'un essaimage [33]. Le « hissing », large bande sonore
allant de 300 a 3600 Hz, est émis en cas de stress ou durant I'essaimage [34]. Enfin, le « buzzing
», produit par les battements d’ailes a une fréquence de 250-300 Hz [35], est audible a I'oreille
humaine.

Lutilisation de microphones placés a I'intérieur des ruches a été proposée comme méthode de
surveillance acoustique en temps réel, permettant un suivi non intrusif [36} [37]. Des systemes por-
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tables de surveillance acoustique ont récemment vu le jour, comme I'Apivox Smart Monitor (2015)
ou le Bee Health Guru (2019), qui utilisent le microphone d’un téléphone intelligent pour enregistrer
des sons dans la ruche, lesquels sont ensuite analysés par intelligence artificielle pour détecter la
présence de la reine, des parasites, ou prédire un essaimage [38,[39]. D’autres entreprises, telles
que Arnia [40] et Nectar Technologies Inc. [41], ont également développé des solutions multisen-
sorielles intégrant I'analyse acoustique.

Parmi toutes les modalités de surveillance disponibles, I'analyse acoustique s’est révélée parti-
culierement prometteuse pour détecter 'essaimage, I'absence de reine ou encore estimer la force
de la colonie. Néanmoins, la surveillance automatisée des ruches par I'acoustique en est encore
a ses deébuts, et de nombreuses questions restent en suspens quant a son efficacité. Lobjectif
de cette thése est de contribuer a lever certaines de ces limitations et de proposer des solutions
innovantes pour un suivi audio a distance, fiable et robuste, des colonies d’abeilles melliferes.

0.1.2 Défis actuels et problemes de recherche

Bien que des travaux importants aient été réalisés dans certains domaines de la surveillance
acoustique des abeilles, plusieurs défis subsistent et nécessitent encore d’étre relevés. Cette sec-
tion présente les plus importants d’entre eux.

1. Peu d’études sur la prédiction de la force, de la santé et du taux de mortalité des
colonies. Les études portant sur la surveillance de la santé et de la force des colonies
d’abeilles a I'aide de I'acoustique demeurent trés limitées. Or, la détection de la force d’'une
ruche est un paramétre clé pour les contrats de pollinisation, le suivi de la production de
miel, 'évaluation de la santé de la reine et, de maniére plus générale, I'état de santé de
la colonie. La détection précoce d’'un affaiblissement inattendu d’une ruche pourrait étre
extrémement bénéfique pour les apiculteurs. Par ailleurs, le suivi automatisé de la mortalité
des colonies, en lien avec divers facteurs environnementaux, pourrait permettre de mieux
comprendre I'effet des stress externes sur la survie des abeilles.

2. Connaissances limitées sur les effets des facteurs environnementaux. Bien que les
applications de surveillance acoustique des ruches soient en plein essor, les systémes
existants reposent majoritairement sur des descripteurs audio classiques issus du trai-
tement de la parole, tels que les Coefficients Cepstraux en Fréquences Mel (CCFM), le
spectrogramme ou encore la transformée en ondelettes discréte (DWT), comme Tlillustre le
tableau Or, il est bien établi dans la communauté scientifique du traitement audio que
ces parameétres sont fortement sensibles aux conditions environnementales, notamment au
bruit ambiant ou a la présence de voix humaines en arriere-plan. Ainsi, la suppression du
bruit ou la caractérisation du contexte acoustique (aussi appelée conscience du contexte)
s’averent essentielles pour concevoir des systémes robustes et reproductibles [42, 143].
Cette problématique est particulierement pertinente pour les ruchers urbains, en croissance
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constante [44], ou des sons urbains forts et variés peuvent interférer avec les enregistre-
ments internes de la ruche. A ce jour, aucune étude ne s’est attaquée directement a cette
question, ce qui souléve des inquiétudes quant a la validité et a la généralisabilité des solu-
tions actuelles dans des contextes réels.

3. Jeux de données limités et peu diversifiés. Bien que la majorité des études publiées
aient démontré les avantages de I'acoustique pour la surveillance des ruches, la plupart
d’entre elles reposent sur des enregistrements réalisés sur de trés courtes périodes (sou-
vent 24 heures), principalement durant les mois de juin et juillet [45, 46| [47]. Pour qu'un
systéme de surveillance soit fiable, il est impératif d'inclure des données enregistrées sur
plusieurs mois et saisons, car le comportement des abeilles varie fortement entre I'été et
I'hiver. Un autre probleme réside dans le nombre limité de ruches considérées dans chaque
étude : les configurations expérimentales les plus courantes ne comportent qu’une a deux
ruches, ce qui compromet la généralisabilité des résultats. Par conséquent, les conclusions
rapportées dans la littérature peuvent ne pas refléter pleinement le potentiel réel de la sur-
veillance acoustique.

4. Manque de généralisabilité des modeles entre les ruches. Enfin, plusieurs travaux ont
mis en évidence une faible généralisabilité des modeéles existants [48, [49], qui affichent
des performances limitées lorsqu’ils sont appliqués a des ruches non vues lors de I'en-
trainement. En apprentissage automatique, on distingue généralement trois ensembles de
données : I'entrainement, la validation et le test. Lensemble d’entrainement sert a ajuster
les parameétres du modele, tandis que 'ensemble de test permet d’évaluer objectivement les
performances finales. Lensemble de validation, quant a lui, est utilisé pour ajuster les hyper-
paramétres sans biais. Deux configurations expérimentales principales sont généralement
utilisées pour évaluer la généralisabilité d’'un modéle : la division aléatoire (« random-split
») et la séparation par ruche (« hive-independent »). Dans la premiére, 'ensemble des don-
nées de toutes les ruches est divisé aléatoirement entre les ensembles d’entrainement, de
validation et de test. Dans la seconde, certaines ruches sont exclues de I'entrainement et
réservées uniquement au test. Dans tous les cas, les performances observées dans le scé-
nario « hive-independent » sont considérablement dégradées par rapport au cas aléatoire,
ce qui met en lumiere un probléme important de généralisabilité. Cela pourrait s’expliquer
par I'utilisation de descripteurs acoustiques inadéquats ou par des biais introduits par la
taille limitée des jeux de données, ou encore par la présence d’artéfacts. Le développe-
ment de nouvelles représentations audio et de solutions sensibles au contexte est donc
essentiel pour améliorer la fiabilité des systémes de surveillance acoustique automatisés.

Compte tenu de ces limitations, cette recherche doctorale vise a relever ces défis en proposant
des solutions innovantes pour le développement de systemes de surveillance acoustique plus
robustes, précis et aptes a étre déployés dans des contextes réels.
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0.2 Chapitre 2 : Surveillance acoustique des ruches : revue de I'état de I'art

0.2.1 Portée et Méthodologie de la Revue

Ce chapitre présente une revue systématique et critique de la littérature sur la surveillance
acoustique des abeilles et des pollinisateurs apparentés. Lobjectif principal est de situer cette
thése dans le contexte plus large de la recherche et d’identifier les défis méthodologiques, expé-
rimentaux et pratiques non résolus qui limitent le déploiement en conditions réelles. La revue se
concentre sur les études publiées entre janvier 2012 et mai 2025, reflétant la croissance rapide de
I'intérét pour I'apiculture de précision et la surveillance bioacoustique, stimulée par les avancées
en apprentissage automatique et en technologies de détection.

Une méthodologie de revue structurée a été adoptée afin d’assurer une couverture exhaustive
et reproductible. Les articles de revues et conférences évalués par des pairs, ainsi que certains
préprints électroniques, ont été collectés a partir des principales bases de données scientifiques, y
compris IEEE Xplore, Scopus, PubMed, Google Scholar et arXiv. Les critéres d’inclusion ciblaient
les études utilisant des signaux audio pour inférer I'activité des abeilles, la santé de la colonie, le
comportement, les stress environnementaux ou l'identité des espeéces. Les travaux se concentrant
exclusivement sur le développement de matériel ou de logiciels sans analyse acoustique ont été
exclus. Chaque article sélectionné a été analysé selon cing dimensions clés : origine de la publica-
tion, objectifs de I'étude, protocoles expérimentaux et d’enregistrement, méthodes d’analyse audio
et d’apprentissage automatique, et pratiques de reproductibilité.

0.2.2 Applications de la Surveillance Acoustique des Abeilles

La littérature examinée révéle une communauté de recherche géographiquement diversifie,
la majorité des contributions provenant d’Amérique du Nord, d’Europe et d'Asie de I'Est. Les ob-
jectifs de recherche sont tres hétérogenes, englobant la détection de l'activité des abeilles, la
surveillance de la présence ou de I'absence de la reine, la prédiction de I'essaimage, l'identifi-
cation des especes, I'évaluation de la pollinisation et la détection des stress environnementaux.
Parmi ces applications, la détection de I'absence de la reine et la prédiction de I'essaimage appa-
raissent comme les plus étudiées, reflétant leur importance critique pour la survie des colonies et
les opérations apicoles.

Dans I'ensemble, la surveillance acoustique a démontré un fort potentiel pour détecter des
phénoménes au niveau de la colonie tels que I'essaimage, le vol de ruches et la dynamique de
population, ainsi que pour identifier des espéces individuelles et des comportements de pollinisa-
tion. Les études impliquant des bourdons et des espéces non-Apis mellifera illustrent davantage
la richesse des signatures acoustiques liées a la morphologie, au comportement et a la fonction



écologique. Cependant, les solutions spécifiques a chaque application dominent la littérature, et
les cadres généralisables restent limités.

0.2.3 Conception Expérimentale et Pratiques de Collecte de Données

Léchelle et la conception expérimentale varient considérablement dans la littérature. Si cer-
taines études s’appuient sur des enregistrements d’abeilles individuelles ou de petits groupes
contrblés, la majorité utilise entre une et six ruches, avec seulement quelques déploiements a
grande échelle impliquant des dizaines de ruches ou domiciles. Notamment, de nombreuses
études ne précisent pas le nombre de ruches ou d’individus utilisés, et seule une petite partie
évalue explicitement la généralisation indépendante de la ruche, essentielle pour I'applicabilité en
conditions réelles.

La collecte de données est fortement dépendante de la saison, la plupart des enregistrements
étant acquis pendant la période d’activité maximale des abeilles, au printemps tardif et en été. Plu-
sieurs travaux montrent que les caractéristiques acoustiques varient selon les saisons et I'heure
de la journée, motivant certaines études a adopter des stratégies de surveillance sur 24 heures.
Néanmoins, les calendriers d’enregistrement, les durées et les conditions environnementales res-
tent tres hétérogénes, compliquant la comparaison directe entre les expériences.

0.2.4 Acquisition et Prétraitement du Signal

Les parametres clés d’acquisition du signal, y compris la fréquence d’échantillonnage et les
caractéristiques des microphones, sont souvent peu documentés. Bien que la majeure partie de
I'énergie acoustique biologiquement pertinente se situe sous 1 kHz, les fréquences d’échantillon-
nage varient de quelques kilohertz a 44,1 kHz, et les réponses en fréquence des microphones
sont souvent non spécifiées. Cette omission est particulierement problématique pour I'analyse des
basses fréquences, car des microphones avec une sensibilité insuffisante risquent de ne pas cap-
turer des signaux biologiqguement significatifs.

Les pratiques de prétraitement audio sont également incohérentes. Bien que certaines études
appliquent un filtrage passe-bande ou passe-bas et un sous-échantillonnage pour réduire le bruit et
le colt computationnel, la majorité ne décrit aucune étape de prétraitement ni ne fournit d’analyses
comparatives entre signaux bruts et traités. Par conséquent, I'impact des choix de prétraitement
sur les performances en aval reste mal compris.



0.2.5 Représentations Audio et Ingénierie des Caractéristiques

D’un point de vue analytique, les représentations temps—fréquence dominent le domaine. Les
coefficients cepstraux en fréquences mél (CCFM) sont les plus utilisés, suivis des représentations
spectrogrammes dérivées de la transformée de Fourier a court terme (STFT). D’autres approches,
telles que les transformées en ondelettes, la transformée en Q-constante, la prédiction linéaire et la
transformée de Hilbert—Huang, ont montré des résultats prometteurs pour des taches spécifiques
comme la détection de I'absence de la reine et la prédiction de I'essaimage.

La sélection des caractéristiques dépend largement de la tache, et aucune représentation
unique ne surpasse systématiquement les autres selon les applications. Cette diversité souligne la
nécessité de représentations équilibrant robustesse, interprétabilité et sensibilité aux motifs acous-
tigues biologiqguement pertinents.

0.2.6 Stratégies d’Apprentissage Automatique et de Modélisation

Une large gamme d’algorithmes d’apprentissage automatique a été explorée. Les modéles
classiques—tels que les machines a vecteurs de support, la régression logistique, les foréts aléa-
toires et les k-plus proches voisins—restent largement utilisés en raison de leur interprétabilité et
de leur faible colt computationnel. Parallelement, les approches d’apprentissage profond telles
que les réseaux convolutifs, récurrents, hybrides et basés sur les transformers ont gagné en popu-
larité en exploitant des représentations temps—fréquence de type image ou des embeddings audio
appris.

Les études récentes explorent de plus en plus I'apprentissage par transfert, 'apprentissage
auto-supervisé et 'apprentissage fédére, reflétant l'intérét croissant pour I'efficacité des données,
la confidentialité et la scalabilité. Malgré ces avancées, la robustesse des modéles face au bruit,
au changement de domaine et a la variabilité saisonniére reste un défi persistant.

0.2.7 Protocoles d’Evaluation et Reproductibilité

Les pratiques d’évaluation des performances varient considérablement selon les études. La
précision est le métrique le plus souvent rapporté, souvent accompagnée de 'AUC, du F1-score,
de la précision et du rappel. Cependant, la prévalence du déséquilibre des classes dans les taches
acoustiques liées aux abeilles suggére que la seule précision peut étre trompeuse. Les protocoles
d’évaluation, les stratégies de validation croisée et les conditions de test sont rapportés de maniéere
incohérente, limitant la comparaison significative entre les approches.

La reproductibilité reste un défi majeur dans le domaine. Seule une fraction des études re-
pose sur des ensembles de données publics, et encore moins partagent le code source. Bien que



certains ensembles de données notables tels que Nu-Hive, OSBH et BUZZ aient permis un bench-
marking limité, I'absence de jeux de données standardisés, de pipelines ouverts et de protocoles
d’évaluation cohérents continue de freiner les progres.

0.2.8 Synthése et Lacunes ldentifiées

A travers presque toutes les dimensions examinées—collecte de données, acquisition de si-
gnal, représentation des caractéristiques, modélisation et évaluation—une hétérogénéité substan-
tielle et un sous-reporting limitent la robustesse, la généralisation et la reproductibilité. Bien que
la surveillance acoustique des abeilles ait donné des résultats prometteurs pour diverses applica-
tions, le domaine reste contraint par des pratiques expérimentales fragmentées et un manque de
cadres de validation standardisés.

Au-dela du résumé des travaux existants, ce chapitre fournit une synthése structurée des pra-
tigues expérimentales, des représentations des caractéristiques et des stratégies de modélisation,
mettant en évidence des limitations systémiques qui guident directement les choix méthodolo-
giques adoptés dans le reste de cette these. Ces lacunes identifiées motivent les contributions
méthodologiques développées dans les chapitres suivants, visant a améliorer la robustesse au
bruit, renforcer la généralisation entre ruches et saisons, et promouvoir des systemes de sur-
veillance acoustique reproductibles et évolutifs.

0.3 Chapitre 3 : Jeu de données UrBAN

Ce chapitre présente UrBAN (Urban Beehive Acoustics and PheNotyping), un jeu de données
a grande échelle et en accés libre congu pour soutenir la surveillance acoustique des colonies
d’abeilles. Ce jeu de données répond a la rareté des jeux de données audio publics sur les ruches
en fournissant plus de 3 000 heures d’enregistrements audio bruts, collectés sur deux années
consécutives (2021-2022) a partir de dix ruches installées sur le toit d’'un rucher a Montréal, Ca-
nada.

UrBAN inclut des données de capteurs multimodaux, telles que la température et 'humidité
internes a la ruche enregistrées toutes les 15 minutes, ainsi que des variables météorologiques
externes, incluant la température, 'lhumidité, la vitesse du vent et les précipitations. Des inspec-
tions manuelles fournissent des annotations phénotypiques de référence, notamment la population
de la colonie (cadres d’abeilles), I'état de la reine, le niveau d’infestation par les acariens Varroa et
la mortalité hivernale. Environ 20% des ruches sont mortes aprés I'hivernage en 2022, soulignant
la pertinence du jeu de données pour les études sur la survie des colonies.

Les populations de ruches ont été volontairement variées afin de capturer une diversité de
forces coloniales, allant de 6 a 30 cadres d’abeilles, et les enregistrements audio refletent les



changements correspondants de I'activité acoustique. Lanalyse révéle des variations diurnes et
saisonniéres de l'intensité sonore, qui corrélent avec la température et 'humidité internes et ex-
ternes, reflétant I'activité de la colonie et la thermorégulation. La valeur RMS de 'audio et les motifs
du spectrogramme montrent une activité accrue lors des périodes de hausse de température et
d’humidité faible, cohérente avec le butinage et la dynamique de la colonie.

Comparé aux jeux de données existants, UrBAN offre une couverture temporelle plus étendue,
un accés aux enregistrements audio bruts, des mesures de capteurs multimodaux et des enre-
gistrements phénotypiques détaillés, permettant des études longitudinales et le développement
de modeles d’apprentissage automatique généralisables. Le jeu de données est accessible publi-
quement via le Federated Research Data Repository, constituant une ressource pour la recherche
reproductible sur la santé des ruches, I'estimation des populations et la résilience des colonies en
environnements urbains réels.

0.4 Chapitre 4 : Impact du bruit environnemental et du prétraitement

0.4.1 Facteurs de bruit environnemental

Cette section étudie I'impact du bruit environnemental sur la surveillance acoustique des co-
lonies d’abeilles en utilisant le jeu de données UrBAN, qui fournit des enregistrements a long
terme provenant de ruches urbaines. Les perturbations environnementales—bruits urbains, voix
humaines et fortes pluies—peuvent significativement déformer les caractéristiques audio cou-
ramment utilisées, compromettant la fiabilité et la robustesse des systémes automatisés de sur-
veillance. Cette section examine ces effets sur les caractéristiques RMS, spectrogrammes, CCFM
et DWT, en soulignant I'importance d’une extraction de caractéristiques contextuellement consciente
et résiliente au bruit.

0.4.1.1 Méthodologie

Les enregistrements audio ont été rééchantillonnés a 2048 Hz et découpés en trames de 1
seconde. Les caractéristiques acoustiques suivantes ont été extraites :

— RMS : Mesure la puissance du signal et identifie les pics environnementaux causés par le
bruit urbain, la parole et la pluie.

— Spectrogramme : Représentation temps-fréquence obtenue via STFT (fenétre de Hann,
125 ms, recouvrement de 50 %) ; utilisée précédemment pour la détection de I'essaimage
et de la présence de la reine.

— CCFM : Les 12 premiers coefficients plus le coefficient zéro, extraits via préaccentuation,
STFT, banque de filtres mel, logarithme et DCT ; sensibles au bruit transitoire et continu.



— DWT : Décomposition du signal en composantes d’approximation et de détail (10 niveaux,
Daubechies db2), capturant les variations temps-fréquence causées par le bruit environne-
mental.

Trois réseaux neuronaux convolutionnels (CNN) ont été entrainés pour prédire la force de la
ruche (0 a 30 cadres d’abeilles) en utilisant chaque ensemble de caractéristiques. Deux protocoles
d’évaluation ont été mis en place :

1. Random-split : 25 % des trames pour le test, 20 % pour la validation, le reste pour I'entrai-
nement.

2. Hive-independent : Approche leave-some-hives-out, avec sept ruches pour I'entrainement
(30 % utilisées pour la validation) et trois ruches inédites pour le test.

Les performances ont été évaluées via I'erreur absolue moyenne (MAE) et I'erreur quadratique
moyenne (RMSE).

0.4.1.2 Résultats et discussion

Bruits urbains Les rails de train provoquent des perturbations basses et moyennes fréquences
(~64-250 Hz), affectant RMS, spectrogrammes, CCFM et DWT. Le premier coefficient CCFM aug-
mentait d’environ 50 dB lors du passage des trains, pouvant entrainer des prédictions incorrectes.
Les coefficients de détail DWT étaient particulierement sensibles a ces bruits urbains transitoires.

Voix humaines La parole de I'apiculteur se superpose aux fréquences acoustiques de la ruche
(80—250 Hz), modifiant I'énergie du spectrogramme et les distributions CCFM/DWT. Les systemes
basés sur les moyennes CCFM ou DWT étaient vulnérables aux artefacts de parole transitoire,
pouvant causer des erreurs de classification.

Pluie intense Les précipitations générent un bruit de longue durée, augmentant la puissance
audio sur plusieurs bandes de fréquences d’environ 10 dB. Les coefficients CCFM et DWT étaient
fortement perturbés pendant plusieurs heures, contrairement aux effets transitoires du bruit urbain
ou de la parole, représentant un risque plus important pour la surveillance continue.

Performance des prédictions
— Random-split (données propres) : Les modéles basés sur CCFM ont montré la meilleure
performance (MAE 0,86), suivis par les modeles spectrogramme et DWT.
— Random-split (données bruitées) : CCFM les plus robustes face aux bruits urbains et a
la pluie ; spectrogrammes plus performants pour la parole ; DWT les plus affectés.
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— Hive-independent : Toutes les erreurs augmentent ; spectrogrammes légérement meilleurs
pour les bruits urbains et la parole, CCFM plus performants sous fortes pluies.
Ces résultats montrent que le bruit environnemental dégrade significativement les performances
de surveillance, les artefacts de parole provoquant les erreurs les plus importantes lors des tests
hive-independent.

0.4.1.3 Conclusion

Le bruit environnemental—Dbruits urbains, voix humaines et fortes pluies—affecte fortement les
caractéristiques acoustiques couramment utilisées (RMS, spectrogramme, CCFM, DWT), modi-
fiant le contenu fréquentiel, les distributions de coefficients et les composantes DWT. Bien que
les modeles d’apprentissage profond montrent un potentiel pour la surveillance acoustique des
ruches, leurs performances sont tres sensibles aux conditions environnementales, soulignant I'im-
portance d’extraire des caractéristiques contextuellement conscientes et résilientes au bruit dans
les ruchers urbains.

0.4.2 Détecteurs d’activité vocale pour la surveillance acoustique des ruches

Cette section évalue I'efficacité de trois méthodes de détection d’activité vocale (VAD)—seuil
d’énergie a court terme, WebRTC VAD et réseau neuronal profond convolutionnel récurrent (VAD-
CRDNN)—pour détecter la parole humaine intégrée dans les enregistrements de ruches. Les ex-
périences ont été menées sur deux jeux de données : UrBAN (interne) et Nu-hive, contenant des
enregistrements de ruches avec ou sans reine.

0.4.2.1 Méthodologie

Trois méthodes VAD ont été évaluées, différant par leur complexité, approche et robustesse au
bruit de fond dans les enregistrements de ruches.

Seuil d’énergie a court terme Cette méthode classique estime I'énergie des trames courtes et
la compare a un seuil prédéfini pour détecter la parole. Ici, I'énergie a été calculée sur 'ensemble
du spectre et dans une sous-bande dominante de la parole (300—3000 Hz). Le ratio énergie sous-
bande / énergie totale était comparé a un seuil de 0,6 pour classifier les trames. Simple mais trés
sensible au bruit de fond, comme le bourdonnement des abeilles ou les bruits environnementaux.

WebRTC VAD WebRTC VAD utilise les log-énergies sur six bandes de fréquences (80—4000
Hz) et applique un modéle de mélange gaussien pré-entrainé (GMM) pour classifier les trames
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parole/non-parole. Congu pour les environnements acoustiques bruyants et dynamiques, adapté
aux enregistrements de ruches. La version Python a été utilisée avec le mode de filtrage le plus
agressif pour réduire les faux positifs. Permet une détection robuste sans entrainement spécifique.

Réseau neuronal profond convolutionnel récurrent (VAD-CRDNN) Architecture CNN-RNN-
DNN : deux couches convolutionnelles (VGG, 16 et 32 filtres, noyaux 3x3), deux couches GRU,
deux couches pleinement connectées (16 neurones). Entrée : énergies Mel filterbank 40 dimen-
sions. Sortie : probabilités de parole par trame, seuilées pour classification. Un modele pré-entrainé
a été fine-tuné sur les deux jeux de données pendant 30 époques (VAD-CRDNN-FT).

0.4.2.2 Résultats et discussion

WebRTC a surpassé les autres méthodes sur les deux jeux de données, avec la meilleure pré-
cision et F1-score. Le seuil d’énergie court terme a eu des difficultés, et VAD-CRDNN a bénéficié
du fine-tuning mais restait moins performant que WebRTC. Linspection visuelle a confirmé que
WebRTC capture de maniere fiable les segments de parole malgré le bourdonnement et les bruits
environnementaux.

0.4.2.3 Conclusion

WebRTC VAD est la méthode la plus adaptée pour détecter la parole humaine dans la sur-
veillance acoustique des ruches, surpassant les méthodes simples et les modéles DNN récents.
Le fine-tuning améliore les performances des réseaux profonds mais ne dépasse pas WebRTC,
soulignant sa robustesse pour les applications de surveillance automatisée des ruches.

0.4.3 Amélioration audio

Le bruit environnemental peut masquer les sons produits par les abeilles, réduisant la préci-
sion des systemes de surveillance acoustique. Bien que des études antérieures aient abordé la
suppression de certains bruits spécifiques (parole humaine), une étape générale et robuste de
réduction du bruit reste nécessaire pour les enregistrements réels de ruches.

0.4.3.1 Meéthode de soustraction spectrale de 'amplitude

— Principe : Les composantes spectrales du bruit sont estimées et soustraites du signal
audio original pour isoler les sons des abeilles, améliorant le rapport signal sur bruit tout en
conservant les caractéristiques acoustiques biologiquement pertinentes.
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— Estimation du bruit : Un filtre a moyenne mobile exponentielle (EMA) est utilisé pour es-
timer le spectre de bruit. Le poids « est adapté trame par trame selon le rapport signal sur
bruit a-posteriori (SNR).

— Ajustement adaptatif : Le parameétre « est ajusté via une fonction sigmoide avec un seuil
T et une pente a, permettant d’atténuer sélectivement le bruit dans les trames a faible SNR
tout en préservant les trames a SNR élevé.

— Interprétation :

— SNRg posteriori ~ 1 : trame dominée par le bruit
— SNRa posteriori > 1 : trame contenant signal et bruit

— Implémentation et visualisation : Lalgorithme est disponible sur GitHub. Les spectro-
grammes avant/apres amélioration montrent une réduction nette du bruit dans les bandes
de fréquence caractéristiques tout en conservant les structures harmoniques essentielles.

Lanalyse qualitative montre une réduction claire du bruit de fond sans supprimer les structures
harmoniques caractéristiques. Bien que cette méthode ne supprime pas tous les bruits non sta-
tionnaires, elle constitue une étape légére et efficace qui améliore la clarté du signal, facilitant
I'extraction de caractéristiques et la modélisation en conditions réelles.

0.4.4 Conclusion

Ce chapitre a examiné la conscience contextuelle dans la surveillance acoustique des ruches,
en se concentrant sur I'impact du bruit environnemental réel sur les caractéristiques audio et les
modéles d’apprentissage automatique. Les enregistrements UrBAN ont montré que les bruits ur-
bains, la parole humaine et les fortes pluies dégradent significativement les caractéristiques acous-
tiques (spectrogrammes, CCFM), réduisant la précision des prédictions, surtout pour les évalua-
tions hive-independent.

Le chapitre a également évalué les méthodes VAD (seuil d’énergie, WebRTC, CRDNN), mon-
trant que WebRTC est la plus robuste pour distinguer la parole des sons d’abeilles, soulignant
'importance d’'une sélection soigneuse des outils.

Enfin, la soustraction spectrale de 'amplitude a été présentée comme une méthode légere
d’amélioration audio qui atténue adaptativement le bruit tout en préservant les sons liés a I'activité
des abeilles. Bien qu’elle ne supprime pas tous les bruits, elle améliore la clarté du signal et facilite
I'extraction de caractéristiques.
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0.5 Chapitre 5 : Caractéristiques basées sur le spectrogramme de modulation

0.5.1 Prédiction de la population des colonies

Des analyses précédentes ont montré que les caractéristiues acoustiques couramment utili-
sées pour le suivi des ruches, telles que les descripteurs basés sur le spectrogramme, CCFM et
les représentations par ondelettes, sont fortement sensibles aux sources de bruit environnemental,
notamment les précipitations, le passage de trains a proximité et la parole humaine. Ces perturba-
tions introduisent des distorsions spectrales qui dégradent significativement les performances des
modeéles dans des conditions d’enregistrement réelles, limitant ainsi I'applicabilité des systemes
de surveillance existants en dehors d’environnements controlés.

De plus, les signatures acoustiques varient considérablement d’une ruche a l'autre en raison
des différences de population, de structure des ruches et de conditions d’installation, ce qui en-
traine une faible capacité de généralisation vers des ruches non observées. La sensibilité au bruit
environnemental et la variabilité inter-ruches constituent ainsi des défis majeurs pour le dévelop-
pement de systéemes fiables de surveillance acoustique automatisée.

0.5.1.1 Approche proposée : caractéristiques spectrales de modulation

Afin de relever ces défis, ce chapitre étudie I'utilisation de caractéristiques spectrales de mo-
dulation pour la prédiction automatisée de la force des colonies d’abeilles. Contrairement aux
représentations temps—fréquence conventionnelles, les caractéristiques de modulation décrivent
la dynamique temporelle de I'énergie spectrale en quantifiant les fréquences de modulation as-
sociées aux variations d’activité acoustique au cours du temps. Cette représentation fréquence—
fréquence permet une meilleure discrimination entre les sons intrinseques produits par les abeilles
et les bruits environnementaux externes.

Bien que les représentations basées sur la modulation aient démontré leur robustesse dans
d’autres domaines du traitement du signal, leur application au suivi acoustique des ruches n’avait
jusqu’a présent pas été explorée. Lapproche proposée repose principalement sur l'ingénierie de
caractéristiques plutdt que sur I'apprentissage profond de bout en bout, en raison de la disponibilité
limitée de grands ensembles de données acoustiques apicoles annotées et librement accessibles.

0.5.1.2 Extraction des caractéristiques a partir du spectrogramme de modulation

Le spectrogramme de modulation est calculé a I'aide d’un processus de transformée de Fourier
a court terme (STFT) en deux étapes. Dans un premier temps, un spectrogramme conventionnel
est généré a l'aide d’une fenétre de 100 ms et d’'un pas de 12,5 ms. Une seconde STFT est
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ensuite appliquée a I'’évolution temporelle de chaque bande spectrale a l'aide d’'une fenétre de 60 s,
produisant un tensorgramme de modulation tridimensionnel qui capture la fréquence acoustique,
la fréequence de modulation et le temps.

Lagrégation temporelle du tensorgramme de modulation permet d’obtenir un spectrogramme
de modulation bidimensionnel, a partir duquel trois ensembles de caractéristiques sont extraits :

— Modulation Spectrogram Flattened (MSF) : un vecteur de caractéristiques de dimension
160 obtenu par I'aplatissement du spectrogramme de modulation réduit ;

— Modulation Spectrogram Averaged Bands (MSAB) : une représentation compacte de di-
mension 28 calculée en moyennant I'énergie de modulation sur des bandes prédéfinies de
fréquences acoustiques et de modulation ;

— Modulation Spectrogram Shape Descriptors (MSSD) : un ensemble de 252 caractéristiques
composé de descripteurs de forme spectrale extraits le long des axes de fréquence acous-
tique et de fréquence de modulation.

Ces ensembles de caractéristiques capturent des informations complémentaires relatives a la
distribution de I'énergie de modulation et a la dynamique acoustique structurée associée a I'activité
de la colonie.

0.5.1.3 Cadre expérimental

Les caractéristiques de modulation proposées sont évaluées en comparaison avec des carac-
téristiques de référence largement utilisées, notamment les CCFM, les Coefficients Cepstraux en
Fréquences Linéaires (CCFL) et des descripteurs spectraux conventionnels. Afin de réduire I'in-
fluence du bruit environnemental, une soustraction de I'amplitude spectrale est appliquée comme
étape de prétraitement avant I'extraction des caractéristiques.

Les expériences sont menées selon deux protocoles d’évaluation : une séparation aléatoire des
données et une évaluation indépendante par ruche, cette derniére étant essentielle pour évaluer
la capacité de généralisation vers des ruches non observées. La sélection des caractéristiques est
réalisée a I'aide des méthodes minimum de redondance et maximum de pertinence (MRMR) ainsi
que d’'un classement basé sur les valeurs SHAP. Un régresseur de forét aléatoire est utilisé pour
prédire la taille de la population des colonies, exprimée en cadres d’abeilles. Les performances
des modeles sont évaluées a I'aide de plusieurs métriques, dont I'erreur absolue moyenne (MAE),
I'erreur quadratique moyenne (RMSE), I'erreur absolue moyenne en pourcentage (MAPE), le co-
efficient de corrélation de Pearson et le coefficient de détermination (R?).

15



0.5.1.4 Résultats et discussion

Lanalyse de I'importance des caractéristiques montre que les caractéristiques spectrales de
modulation capturent des motifs informatifs en fréquences acoustiques et de modulation associés
a la force des colonies. Parmi les représentations proposées, 'ensemble MSAB présente systé-
matiquement de solides performances prédictives tout en conservant une faible dimensionnalité.

Dans le cadre de I'évaluation par séparation aléatoire, les caractéristiques basées sur les
CCFM obtiennent les meilleures performances, ce qui refléte leur efficacité lorsque les conditions
d’apprentissage et de test sont similaires. En revanche, dans le cadre de I'évaluation indépendante
par ruche, les caractéristiques de référence subissent une dégradation notable des performances,
mettant en évidence leur sensibilité a la variabilité inter-ruches.

A Tlinverse, les caractéristiques spectrales de modulation, en particulier MSAB, démontrent une
robustesse et une capacité de généralisation accrues sur des ruches non observées. La fusion
de caractéristiques améliore encore la précision des prédictions, les ensembles combinant des
caractéristiques de référence et de modulation offrant les performances les plus stables dans
I'ensemble des scénarios d’évaluation.

0.5.1.5 Conclusion

Les résultats confirment que le bruit environnemental et la variabilité spécifique aux ruches
limitent fortement la généralisabilité des caractéristiques acoustiques conventionnelles. En mettant
'accent sur la dynamique temporelle et spectrale plutét que sur le contenu spectral absolu, les
caractéristiques spectrales de modulation offrent une robustesse accrue dans des conditions de
déploiement réalistes. Leur performance améliorée dans les évaluations indépendantes par ruche
soutient leur pertinence pour le développement de systémes de surveillance acoustique apicole
évolutifs et applicables en conditions réelles.

0.5.2 Prédiction non invasive de I'infestation par le varroa dans les colonies d’abeilles

Varroa destructor constitue 'une des menaces les plus critiques pour la survie des colonies
d’abeilles a I'’échelle mondiale. En se nourrissant des abeilles et en agissant comme vecteur de
virus tels que le virus des ailes déformées, I'infestation par le varroa peut rapidement affaiblir les co-
lonies et entrainer leur effondrement en I'absence de traitement opportun. Les pratiques actuelles
de surveillance reposent principalement sur des méthodes d’inspection manuelle, qui sont inva-
sives, colteuses en main-d’ceuvre et offrent une information temporelle limitée. Ces contraintes
motivent le développement d’approches automatisées et non invasives capables d’évaluer en
continu le risque d’infestation et de soutenir une intervention précoce.
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Les avancées récentes en apiculture de précision et en apprentissage automatique ont mis
en évidence le suivi acoustique comme une modalité prometteuse pour I'évaluation de la santé
des colonies. Bien que I'analyse acoustique ait été appliquée avec succes a des taches telles
que la détection de I'essaimage, I'identification de I'absence de reine et I'estimation de la force
des colonies, son application a la détection de l'infestation par le varroa reste limitée. Les études
existantes reposent principalement sur des caractéristiques cepstrales telles que les CCFM, initia-
lement congues pour le traitement de la parole, et qui peuvent ne pas capturer de maniére optimale
la structure spectrale et la dynamique temporelle de I'activité collective des abeilles.

0.5.2.1 Limites des caractéristiques acoustiques existantes

La majorité des travaux antérieurs en surveillance acoustique des ruches utilisent les CCFM
comme représentation dominante. Bien que ces caractéristiques aient montré des performances
compétitives dans plusieurs taches de classification, elles mettent I'accent sur des enveloppes
spectrales a court terme et une échelle fréquentielle perceptuelle, ce qui peut conduire a négliger
des modulations temporelles plus lentes et des motifs rythmiques caractéristiques du comporte-
ment a I'échelle de la colonie. Ces limitations sont particulierement pertinentes pour les change-
ments acoustiques liés au varroa, qui peuvent se manifester par une modification de I'organisation
spectrale et une réduction de la variabilité temporelle plutét que par des événements transitoires
isolés.

Afin de fournir une base de comparaison équitable tout en examinant ces limitations, cette
étude inclut a la fois les CCFM et les CCFL, permettant une évaluation systématique des repré-
sentations perceptuelles et linéaires dans le contexte de la détection du varroa.

0.5.2.2 Représentation des caractéristiques proposée

Ce travail introduit un cadre de fusion de caractéristiques basé sur des descripteurs de forme
spectrale extraits a partir de spectrogrammes conventionnels et de spectrogrammes de modula-
tion. Neuf descripteurs — centroide, étendue, asymétrie, kurtosis, entropie, roll-off, platitude, créte
et flux — sont calculés afin de caractériser différents aspects du signal acoustique.

Les descripteurs dérivés du spectrogramme conventionnel capturent la structure spectrale a
court terme, notamment 'organisation harmonique, la distribution de I'énergie et le caractere bruité
du signal. En paralléle, les spectrogrammes de modulation sont calculés a I'aide d’'une seconde
STFT appliquée dans le temps, permettant I'analyse de modulations d’amplitude plus lentes et
de fluctuations rythmiques. Les descripteurs de forme spectrale extraits le long de I'axe des fré-
quences de modulation capturent des dynamiques temporelles absentes des caractéristiques ba-
sées sur les spectrogrammes standards.
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La combinaison de ces deux représentations vise a fournir des informations complémentaires,
caractérisant conjointement le contenu fréquentiel instantané et le comportement de modulation a
plus long terme associé a l'infestation par le varroa.

0.5.2.3 Cadre expérimental

Lapproche proposée est évaluée a 'aide du jeu de données UrBAN, qui comprend des en-
registrements acoustiques continus de ruches ainsi que des mesures d’infestation par le varroa
obtenues par lavage a l'alcool. La tache de détection est formulée comme un probléme de classi-
fication binaire supervisée, ou les colonies sont étiquetées selon que le taux d’infestation dépasse
ou non un seuil de 3%, conformément aux recommandations apicoles en matiere de traitement.

Plusieurs classificateurs d’apprentissage automatique sont évalués, notamment Naive Bayes,
foréts aléatoires, gradient boosting, k plus proches voisins, machines a vecteurs de support et per-
ceptron multicouche, ainsi qu’un réseau de neurones convolutionnel Iéger a titre de comparaison.
Afin de garantir une évaluation réaliste des performances, une stratégie de validation croisée in-
dépendante par ruche est employée, consistant a exclure des ruches entiéres lors des phases de
test afin d’éviter toute fuite d’'information et de mieux refléter les conditions de déploiement.

Les performances des modeéles sont évaluées a l'aide des métriques ROC-AUC, score F1,
précision et rappel, offrant une évaluation équilibrée dans un contexte de déséquilibre des classes.

0.5.2.4 Résultats et discussion

Lanalyse des descripteurs de forme spectrale révéle des différences acoustiques nettes entre
les colonies saines et celles infestées par le varroa. Une infestation accrue est associée a une
augmentation de I'entropie spectrale, de la platitude, du centroide et de I'étendue, indiquant un
spectre plus plat, plus bruité et moins structuré harmoniquement. Au niveau de la modulation, les
ruches infestées présentent une réduction du flux spectral et un contenu plus faible en fréquences
de modulation, reflétant une variabilité temporelle réduite et une dynamique acoustique plus lente.

Dans les expériences de classification, les CCFM et les CCFL présentent un pouvoir discrimi-
nant limité, tandis que les descripteurs de forme spectrale proposés surpassent significativement
les caractéristiques cepstrales de référence pour 'ensemble des classificateurs. Les caractéris-
tigues dérivées du spectrogramme de modulation améliorent encore les performances, soulignant
'importance des indices de modulation temporelle. La fusion des descripteurs conventionnels et
de modulation fournit les meilleurs résultats globaux, confirmant leur complémentarité.
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0.5.2.5 Conclusion

Cette section montre que l'infestation par le varroa affecte a la fois la structure spectrale et
les motifs de modulation temporelle des sons produits par les colonies d’abeilles. En dépassant
les représentations cepstrales et en intégrant des descripteurs spectraux sensibles a la modula-
tion, le cadre proposé offre une robustesse et une capacité de généralisation accrues dans un
contexte d’évaluation indépendante par ruche. Ces résultats soutiennent l'utilisation de caracté-
ristiques acoustiques basées sur la modulation comme solution pratique et évolutive pour le suivi
non invasif du varroa en apiculture de précision.

0.6 Chapitre 6 : Apprentissage profond a partir du spectrogramme de modulation
et du tensorgramme

En s’appuyant sur le chapitre précédent, qui a démontré I'efficacité des caractéristiques de
modulation congues manuellement combinées a des modeéles d’apprentissage automatique clas-
siques pour I'estimation de la force des colonies d’abeilles, ce chapitre examine si des architectures
d’apprentissage profond peuvent exploiter plus efficacement les représentations de modulation
afin d’améliorer les performances prédictives et la capacité de généralisation. Bien que les classifi-
cateurs conventionnels aient montré des résultats prometteurs dans des contextes contrblés, leur
aptitude a généraliser a des ruches non observées et a des conditions environnementales variées
demeure limitée, en particulier dans des scénarios de déploiement réels.

Des travaux récents en surveillance acoustique des ruches ont montré que les réseaux de
neurones convolutionnels (CNN) surpassent les méthodes d’apprentissage automatique tradition-
nelles lorsqu’ils sont appliqués a des représentations temps—fréquence telles que les spectro-
grammes. Parallélement, les représentations spectrales de modulation ont émergé comme une
alternative robuste aux spectrogrammes classiques, car elles encodent explicitement les fluctua-
tions temporelles de I'énergie caractéristiques de I'activité collective des abeilles et présentent une
sensibilité réduite au bruit de fond stationnaire. Ce chapitre fait le lien entre ces deux axes de
recherche en appliquant des réseaux neuronaux profonds directement aux spectrogrammes de
modulation et aux tensorgrammes de modulation.

0.6.1 Représentations basées sur la modulation

Le spectrogramme de modulation et son extension tridimensionnelle, le tensorgramme de mo-
dulation, sont utilisés pour représenter les signaux acoustiques des ruches en fonction de la fré-
quence acoustique, de la fréquence de modulation et du temps. Ces représentations sont obte-
nues en appliquant une seconde transformée de Fourier a court terme a I'évolution temporelle
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de chaque bande spectrale, permettant ainsi I'extraction de motifs rythmiques et de modulations
temporelles qui ne sont pas capturés par les spectrogrammes conventionnels.

Lanalyse des spectrogrammes de modulation moyennés pour différents niveaux de force de
colonie révéle des variations systématiques de la distribution de I'énergie de modulation & mesure
que la population de la ruche augmente. Une analyse basée sur le critere de Fisher confirme en
outre que certaines régions spécifiques en fréquence acoustique et en fréquence de modulation
— notamment autour de 150-200 Hz et 500-600 Hz — présentent un fort pouvoir discriminant
entre les catégories de colonies de faible, moyenne et forte intensité, soutenant ainsi la pertinence
des représentations de modulation comme entrées pour le suivi automatisé des ruches.

0.6.2 Architectures d’apprentissage profond

Plusieurs architectures de réseaux neuronaux profonds sont évaluées pour modéliser les re-
présentations basées sur la modulation. Celles-ci incluent des CNN 2D opérant sur les spectro-
grammes de modulation, des CNN intégrant des mécanismes d’attention spatiale, des réseaux
convolutionnels récurrents profonds (CRDNN) incorporant des unités récurrentes de type GRU
afin de capturer des dépendances temporelles a plus long terme, ainsi que des variantes 3D de
CNN et de CRDNN concues pour traiter les tensorgrammes de modulation complets.

Les architectures 3D modélisent explicitement I'évolution conjointe de la fréquence, de la fré-
quence de modulation et du temps, permettant I'extraction de caractéristiques spatio—spectro—
temporelles riches. Des mécanismes d’attention sont intégrés afin de renforcer les régions de
modulation les plus informatives tout en atténuant les composantes moins pertinentes, améliorant
ainsi la robustesse face au bruit de fond et aux artefacts spécifiques aux ruches.

0.6.3 Configuration expérimentale et évaluation

Les méthodes proposées sont évaluées a I'aide du jeu de données UrBAN, qui comprend plus
de 3000 heures d’enregistrements audio collectés a partir de neuf ruches urbaines surveillées sur
une période de deux ans. La force des colonies est définie par le nombre de cadres d’abeilles
(frames of bees, fob) obtenu lors d’inspections visuelles et utilisé comme variable cible dans un
cadre de régression.

Les performances sont évaluées selon deux protocoles : une séparation aléatoire des don-
nées et une évaluation indépendante par ruche, cette derniere reflétant plus fidélement les condi-
tions de déploiement réel avec des ruches non observées lors de I'apprentissage. Lerreur ab-
solue moyenne (MAE) et le coefficient de corrélation de Pearson sont utilisés comme métriques
d’évaluation. Des caractéristiques de référence, incluant les spectrogrammes et les CCFM, sont
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considérées a des fins de comparaison, avec et sans application de la soustraction d’amplitude
spectrale pour la réduction du bruit.

0.6.4 Résultats et discussion

Dans les deux cadres d’évaluation, les représentations basées sur la modulation surpassent
les spectrogrammes et les CCFM utilisés comme références. Dans le scénario de séparation aléa-
toire, les modéles profonds exploitant les spectrogrammes et les tensorgrammes de modulation
atteignent de faibles erreurs de prédiction et des corrélations élevées, confirmant que la force des
colonies est principalement encodée dans les motifs de modulation temporelle plutét que dans le
contenu spectral statique.

Dans le cadre de I'évaluation indépendante par ruche, 'ensemble des modeles subit une dé-
gradation des performances ; toutefois, les modeles d’apprentissage profond basés sur la modu-
lation conservent des corrélations significativement plus élevées et des erreurs plus faibles que
les approches de référence, indiquant une capacité de généralisation supérieure. Larchitecture
CRDNN-3D obtient systématiquement les meilleures performances, mettant en évidence l'intérét
de combiner un traitement convolutionnel tridimensionnel avec une modeélisation récurrente des
dynamiques temporelles.

Des analyses statistiques a I'aide des tests de Friedman et de Nemenyi confirment que les
différences de performance observées sont statistiquement significatives pour 'ensemble des mé-
triques et des conditions expérimentales.

0.6.5 Explicabilité et interprétation des modéles

Des analyses d’explicabilité basées sur des cartes de saillance et la méthode Grad-CAM ré-
vélent que les modéles d’apprentissage profond se concentrent sur des régions structurées en
fréquence de modulation plutét que sur des composantes spectrales isolées. A mesure que la
force de la colonie augmente, les modéles s’appuient progressivement sur des motifs de modula-
tion plus larges et plus stables, en particulier dans la bande de fréquences de modulation comprise
entre 10 et 25 Hz.

Lanalyse Grad-CAM en trois dimensions montre que les colonies de forte intensité présentent
des activations cohérentes et continues dans le temps, tandis que les colonies de faible intensité
affichent des motifs plus intermittents et localisés. Ces observations indiquent que les modéles ex-
ploitent conjointement la structure spectrale et son évolution temporelle, renforcant l'interprétabilité
des représentations basées sur la modulation pour le suivi des colonies.
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0.6.6 Conclusion

Les résultats montrent que les modeles d’apprentissage profond opérant sur des spectro-
grammes et des tensorgrammes de modulation constituent une solution robuste et généralisable
pour I'estimation non invasive de la force des colonies d’abeilles. En modélisant explicitement les
motifs de modulation temporelle et en exploitant des architectures neuronales spatio—temporelles,
I'approche proposée surpasse a la fois les méthodes d’apprentissage automatique traditionnelles
et les modeles profonds fondés sur des caractéristiques acoustiques conventionnelles. Ces résul-
tats soulignent le potentiel des systémes d’apprentissage profond sensibles a la modulation pour
des applications évolutives et réalistes en apiculture de précision.

0.7 Chapitre 7 : Conclusions et orientations futures de la recherche

0.7.1 Conclusion

Dans cette dissertation, nous avons développé des systémes de surveillance acoustique gé-
néralisables pour les colonies d’abeilles domestiques. Les principales contributions de ce travalil
peuvent étre résumées comme suit :

Facteurs environnementaux : Nous avons étudié de maniere systématique I'impact des prin-
cipales sources de bruit environnemental — sons urbains, parole humaine en arriére-plan et fortes
précipitations — sur des représentations acoustiques couramment utilisées, notamment les spec-
trogrammes, les CCFM et les coefficients en ondelettes discrétes (DWT). Notre analyse met en
évidence la maniere dont différentes conditions de bruit affectent la robustesse des caractéris-
tigues acoustiques et les performances des modéles dans des scénarios de déploiement réels.

Jeu de données : Nous avons introduit le jeu de données UrBAN, un ensemble de données
acoustiques de ruches a grande échelle et en acces libre, comprenant plus de 3000 heures d’en-
registrements audio bruts collectés auprés de dix ruches sur une période de deux ans. Ce jeu de
données est annoté avec des estimations de la population des colonies ainsi que des mesures d’in-
festation par le varroa, permettant une évaluation compléte des méthodes de surveillance acous-
tigue dans des conditions réalistes.

Ensembles de caractéristiques : Nous avons proposé de nouvelles représentations acous-
tiques basées sur le spectrogramme de modulation et réalisé une analyse approfondie de leur
efficacité pour la prédiction de la population des colonies d’'abeilles. De plus, nous avons introduit
des descripteurs de forme spectrale extraits a la fois des spectrogrammes conventionnels et des
spectrogrammes de modulation, démontrant leur pertinence pour la détection des infestations par
le varroa.
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Approches de modélisation : Nous avons étudié I'utilisation des spectrogrammes de modu-
lation et des tensorgrammes comme entrées pour des algorithmes d’apprentissage automatique
classiques ainsi que pour des architectures d’apprentissage profond. Les résultats montrent que
ces représentations permettent des prédictions précises et computationnellement efficaces de la
force des colonies d’'abeilles, tout en assurant une bonne robustesse face a la variabilité entre
ruches et conditions d’enregistrement.

0.7.2 Limites de I’étude

Précision du jeu de données et fiabilité des étiquettes : Malgré les résultats prometteurs
obtenus, certaines limites doivent étre reconnues. Lévaluation phénotypique de la force des colo-
nies peut présenter une variabilité de mesure en raison du caractére subjectif du classement, des
contraintes environnementales et des limitations opérationnelles lors des inspections. Cette varia-
bilité peut introduire du bruit dans les étiquettes de référence, ce qui peut affecter les performances
prédictives ainsi que I'interprétabilité des modéles.

Données manquantes et incomplétes : Le jeu de données contient également des observa-
tions manquantes pour certaines colonies et certaines périodes temporelles. Ces lacunes peuvent
avoir influencé la stabilité de I'apprentissage et les résultats d’évaluation, particulierement si la
mécanisme de manqgue de données n’est pas complétement aléatoire. Bien que des stratégies de
prétraitement et de validation croisée aient été appliquées, la couverture temporelle incompléte
limite inévitablement la robustesse des représentations apprises et peut contribuer a la variabilité
des performances expérimentales.

Validité externe : Les résultats sont également limités par les conditions environnementales
spécifiques, les localisations géographiques, les configurations des ruches et les caractéristiques
des capteurs utilisés lors de la collecte des données. Les signatures acoustiques des colonies
d’abeilles peuvent varier en fonction du climat, de la génétique des colonies, du matériau des
ruches ou du positionnement des microphones. Par conséquent, la généralisation du cadre pro-
posé a d’autres contextes apicoles nécessite une validation supplémentaire.

De maniéere plus générale, ce travail souligne le réle central de la qualité des données phé-
notypiques en apiculture de précision. Lefficacité des modeéles d’intelligence artificielle dépend
fondamentalement de la fiabilité et de la pertinence biologique des données d’apprentissage. Un
alignement étroit entre les signaux captés par les capteurs et les mesures phénotypiques réelles
au niveau des colonies est essentiel pour développer des systemes de surveillance robustes et
déployables. Les travaux futurs devraient donc privilégier des protocoles de classification standar-
disés ainsi qu’une meilleure complétude des données.

23



0.7.3 Orientations futures de recherche

Malgré les résultats prometteurs obtenus dans cette theése, plusieurs axes de recherche restent
ouverts afin d’améliorer les systemes de surveillance acoustique des ruches.

Déploiement en périphérie et surveillance en temps réel : Les travaux futurs devraient ex-
plorer le déploiement des modéles proposés sur des dispositifs embarqués situés directement
dans ou a proximité des ruches. Linformatique en périphérie permet un traitement local des si-
gnaux acoustiques, réduisant ainsi le besoin de transmission continue des données vers des ser-
veurs centralisés. Ceci est particulierement pertinent dans les environnements apicoles isolés ou
la connectivité peut étre limitée ou instable. En effectuant I'inférence localement, le systéme peut
fournir une surveillance en temps réel de I'activité des colonies et des événements liés a leur sante,
tout en minimisant la latence et I'utilisation de la bande passante. De plus, ce type de déploiement
impose des contraintes en termes de ressources computationnelles et de consommation énergé-
tique, ce qui motive le développement de modeles légers et efficaces. Lintégration de 'analyse
acoustique avec des systémes embarqués basse consommation constitue une étape clé vers des
solutions de surveillance des ruches autonomes et a grande échelle.

Apprentissage auto-supervisé et modeles fondamentaux : Les travaux futurs devraient ex-
plorer I'utilisation de I'apprentissage auto-supervisé et des modéles fondamentaux audio afin d’ex-
ploiter de grands volumes d’enregistrements de ruches non annotés. Des approches contrastives
ou basées sur la prédiction masquée pourraient permettre d’apprendre des représentations acous-
tiques robustes et transférables, capables de généraliser a travers différentes ruches, saisons et
conditions d’enregistrement, réduisant ainsi la dépendance aux annotations manuelles colteuses.

Représentation des caractéristiques et dynamiques temporelles : Bien que les coefficients
delta et delta-delta des CCFM aient été explorés dans des expériences préliminaires, ils n’ont pas
apporté d’améliorations significatives. Cela peut s’expliquer par leur mode de calcul conventionnel,
reposant sur des fenétres temporelles courtes (généralement de +2 ou +3 trames). Comme dé-
montré dans les chapitres ultérieurs, des contextes temporels plus longs sont souvent nécessaires
pour capturer des motifs spectro-temporels pertinents dans les signaux acoustiques des ruches.
Les travaux futurs devraient donc étudier l'utilisation de fenétres temporelles étendues pour le
calcul des caractéristiques delta et delta-delta, ou proposer des formulations alternatives mieux
adaptées a la capture des dynamiques a long terme.

Enregistrement audio multi-localisation : Alors que le jeu de données actuel repose sur un
seul microphone par ruche, de futurs déploiements pourraient bénéficier de l'installation de mi-
crophones dans plusieurs compartiments (par exemple, le corps de ruche et les hausses). Cela
permettrait une localisation plus précise de 'activité acoustique et offrirait aux modéles la possibi-
lité de capturer des variations spatiales liées a la force de la colonie, a la distribution du couvain et
au comportement de butinage.
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Réseaux de microphones : Lextension du dispositif de captation a des réseaux de micro-
phones au sein de la ruche pourrait fournir des informations spatiales sur les sources sonores. De
telles configurations permettraient d’analyser des motifs acoustiques directionnels et d’améliorer
la robustesse face au bruit environnemental, notamment en milieu urbain ou en présence de vents
forts.

Formation de faisceaux et traitement spatial du signal : Avec la disponibilité d’enregis-
trements multi-microphones, des techniques avancées de formation de faisceaux et de filtrage
spatial pourraient étre utilisées pour renforcer les sons produits par les abeilles tout en atténuant
les sources de bruit externes. Lintégration de ces techniques avec des modeles d’apprentissage
automatique pourrait améliorer davantage la précision de détection des dynamiques de population
et des événements liés a la santé des colonies.

Dans I'ensemble, ces perspectives visent a améliorer la robustesse, la scalabilité et I'interpréta-
bilité biologique des systémes de surveillance acoustique, afin de les rapprocher d’un déploiement
fiable en conditions réelles dans le cadre de I'apiculture de précision.
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1 INTRODUCTION

1.1 Honey bee Acoustics

Honey bees (Apis mellifera) are vital to environmental welfare. Beyond producing honey, bees-
wax, and royal jelly, their pollination activity supports biodiversity and major agricultural crops,
making them an important agro-environmental “service provider” [1]. In fact, close to 75 percent
of the crops in the United States of America producing fruits and seeds for human consumption
depend, at least in part, on honey bees for sustained production, yield, and quality [2]. While all
types of bees contribute to pollination, honey bees are the main pollinators of almonds, citrus fruits,
blueberries and curcubits [2]. Therefore, any change in bee colony behavior and health, as well as
drops in population sizes can have drastic effects on the food industry. To this end, continuous
monitoring of honey bee health and colony strength is performed by beekeepers.

For many years, beekeepers have been inspecting their beehives mainly by visual examina-
tions. These inspections are usually performed during pollination services and honey production
season. As inspections are disruptive for the colonies and are also time-consuming for the beekee-
pers, they are usually only performed every two weeks. Between inspections, however, changes
may occur in a colony that could lead to important health problems that impact on population size.

In the last decade, important colony losses have been reported worldwide [3| 4] 5, [6]. Scien-
tists believe that multiple stressors are responsible for this phenomenon [7, 18, [9]. Development of
continuous monitoring systems would greatly help the management of honey bee colonies [7, 18], 19]
and allow for the long-term monitoring of stressors. As such, automated beehive monitoring has
become a topic of great interest to the beekeeping and honey bee research communities [10].

Recently, with advances in Internet of Things (loT), cloud computing, and machine learning
tools, automated beehive monitoring tools have emerged resulting in the field of “precision bee-
keeping” [11]. For example, systems based on beehive weight [10, 12, [13], internal tempera-
ture [14,[15], humidity [15], and COs levels [15] have been proposed. Initial attempts using beehive
acoustics [16], 17, [18] or multisensor approaches [10, (12} [15] have also emerged.

The weight of a beehive can be used as an indicator of honey production and bee popula-
tion size, with colony weight changes being reported throughout the day. For example, weight de-
creases have been reported during the night and early morning due to nectar consumption, while
it increases with foraging activity during the daytime [19]. The authors in [13] monitored the weight
of four colonies using electronic scales and showed that the average weight indicates the amount
of stored food (during nectar flow), while the changes could be related to the daily consumption of
food. Authors in [10] monitored colony weight for a year and described honey bee foraging activity
to collect pollen and nectar during the summer (sharp decrease in weight) while they do not leave

27



the hive in winter and use the stored food to feed themselves (weight slowly decreasing). Moreo-
ver, swarming activity could be tracked based on the weight change of the hive resulting in a sharp
decrease.

Temperature stability and regulation in a beehive can indicate the colony’s adaptive response
and health state. It has been found that while the internal temperature affects the health of the bees
and brood, the productivity of the hive is also strongly affected by internal hive conditions [20]. Pro-
per thermoregulation inside the hive, for example, can help decrease mortality rates and increase
honey production by reducing the internal food consumption [21} [22]. Moreover, it has been found
that a rise in temperature (from 34°C-35°C to 37°C-38°C) could be a signature of swarming [23].

Relative humidity (RH) is another important factor for egg incubation, larvae growth, colony
development, as well as bee behavior, where changes in water availability and larvae feeding
have been reported as a function of ambient humidity, hive temperature, and nectar moisture [24].
The authors in [25] used temperature and RH sensors to monitor external conditions, as well as
conditions within the brood combs and the nectar combs. Their results showed that RH in the
brood combs was the highest and had less daily fluctuations. CO, measurement can be used to
monitor the metabolism in bees. While it has been shown that the level of CO5 in the bee colonies
correlates with changes in temperature [26], bees are able to adjust internal hiveCO4 concentration
and maintain 0.1-4.25% [27].

Moreover, bees are known to communicate within the colony via vibration and sound [28] pro-
duced using gross body movements, wing movements, high-frequency muscle contractions wi-
thout wing movements, and pressing the thorax against the comb substrates or another bee [29].
Commonly-generated queen sound signals include piping, quacking, tooting [50], hissing and buz-
zing. Piping, for example, is emitted by young queens to signal readiness for battle with another
queen. The sound made as soon as they emerge is called tooting [30], which has been shown to
have a fundamental frequency between 400 Hz during the day of emergence, to around 500 Hz
two to four days post-emergence. When a virgin queen emerges, several other mature queens may
still be in their cells. These typically reply with a sound called quacking. Quacking is described as a
series of short pulses (with duration shorter than 0.2 s) having a fundamental frequency of around
350 Hz [30]. Worker bees are also able to produce acoustic signals that are similar to piping. While
it was believed that piping in worker bees only happened with lack of a queen or disturbance of the
hive, this signal has been observed in colonies that are neither disturbed nor without a queen [31].
When produced by undisturbed foragers, this signal is emitted once every few seconds and has a
fundamental frequency of 330—-430 Hz with an evident harmonic behaviour [32]. The piping pro-
duced by worker bees before or during swarming is shown to have greater frequency variability,
ranging from 100 to 500 Hz or beyond, and each pipe is a pulse that has a duration of around one
second [33]. Worker piping happens before or during hissing, which is an acoustic signal produ-
ced by worker bees when they are distressed or during swarms [34]. Having a large fundamental
frequency ranging from 300 to 3600 Hz, the hissing signal has a broadband and noisy structure.
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In addition, bees produce buzzing sounds by beating their wings with a frequency of 250 to 300
Hz [35]; hence, they can be audible to the human ear.

Having microphones placed inside the hives has been proposed as a method for real-time pre-
cision beekeeping and hive health monitoring with little disturbance to the hives [36, I37]. Recent
advances in computational power and hardware miniaturization have enabled portable bee acous-
tics monitoring systems. For example, the Apivox Smart Monitor, released in 2015, uses the mi-
crophone of an Android smartphone to monitor hive sounds to detect swarming and brood, among
other factors [38]. More recently, the Bee Health Guru (released in 2019) [39] also proposes the
use of a smartphone to record sound inside a hive in 30-second- to 1-minute-long tracks. These
sound snippets are then processed by artificial intelligence to determine whether the hive has a
queen, has a Varroa mite infestation, or the presence of small hive beetles. Other companies, such
as Arnia [40] and Nectar Technologies Inc. [41], have developed multi-sensor solutions to monitor
hive health and strength, queen bee presence, and parasite presence, including relying on acoustic
data recorded via microphones placed inside the hive.

Among the different modalities used for monitoring honey bee colonies, acoustics has shown to
provide a more diverse practical use, including the detection of swarming, queen absence, and hive
strength prediction, as well as complementary information to temperature and humidity sensors.
Automated acoustics-based beehive monitoring, however, is still in its infancy and many questions
about its effectiveness remain. The goal of this thesis is to further probe into the existing limitations
of remote audio-based beehive monitoring and provide solutions to overcome these issues. The
ultimate goal is to develop tools that allow for remote beehive monitoring in a robust and reliable
way.

1.2 Current Challenges and Research Problems

Although significant research has been done in some of the areas of the bee acoustic monito-
ring, there are still some challenges that need to be addressed. In this section, the most important
ones are presented.

1. Limited studies in predicting beehive strength/health. The number of studies related
to beehive health and strength monitoring using hive acoustics is very limited. Detecting
beehive strength is an important factor that is needed for pollination contracts, to monitor
honey production, to assess presence of the queen bee, as well as the overall health of
a hive. Detection of unexpected shortages in hive strength could be extremely beneficial
for beekeepers. Automated monitoring of colony status alongside numerous environmental
factors could also allow for the generation of insights around stressors and their impact on
honey bee colony survival.
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2. Limited knowledge on the effects of environmental factors. Despite the burgeoning of
acoustics-based beehive monitoring applications, existing tools have relied on conventional
audio features developed for speech processing, namely mel-frequency cepstral coefficients
(MFCCs), the spectrogram, and features based on the discrete wavelet transform (DWT). It
is widely known within the audio processing community, that such parameters are extremely
sensitive to environmental factors, such as ambient noise and background speakers. As
such, noise suppression and/or characterization of the background noise (known as context-
awareness) have been crucial for the development of accurate and replicable systems (e.g.,
[42,143]). This should be particularly crucial for urban hives, which are on the rise [44], where
various loud urban sounds could interfere with the internal hive sound recordings. To date,
no works have addressed this issue, raising concerns on the validity and generalizability of
the existing solutions for real-world applications.

3. Small and non-diverse datasets. While most published studies have shown the benefits
of using acoustics for hive monitoring, the majority have relied on data collected over a short
period of time (e.g., 24h), usually in the months of June and July [45, 46| |47]. In order to
have a reliable monitoring system, we need audio from different seasons and months, as
the bee behaviour changes from summer to winter. Another problem is the limited number
of beehives in each study. The most common studies include one to two beehives, which
could lead to low generalizability of the monitoring system. As such, published insights may
not be indicative of the potential of acoustics based monitoring.

4. Lack of beehive generalizability. Lastly, the results seen in the literature have suggested
that existing models suffer from poor generalizability [48, 49] and achieve poor accuracy
on unseen beehives. In the process of building a machine learning model, there are three
different sets of datasets : training, validating, and testing. While the training samples are
used to fit the model, the testing samples are used to provide an unbiased evaluation of a
final model fit on the training dataset, once the model is completely trained. In the model
development phase, the validation set is used to provide an unbiased evaluation of a model
fit on the training dataset while tuning model hyperparameters.

In order to test model generalizability, usually two different experimental setups have
been considered : “random-split” and “hive-independent”. In the former, the entire dataset
from all the hives is randomly divided into the three disjoint parts. With the latter, a leave-
some-hives-out setup is used, separating training and testing hives and keeping the test
hives completely unseen to the trained model. In all cases, the model performance in the
“hive-independent” scenario is degraded significantly compared to the “random-split” case,
thus signaling poor generalizability to unseen hives. This may be due to suboptimal features
that are not truly indicative of the hive parameter being monitored (e.g., strength), to biases
in the model that could arise from limited amounts of data, or with the presence of artifacts
in the test data. As such, building new features and context-aware solutions will be crucial
for the success of automated audio-based beehive monitoring.
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Given these limitations, this proposed doctoral research aims to tackle these issues and pro-
pose solutions that will enable the development of more robust and accurate acoustics-based
monitoring systems with greater potential to be applied in real-world settings.

1.3 Goals and Objectives
The main goals and hypotheses of this doctoral research are described as follows :

1. Collect large amounts of beehive acoustic data. A fundamental objective of this research
was to collect a large-scale and longitudinal dataset representative of real-world beehive
acoustic conditions. To this end, we instrumented multiple hives located in an urban apiary
in the Montreal region of Québec, Canada, and continuously recorded audio over a two-year
period. The resulting dataset contains thousands of hours of raw acoustic data alongside
measurements of colony strength and Varroa mite infestation levels. This extensive collec-
tion enables the study of long-term trends, seasonal variability, and the impact of environ-
mental factors on acoustic monitoring systems. The availability of such a dataset is essential
for developing and validating machine learning models that can generalize beyond control-
led laboratory conditions.

2. Quantify the impact of environmental factors on existing audio features and develop
new tools to enhance them. As mentioned previously, the most common audio features
being used today in monitoring systems include the spectrogram and MFCCs. These fea-
tures have been widely used in speech processing and have been shown to be extremely
sensitive to environmental factors, such as background noise and room reverberation ef-
fects. As such, it is hypothesized that beehive monitoring systems based on these features
will also suffer from these environmental factors. In the case of hives, these could include
rain, wind, surrounding sounds (e.g., tractor noises) and even beekeepers speaking near
the hives. To achieve this goal, we have instrumented beehives in an urban apiary and have
monitored the collected audio signals over a period of several months. We found three main
sources of ambient noise that caused severe detrimental effects on the performance of exis-
ting tools. These included : i) train rail squealing, ii) human speech, and iii) heavy rain hitting
the hives. While the audio segments affected by heavy rain and train rail squealing sounds
could potentially be detected based on weather stations information and/or train schedules,
for example, detection of human speech could be more challenging. As such, one of the
objectives of this doctoral project is to develop a system to detect environmental noises to
ensure that such auditory segments are not included in the machine learning models, thus
minimizing their impact on system accuracy. Results of these experiments with this aspect
are reported in Chapter 4]

3. Development of noise-robust features. Existing monitoring tools have relied on time-
frequency signal representations that are known to be sensitive to environmental factors.
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We hypothesize that alternate signal representations may provide additional cues about
beehive characteristics and provide a more robust view against environmental nuances. To
this end, we use the so-called modulation spectral signal representation, which captures
the rate-of-change of frequency components, and has been shown to separate signal from
noise. This spectro-temporal characterization has been shown to be useful in the develop-
ment of environment-robust speech tools [51]. As such, we will explore the development of
new features and compare them to the existing benchmark ones in the presence of the three
noise factors mentioned above. Results of these experiments are reported in Chapter 5]

4. Varroa mite infestation detection. Another objective of this doctoral research is to investi-
gate whether acoustic signals can be used as a non-invasive indicator of Varroa destructor
infestation levels. Varroa mites remain one of the primary threats to honey bee health world-
wide, yet current assessment methods rely on manual inspections that are labor-intensive
and infrequent. We hypothesize that infestation alters the internal acoustic activity of the
colony through changes in bee behavior, stress levels, and population dynamics, which can
be captured using machine learning models. To test this hypothesis, we developed pre-
dictive models using classical machine learning algorithms trained on long-term acoustic
recordings paired with ground-truth Varroa counts. Special attention was given to feature
interpretability and robustness under noisy field conditions.

1.4 Thesis Organization

This dissertation is organized into seven chapters, structured to progressively address the re-
search objectives from data collection and analysis to feature development, modeling, and final
conclusions.

Chapter 2 — Acoustic based beehive monitoring : a review of the state-of-the-art This
chapter presents a comprehensive review of acoustics-based beehive monitoring systems. It dis-
cusses existing signal processing and machine learning approaches used for honey bee colony
assessment, including commonly adopted audio features such as spectrograms, MFCCs, and
wavelet-based representations. The limitations of these methods in real-world noisy environments
are highlighted, along with recent advances in context-aware bioacoustic monitoring and deep
learning applications.

Chapter 3 — Urban Dataset This chapter introduces the UrBAN dataset collected as part of this
doctoral research. The data acquisition setup, recording protocol, and ground-truth measurements
for colony strength and Varroa mite infestation are described in detail.

Chapter 4 — Impact of Environmental Noise and Preprocessing This chapter investigates
the impact of environmental noise factors on conventional acoustic features and quantifies their
detrimental effects on remote beehive monitoring performance. We explore the use of off-the-shelf
voice activity detection (VAD) methods to identify and exclude noise-dominated audio segments,
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as well as a preprocessing framework based on spectral amplitude subtraction to enhance beehive
acoustic signal quality prior to feature extraction.

Chapter 5 — Modulation Spectrogram-Based Features This chapter proposes the use of mo-
dulation spectrogram representations and novel spectral descriptors for beehive monitoring. The
developed features are evaluated for two main tasks : honey bee colony strength estimation and
Varroa mite infestation prediction. Their performance is compared against traditional benchmark
features to demonstrate their robustness and discriminative power.

Chapter 6 — Deep Learning with Modulation Spectrograms and Tensorgrams This chapter
explores the use of deep learning models with modulation spectrogram and tensorgram repre-
sentations as inputs. Convolutional and hybrid neural network architectures are developed and
compared with classical machine learning approaches to assess whether learned representations
can further improve predictive performance relative to handcrafted features.

Chapter 7 — Conclusions and Future Research Directions The final chapter summarizes
the main contributions of the dissertation and discusses the implications of the findings for real-
world beehive monitoring. Limitations of the current work are outlined and potential directions for
future research are proposed, including self-supervised learning, microphone arrays, and long-
term deployment strategies.
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2 ACOUSTIC BASED BEEHIVE MONITORING : A REVIEW OF THE
STATE-OF-THE-ART

2.1 Preamble

This chapter is compiled from material extracted from the following peer-reviewed article : "Au-
tomated Beehive Acoustics Monitoring : A Comprehensive Review of the Literature and Recom-
mendations for Future Work [52]"

2.2 Introduction

Building upon the motivations and challenges outlined in Chapter (] this chapter provides a sys-
tematic review of the literature on acoustics-based honey bee monitoring. Over the past decade,
increasing interest in precision apiculture has led to the development of numerous audio-driven
approaches for assessing colony health, behaviour, and environmental conditions. However, these
studies vary considerably in their objectives, data acquisition protocols, feature extraction strate-
gies, and evaluation methodologies, making it difficult to draw consistent conclusions regarding
best practices and remaining research gaps.

The purpose of this chapter is to critically analyze and synthesize the state-of-the-art in bee
acoustics research. We examine articles published between January 2012 and May 2025 and or-
ganize them according to five key dimensions : the origin and context of the studies, their primary
research goals, experimental and recording setups, audio analysis and machine learning metho-
dologies, and the degree of reproducibility and data availability. Through this structured analysis,
we identify common trends, methodological strengths, and persistent limitations that have shaped
the field.

2.3 Methods

English journal and conference papers, as well as electronic preprints, published between Ja-
nuary 2012 and May 2025, were chosen as the target of this review. PubMed, Google Scholar,
Scopus, IEEE Xplore, and arXiv were queried to collect an initial list of papers containing specific
search terms in their title or abstract. Additional papers were identified by scanning the reference
sections of these papers. The search terms used included :

1. Apis Mellifera
2. Apis Cerana
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TABLE 2.1 : Eligibility criteria for inclusion and exclusion of articles.

Inclusion — Studies using audio to :
Detect bees

Predict hive strength

Detect swarming

Detect queen bee missing

Detect mite attack

Identify bee species

Measure pollination efficacy

Detect environmental effects

Detect arrival and departure of bees
Exclusion — Studies focusing on :
Software development of hive monitoring
Hardware development of hive monitoring

Apis Dorsata
Apis Bombus
Bumblebee
Bee

Hive

© N o o A~ W

Honey bee
9. Apiculture
10. Sound

11. Audio

12. Acoustics
13. ZigBee

These search terms were combined using the following rule : (1 OR 2 OR 3 OR 4 OR 5 OR
6 OR 7 OR 8 OR 9) AND (10 OR 11 OR 12) AND NOT 13. The last rule was included in order
to avoid erroneous hits with papers focusing on ZigBee, a wireless transmission technology used
with loT devices and not related to the review. Since the Google Scholar search engine only allows
searches of full text or titles, and not titles and abstracts, the query was performed using the flag
‘allintitle’ to search titles only. On arXiv, Scopus, and PubMed, on the other hand, both abstracts
and titles were queried. With IEEExplore, all metadata was queried. From the resulting hits, the
inclusion and exclusion criteria presented in Table [2.1] were used.

To assess the eligibility of the selected papers, the titles were read first. If the title did not
clearly indicate whether the inclusion and exclusion criteria were met, the abstract was read as
well. Finally, when reading the full text during the data collection process, papers that did not meet
the review criteria were also rejected. For the included papers, Table 2.2 lists the items that were
extracted and used for further analyses. The first category covers the origin of the article, i.e.,
whether it was published as a journal manuscript, in a conference proceedings, or as a non-peer
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reviewed preprint, the first author’s affiliation and country, as well as the venue in which the paper
was published. These details provide a quick overview of the types of publication available, as well
as which countries are working most actively in the field. It is important to highlight that we have
chosen to include non peer-reviewed articles, such as those available on arXiv electronic preprints,
as there is an increasing trend in publishing pre-prints, especially within the artificial intelligence
community, prior to submission to major conferences and/or journals. This also allows for inclusion
of a more diverse pool of papers from all corners of the world. Henceforth, such non peer-reviewed
papers will be represented by an asterisk.

2.4 Results and Discussion
2.4.1 Origin of the selected articles

Our search methodology returned 59 journal papers, 42 conference papers and 3 pre-prints
that met the inclusion criteria. Next, we looked at the location of the first author’s affiliation to get
a sense of the geographical distribution of research on bee acoustics analysis. Figure [2.1] summa-
rizes the distribution of countries of the included articles. As can be seen, most contributions came
from the USA, UK, ltaly and Poland, and China. In the figure, countries listed as “others” group all
countries in which two or less paper was included; representative countries in this category include
Canada, France, Australia, New Zealand, Belgium, India, Latvia, Ireland, Republic of Korea, The
Bahamas, Uruguay, and Germany.

2.4.2 Study Goal

The study goals of the included papers can be summarized by Figure as a function of
publication year. As can be seen, the most common goals in using beehive acoustics are to detect
queen bees and swarming events. A handful of articles have also explored the influence of external
factors on beehive acoustics, including pollution, chemicals exposure, smoke, microwave electro-
magnetic field, 2.4 GHz radio frequency exposure, and solar eclipses, to name a few. Moreover,
as can be seen from Figure the number of papers increased substantially starting in 2018,
coinciding with the period in which open datasets started becoming available. The recent drop
in publication numbers from 2020 onwards could be due to the limited number of available open
datasets, hence suggesting that new and more diverse datasets may be needed to help advance
the research.

Table provides a more detailed description of the aspects explored in each paper. In this
section, we start with the studies that focused on honey bees and proceed with studies focusing
on other bee species, such as Bombus, Halictus, and Megachile.
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TABLE 2.2 : Items extracted from each study.

Category Data item Description

Whether the study was published
Type of publication as a journal article, a conference paper

Origin of article . . . .
or in an electronic preprint repository.

Publishing venue, such as

Venue -
the name of a journal or conference.

Location of the affiliated university,
Country of first author affiliation institute or research body
of the first author.

Study rationale Study goal Application or aim of the article.

Species of bee Exact name of the bee specie.

Experiment setup
Number of beehives or bees Exact number of beehives or single bees.

Month and hour of the day

Time of the recordings for audio recordings.

Sampling rate of audio files Sampling rate of audio files

Resolution and frequency

Microphone information .
response of the microphone.

Steps applied to the raw data to prepare
Audio preprocessing it for use by the architecture
or for feature extraction.

Features extracted from audio files
Audio analysis Features for visualization or a
method machine learning framework.

Name of Machine Learning algorithm if

Machine learning algorithm . . .
a machine learning framework is used.

Metrics used in the study to report
Performance metrics performance (e.g. accuracy, f1-score, etc)
if a machine learning framework is used.

Whether the data used for the experiment
Dataset comes from private recordings or

Reproducibility from a publicly available dataset.

Whether the code used for the
Code experiment is available online
or not, and if so, where.

2.4.2.1 Honey bees

As a first step in honey bee analytics, one must first discriminate bee sounds from non-bee
sounds, such as wind, rain, and urban sounds. Therefore, one of the common goals in the included
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papers is to develop bee activity detection algorithms for (i) classification of bee and non-bee
sound as a preprocessing step [61, 5], and potentially use the processed audio for detecting
swarming and queen bee absence, and (ii) detection of bee foraging for pollen or nectar [17].
The authors in [55], for example, used a machine learning framework to discriminate bee buzzing
from cricket chirping and ambient noise. In [17], in turn, a bee detection system based on the
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TABLE 2.3 : List of articles exploring different study goals.

Study Goal Articles

. [17, 53, 54, 55| 56| 57]
Bee detection 58, 59, 60] [61]
Strength of beehives (62, 63, 164]

Queen absence

[16, [18, [65, 48, 49, 66, 67]
[68, 47,137,169, [70, 71}, (72} 173, [74]
[75, 176, (77, 78, [79, /80, |87, [82] [83]

Swarming detection

(84,185, 186, 187,188, 189, 90, 91, 192]
(93,194,195, 196, 197, 198, 99]

Identifying bee species

(100,101,102, 1103, [104]

Hive robbery

[105]

Bee arrival and departure

(106,107, 108]

Hive monitoring

(45,109,110, 111,112, 113,114, 82, [115]

Infestation and virus detection

[34, 182, [{16]

Identification of bees circadian rhythm

[117]

Measuring bee pollination efficacy

[118,119]

Detecting environmental pollution and chemicals

[120, 121, 122, 123, 124, 125, [126]

Smoke reaction [67]
Effect of electromagnetic exposure [46l 127]
Impacts of a total solar eclipse on flight behavior [128]

Hissing analysis

[129, 30, 131]

Bee audio analysis

(132,133, 1134, 1135,1136, 1137, 138, 1139, [140]

Mortality prediction

[141]

harmonic characteristic of buzzes recorded using microphones placed in the orchard trees was
designed for pollination mapping and to evaluate pollen production.

A recent study has shown that hive acoustics could be useful to measure hive strength [62],
defined as the number of frames within a hive that were at least 60% covered by bees, disease
type, and disease severity. While the disease types were not mentioned in the study, four disease
severity levels were considered, namely, none, low, moderate, and severe. The designed system
is a semi-supervised generative-prediction network (GPN) that takes advantage of environmental
variables such as temperature, humidity, and air pressure, alongside labelled and unlabelled audio.
The average Huber loss [142] for predicting number of full frames and disease severity were around
0.0166 and 0.0331, respectively, while the accuracy of disease type was around 78%.
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Queen bees are essential for colony survival and thrivingness. The death of the queen, or a
serious decline in her health, will usually lead to the colony producing a new queen, unless a new
queen is introduced by the beekeeper. As such, one of the most active research topics in bee
audio analysis has been the detection of a queen bee within the hive. Articles that aimed to detect
queen bee presence mostly relied on frequency domain features. While the work in [65]147] aimed
at reporting differences between a hive with a queen and a queenless hive, the work in [16, 148, [66]
relied on machine learning algorithms to classify between these two states (presence/absence).

Another common goal has been swarming detection. During swarming, a colony produces a
new queen, and the old queen leaves her colony with approximately half of the worker bee popu-
lation to start a new colony. Swarming is part of the reproduction cycle of the colony and typically
occurs when resources are plentiful. After mating, the younger queen takes over the colony that
is left behind and is tasked with growing it. With swarming, the result will be two smaller colonies
that will use most of their energy for colony growth, rather than honey harvesting. If weather condi-
tions are not suitable (e.g., close to winter), this can lead to colony deaths. Moreover, if not well
controlled by the beekeeper, swarming can also have a significant economical impact on honey
production. The work in [84, [85, 186, 187, 188, 89, 90, 91] showed that swarming prediction could
be predicted using a remote and automated acoustics-based system. Using power spectral den-
sity, it was shown that the power increases by around 200 Hz when approaching the swarming
period [84), [87].

Furthermore, it is known that honey bees will collect nectar or honey from any source they
can find, and that includes a weak, or poorly guarded, colony. The process of invading another
hive to steal the stored honey is referred to as “robbing”, and it can occur anytime during the
year, but it is most evident in the late summer or early fall, especially during a nectar dearth [143].
Authors in [105] showed that hive robbing could be detected via video and audio recordings of a
beehive. A Beemon system [144] was placed right above the entrance of the hive with a camera
facing down to record the videos and a microphone was placed inside the hive. To estimate the
traffic using videos, a technique based on object tracking and neural networks called Beevee [145]
was used to count the number of bees entering or leaving the hive. Their analysis on hive traffic
video and inside hive audio showed that before robbery, the target hive had become weak and an
easy target.

Other important factors contributing to hive health can include the presence of parasites [34]
and exposure to environmental pollutants [120, [121], to name a few. In fact, recent research has
shown that honey bees can be used as environmental bioindicators for heavy metals and polycyclic
aromatic hydrocarbons [146]. The work in [34], for example, showed that honey bee hive acoustics
could be used to detect a Varroa mite infestation, whereas the work in [147, (148] showed that
hive acoustics could be used to detect certain atmospheric pollutants. Using four features, namely,
spectral centroid, peak frequency, frequency standard deviation, and bandwidth (range of predo-
minant frequencies with the threshold of —9 dB), coupled with a machine learning framework could
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lead to Varroa mite detection [34] with an accuracy of 81%. In [121], in turn, changes in acoustic
behaviour were monitored and classified using machine learning models, when hives were expo-
sed to acetone, trichloromethane, glutaric dialdehyde, and ethyl ether, and compared to the control
condition of blank air. Using MFCCs (mel-frequency cepstral coefficients, a widely-used feature in
audio analytics) as features and principal component analysis (PCA) to reduce the dimensionality
to two, clear differences in the beehive sounds in the morning, relative to the afternoon, were seen
in the control group. Smoke is also known to generate a defensive response in bees and is used
by beekeepers when manually inspecting hives. The work in [67] showed that smoke can have a
direct effect on hive acoustics with several harmonics showing up in the low-frequency spectrum
(0-500 Hz).

In addition to the above factors, researchers have also explored the short-term impact that mi-
crowave electromagnetic fields [127] and radio frequency electromagnetic radiation [46] have had
on hive acoustics. No significant changes were reported; in [46], the same was also true for tempe-
rature and humidity sensor data. Designing a hive monitoring system with multiple sensors, in ad-
dition to audio, has also been popularized recently [45] [111]. The work in [45], for example, also
included measures of temperature and humidity inside the hive, bee combs’ weight, and number of
entries to the hive to monitor the colony. The long-term monitoring of the colony showed dramatic
weight drops, swarming detected in the audio spectrogram analysis with frequency around 400 Hz,
as well as entrance counts and temperature.

Lastly, hive acoustic analysis has also been used as a means to better understand bee beha-
viour. For example, in [131], sound analysis was used to monitor the learning of worker bees (Apis
mellifera). In this study, bee hives were presented with two odours, where one of them was also
presented alongside an electric shock. While bees did not produce any different sound upon odour
presentation only, they responded to the electric shock with a strong hissing response defined as
the production of loud sounds or vibrations by simultaneous wing movements of several honey
bees and emit short (0.5-1.0 s) bursts of broadband-frequency sounds [149]. After learning, many
bees were shown to hiss when presented with the odour that was previously paired with the elec-
tric shock, even though the shock was no longer being presented, with fewer bees hissing upon
presentation of other odours. While hissing is known to be an aposematic signal [149], the authors
in [130] showed that Japanese honey bees (Apis cerana japonica) also hissed when there was no
obvious threat near the colony. In a later study by the same authors [129], they explored the rela-
tionship of hissing onset and offset times with sunrise and sunset times, as well as environmental
factors. They showed that honey bees hiss daily during daytime, most frequently at dawn, and the
hissing onset and offset times were close to sunrise and sunset times, respectively.

The authors in [141] highlight the potential of integrating various sensor modalities—such as
temperature, humidity, and acoustic signals—to anticipate winter mortality in honey bee colonies.
By leveraging machine learning techniques, the authors demonstrate that early-season data can
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provide valuable insights into colony health and survivability, offering a proactive approach to hive
management.

2.4.2.2 Bombus and Other Bee Species

Bumble bees’ different acoustics behaviour in the colony and in the field could contain infor-
mation that aids our understanding and ability to monitor these important pollinators. While some
researchers investigated the acoustics in the field for flight [53] (100, 128, [119] and buzz-pollination
analysis [101], others used in-colony acoustics for foraging activity [106(107], defence [150] (reac-
tion to mammalian breath and CO2-enriched air), dominance [138] (fundamental frequencies bet-
ween 300—400 Hz), and thermoregulation [151] (broadband acoustic signal with fundamental fre-
quencies between 180—-200 Hz) monitoring [138]. The relationship between “buzz-pollination” and
“floral sonication” has been investigated in measures of duration, frequency, and amplitude in [132].
The results showed that airborne recordings of sonication vibrations in B. impatiens characterize
duration and frequency faithfully while acoustic amplitude (relative peak amplitude and sound pres-
sure level) are not correlated with vibrational amplitude.

Detecting different species of bees is another research area that has increased interest re-
cently. This information is useful in both agricultural production and ecological research, as it helps
to understand and protect the biodiversity of these important pollinators and their habitat and also
evaluate the pollination services. Authors in [100], for example, designed a system to distinguish
the flight sounds of three pollinating bee species in Japan (i.e., Apis mellifera, Bombus ardens,
Tetralonia nipponensis) and one hornet species (i.e., Japanese yellow hornet, Vespa simillima
xanthoptera, a predator of honey bees in Japan. Results showed clear differences in the spectra
of these sounds, in MFCCs and in fundamental frequency; classification was performed by a sup-
port vector machine (SVM) classifier. Using acoustic properties such as peak amplitude, peak fre-
quency, and duration to identify different species of bumblebees during “buzz-pollination” or “floral
sonication” (bees vibrating flowers) has been the aim of some studies [101}, (139, [152]. The results
showed that body shape or wing size can be correlated with fundamental frequency [101], and also
duration of the buzzes was shown to differ with body size (larger bees producing shorter buzzes) in
six different species of bumblebees (B. hortorum, B. lapidarius, B. pascuorum, B. pratorum, B. ter-
restris, and B. lucorum) [139]. Moreover, using amplitude, frequency, and duration of flight and
“floral sonication” sounds of 15 pollinating bee species (see Table on Solanum lycopersicum
flowers showed that the sonication sounds are more relevant to bee species recognition as the
machine learning algorithms reached an accuracy of 73.4% on sonication and 64% flight sounds,
respectively [152].

In fact, detection of foraging activity has also been explored to provide insight into pollination
service [107, [108]. The work in [108], for example, used microphones installed in front of the co-
lony entrance of three different species of bumblebees (B. pascuorum, B. humilis and B. hypnorum)
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to detect arrival and departure of the bees. The daily histogram of departure on each day showed
that there are different foraging habits in different species. B. pascuorum were mostly active around
noon and in the afternoon, while less active in the morning. On the other hand, B. hypnorum were
more active after 3 p.m. Another interesting observation was that light rain in the afternoon made
B. humilis workers stay inside, but it did not affect B. hypnorum. Moreover, inspired by computa-
tional auditory scene analysis (CASA), the work in [53] used focal templates to recognize audio
segments which contained buzzes. To discriminate between arrivals and departures, an algorithm
based on the maximum absolute difference between two consecutive peaks of the smoothed si-
gnal envelope were used. Classification of arrival and departures reached sensitivity and precision
levels of 95%.

In [107], in turn, the foraging activity of the B. sylvicola and B. pascuorum was investigated, and
a system based on the time it takes for the maximum peak amplitude of a buzz to be achieved was
proposed to classify arrival and departure. Peaks closer to the beginning of a buzz were indicative
of an arrival, otherwise a departure was inferred; an overall accuracy around 96% was achieved.
In addition to foraging activity detection, the authors of [118] also proposed the use of spectral
contents of acoustics to predict pollination efficacy of the bumblebee (B. Terrestris) and wild bees
in the field; similar results were found in [119] for B. balteatus and B. sylvicola.

The work in [117], in turn, relied on audio to identify the colony’s circadian rhythm. One-second-
length audio were recorded every 15 minutes for 9 days to investigate the existence of circadian
rhythm. Using the root mean square (RMS) signal level as bee buzz or loudness, RMS growth in
the early hours of the morning and repetitive cycles were noticed. Time range between 11 p.m.
and 4 a.m. was concluded as the bees’ deep night, as bees have repetitive behaviour during which
colony activity decreases the most. As an attempt to complement this study, the authors in [137]
investigated sound indices features to identify the bee day as a convenient time for bee colony
characterization. They showed that by using temperature, time, and spectral entropy it is possible to
find colony characteristics which are the hive-specific hours when the sound of a particular colony is
most valuable. Using a temperature filtering step, they rejected recordings collected during weather
conditions that are not favourable to bees, and by comparing each hive’s spectral entropy daily
trends, 11 :00 a.m. to 4 :00 p.m. for the fall and winter seasons were considered as a bee day.

Lastly, in [128], the authors investigated the effect of the 2017 total solar eclipse, which caused
a drop in sunlight by three orders of magnitude and temperature by 10-15 °C (21 August 2017,
which traversed over 5000 km from coast to coast of North America). Hive acoustics were used
to monitor flight patterns of Apis mellifera, bombus, Megachile, and Halictus across the Pacific
Coast, Rocky Mountain, and Midwest regions of the United States. It was found that buzzing rates
changed as a function of light intensity (and not temperature drop), with the bees ceasing flying
during periods of complete darkness.
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2.4.3 Experiment setup
2.4.3.1 Bee species

Western honey bees (Apis mellifera) are the most common specie of bees explored in the in-
cluded studies. Not all of the studies mentioned the exact subspecies of A. mellifera used in their
investigation. Notwithstanding, Table shows the bee species and subspecies studies in the
respective articles. In the case of detecting arrival and departure of bees and measuring pollina-
tion efficacy, the genus Bombus was mostly present [106} (107, [119]. As shown in [139], buzzing
vibrations exhibit species-specific characteristics at least in genus Bombus. Therefore, it is vital to
report the specie name under experiment in order to better understand the relationship between
buzz production and specie.

2.4.3.2 Number of beehives

The studies included in this review used different number of beehives. Some studies (11.5%)
used the audio of a limited number of bees for a specific purpose. In [131], the authors used
the audio of 104 bees (forager bees which were caught at feeders placed nearby the hives) to
investigate hissing patterns in Apis Mellifera. Also, in [108], 60 bees from 3 species of bumblebees,
Bombus pascuorum, B. humilis and B. hypnorum, were used to monitor daily foraging activity and
distinguish between their arrivals and departures. The authors in [139], studied similar variables
using groups (n=105) of B. hortorum, B. lapidarius, B. pascuorum, B. pratorum, B. terrestris, and
B. lucorum to determine the similarity of vibrations among different species of bees and examine
the extent to which vibrations generated from buzz pollination differed from those produced in
a defensive context. While the majority (49.5 % ) of the studies did not mention the number of
beehives, the most common setups in the 51.5% of the remaining studies included between 1 and
6 beehives. A limited number of studies used a larger number of beehives [62]* [106, 107, 197]. For
example, in [106,[107], 46 wooden domiciles were deployed to collect data from B. sppin 2018 and
2019. Out of 46 domiciles, only 6 and 11 were occupied by different bumble bee species in 2018
and 2019, respectively. Moreover, the work in [62]* recorded audio of 26 beehives which provided
a very large number of audio samples and “hive-independent” models (predicting the beehive state
in hives different than the ones where the model was trained on) were used to predict hive strength.

2.4.3.3 Time of the recordings
Most of the studies reported that their data collections took place in the months of June [84,
106, (107, 188, 134, 195] and July [106, 107, 88, [134, [135], 1119} 92], with a few extending to August
[106, 47, 169] and September [139, [154]. Some studies reported that acoustic changes could be
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TABLE 2.4 : Bee Species.

Bee species Articles
Apis mellifera (84,187,110, 120, 121} 188,117, 111]
[89, 46, 168 122 131} 34] [62]

A. cerana [45] [126]

A. mellifera ligustica [16, 109, 165, 48, 29, B3l 6 7]
' (47,135,192, 169, 63][83]

A. cerana japonica [129] [130]

A. mellifera carnica (66,55, 127,147, 137,169 [71, 73]

Augochloropsis brachycephala [152]

Amegilla murrayensis [153]

Bombus spp. [132,1128,102]

B. impatiens [132]

B. ardens [100]

B. latreille [128]

B. balteatus [119]

B. terrestris [118[101), 139} 154! [104]

B. pascuorum [107,1101, 1139, [108]|

B. sylvicola [119 106l [107]

B. morio and B. atratus [152]

B. humilis and B. hypnorum [101,108]

B. argillaceus, B. jonellus, B. ruderarius, B. sylvarum [101]

B. hortorum, B. lapidarius, B. pratorum, , B. lucorum [101)[139]

B. nevadensis, B. frigidus, B. flavifrons, B. mixtus [1086]

Centris tarsata and Centris trigonoides [152]

Eulaema nigrita [152]

Exomalopsis analis and Exomalospsis minor [152]

Halictus [128] [136]

Megachile [128,1136]

Melipona bicolor and Melipona quadrifasciata [152]

Osmia brevis (oligolectic) [134]

Pseudaugochlora graminea [152]

Slovenian apis mellifera carnica [16]

T nipponensis and V. s. xanthoptera [100]

Xylocopa nigrocincta and Xylocopa suspecta [152]

seen according to the time of the day [122, [117]. By exploring different acoustic properties during
the morning, midday, afternoon, and night, authors in [122] showed that audio frequency changes
slowly through the day. Measuring data over a 24h period was a common setup in many studies
[45, 1129|166, 146, 130]. On the other hand, some studies focused on recording audio only when the
bees are the most active. For example, 3pm-6pm was used for the purpose of swarming detection
[84), 188], while arrival and departure activity was monitored between 7am-5pm and 8am-6pm in
[106,107] and in [108], respectively.
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TABLE 2.5 : Microphone characterization

Microphone frequency range (Hz) | Articles
6—20,000 Hz [91]
15-20,000 Hz [55]
20-20,000 Hz [66]
30-20,000 Hz [126]
40-20,000 Hz [131]
50-10,000 Hz [119]
70-16,000 Hz [135]

100-15,000 Hz [46.167]

2.4.3.4 Sampling rate of the audio signals

Sampling rate has a direct effect on the quality of the recorded audio, on storage requirements,
and on computational resources needed. It was found that almost 43.1% of the articles did not
mention their audio sampling rate, while 14.7% and 7.8% mentioned using 44.1 kHz and 22.05
kHz, respectively. As various studies have emphasized that acoustic events of interest lie typically
between 100 -1000 Hz [155 [122], some studies relied on downsampling from 22.05 kHz to 4
kHz [53, 66, 37], or even 3 kHz [117], to reduce storage requirements while still keeping useful
information for analysis.

2.4.3.5 Microphone Characteristics

One important aspect in audio analysis is the description of microphone characteristics, in
special the frequency range that the microphone can cover. Table 2.5/ shows the frequency ranges
of the microphones reported in articles that provided this information. As can be seen, the great
majority did not report this information (61.4%). While the upper end of the spectrum clearly covers
the regions of interest for beehive acoustics, of greater importance is the lower end of the spectrum.
For example, lower frequencies, around 100 Hz, have been linked to fundamental frequencies of
some bee species such as B. hortorum, B. argillaceus and B. pascuorum [101},[106]. Detection of
such characteristics, with a microphone with a frequency resolution starting at higher than 100 Hz,
for example, would not be possible. As such, accurate characterization of the used microphones
should be detailed in future works to facilitate replication.

2.4.3.6 Audio Pre-processing
Most of the studies reviewed did not mention any pre-processing steps for the audio analysis,
thus it is not clear how background noise was processed and/or removed, or if downsampling

was applied. Nevertheless, five manuscripts mentioned using a filtering step to remove noise, as
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well as high frequencies in the audio files. Different filters were used, including a Butterworth,
Chebysheyv, Elliptic, and a Bessel filter [102]. In [121], a 10th order Butterworth band-pass filter
with edge frequencies set at 50 Hz and 1500 Hz was used to remove background noise (e.g., bird
sounds, workers’ voices, and car noises). The work in [34], in turn, relied on a 7th order Butterworth
low-Pass filter with a cut-off frequency at 4 kHz for feature extraction for infestation detection. In
[100], the goal was of bee type identification, and a 12 kHz low-pass filter was applied to eliminate
only very high frequency sounds, such as machinery. All of these studies, however, did not report
results before (i.e., with raw signals) pre-processing, thus it is not clear how much advantage
resulted from this signal processing step or if removing high frequencies could be detrimental to
some other classification tasks not explored in the related papers. Nonetheless, the gains achieved
in storage requirements and real-time processing capability could be well worth the downsampling
schemes.

2.4.4 Audio Analysis Method

We divided the bee acoustic audio analysis methods into two categories : research that used
machine learning algorithms and those that did not. For the first category, we look at the feature
extraction and classification methods used in each articles. For the second category, only the
features used and/or methods of visualization are reported. Table[2.6]lists the different features that
have been extracted from the audio signals, some of them serving as input to different classification
algorithms, and more details are provided below.

2.4.4.1 Features

Mel-frequency cepstral coefficients (MFCCs) [156] are the most common set of features used
in studies that exploited a machine learning framework. MFCCs mimic some of the processing
performed by the human hearing system, such as the nonlinear perceptual mel-frequency scale
of pitch. These features have been widely used on speech processing applications, including
speech/speaker/emotion recognition, to name a few. Around 30% of studies analyzed MFCCs to
extract information for bee detection, queen absence and swarming detection, bee species identifi-
cation, as well as environmental effects, with the three first coefficients showing the most discrimi-
nation. The authors in [18] used improved MFCCs (IMFCCs) [157], which invert the Mel filterbank
to emphasize higher-frequency components that are under-represented in standard MFCCs. In
conventional MFCC extraction, the Mel scale allocates a higher density of filters below approxima-
tely 1-2 kHz and progressively fewer filters above 3—4 kHz, effectively biasing the representation
toward low-frequency content. IMFCCs address this limitation by increasing spectral resolution in
the higher-frequency range (e.g., above 3 kHz for a 16 kHz sampling rate), enabling the capture of
additional discriminative information. However, the effectiveness of IMFCCs depends on the sam-
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pling rate, since high-frequency content is bounded by the Nyquist frequency; thus, their benefit is
more pronounced when sufficiently high sampling rates are used.

In [88], the short-time Fourier transform (STFT) calculated with filterbank and overlap-add me-
thods was used to detect swarming events. The STFT was calculated using 128, 256, 512 and
1024 bins to investigate the impact of window width. The best time localization and frequency
resolution achieved was with 512 bins, thus inline with other studies [48, 55]. In [47], in turn, the
performance of the fast Fourier transform (FFT), the S-transform (S-T), and the STFT were compa-
red for the task of queenless hive detection. The S-T was shown to be very effective in identifying
time-varying events, such as the “warbles” mentioned in [158] and which are indicative of a queen-
less hive. STFT based features were the second most used in the reviewed works.

In [45], in turn, a spectrogram with a frequency range of 0-512 Hz and resolution of 8 Hz was
used to visualize bee behaviour before and during swarming. It was found that higher energy in the
400-500 Hz band could be an indicator of swarming activity. In [48], the authors used MFCCs, mel-
scaled spectrogram, and the time aggregated time-frequency spectrogram produced by Hilbert-
Huang transform (HHT) [159] (a time-frequency signal analysis method based on empirical mode
decomposition) with different classifiers to detect queenless hives in “hive-dependent” and “hive-
independent” scenarios. The results indicated that all tested features could discriminate queenless
hives, with the fusion of HHT-based features and MFCCs showing to improve accuracy for the
“hive-independent” setup, thus better suitable for applications that generalize to unseen hives. In
comparison with the spectrogram, the HHT better captured the harmonic information, due to its
higher resolution, relative to the MFCCs, hence the observed gains. In a similar vein, the constant-
Q transform (CQT), a time-frequency transform widely used in music processing, was used for
bee detection in [54]. Experiments with a bee detection system showed that MFCCs could better
distinguish bee sounds from noise, as compared to the mel-scaled spectrogram and the CQT.

Another powerful time-frequency analysis method is the wavelet transform (WT). In [63], the
discrete wavelet transform (DWT) was tested for queenless beehive detection. Results indicated
that a DWT with a 10-level dyadic filterbank resulted in a clear distinction between queenless and
queenright hives. The work in [49] showed that Continuous Wavelet Transform (CWT) outperfor-
med other time-frequency features such as MFCCs, spectrogram, HHT and DWT in queenless
beehive detection with "hive-independent” setup. The work in [89] also briefly discussed the use
of the DWT for swarming detection and compared it with the spectrogram; improved results were
attributed to the increased frequency resolution provided by the DWT. Moreover, they showed that
CWT had a good signal representation with a higher computational cost.

Linear predictive coding (LPC), motivated by the speech/audio compression field [160], has
also been used as a feature extraction method for queen presence detection and swarming detec-
tion [68],91]. The work in [91], for example, compared LPC features with MFCCs and showed that
MFCCs were slightly better for swarming detection (82.2% vs 80.4% accuracy). Power spectral
density (PSD) was also explored in [84] to look for spectral power changes in certain frequency
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TABLE 2.6 : Feature extraction methods explored.

Feature

Articles

Fast Fourier transform
and s-transform

[4/]

Spectrogram (STFT)

[17,145 109, 149, |88, 189]
[55, 122, 131} 134, 134, 147, 194, 95]

Mel-scaled Spectrogram

[48, 49, 54| 55, 67, 57, 93, [94]

Mel-frequency
cepstral coefficients

(16, 48| 186, 49, (120, 121}, 54, [117, 166, (100, [89]
[101, 102,152,190, 191}, 137, 61, 156, 70, 158, [71}, 199]

Improved Mel-frequency
cepstral coefficients

[18]

Discrete wavelet transform [65] 149/ [89]
Continuous wavelet transform [49,189]
Hilbert-Huang transform [65] 148|149, 89]
Linear predictive coding (68l 191]
Power spectral density [84]110]
constant-Q transform 54, 56/ [70]

Temporal features

(111,132,128, 46]

Spectral features

[106, 34, 139, 70, [95]

Computational auditory
scene Analysis

[107, 53, 119

Sound indices

[120,137]

ranges a few days prior to swarming; experiments showed that increases in spectral power around
the 200 Hz region was an indication of swarming. Alternately, other studies have explored changes
in audio signal duration and amplitude, as well as changes in spectral characteristics. While the
work in [128], for example, explored changes in buzz duration and amplitude due to solar eclipse,
the work in [132], showed changes in duration, amplitude and fundamental frequency during flo-
ral sonication vibration (a behaviour in which certain bees generate vibrations by contracting their
flight muscles to extract collected pollen). In turn, the authors in [34] showed that peak frequency
and relative peak amplitude could be used to detect varroa mite infestation, whereas in [139],
these measures were used to discriminate between pollination from defense buzzes in bumble-
bees. Computational auditory scene analysis (CASA) tools (see e.g., [161]) were also used in [53]
and [119] to detect the buzzing of bees from environmental recordings and to measure pollination
efficacy by detecting bee buzzes in the environment, respectively. Lastly, the work in [120] propo-
sed new sound indices, such as the acoustic complexity index, acoustic diversity index, acoustic
evenness index, and the bioacoustic index to characterize changes in beehive acoustics when
exposed to certain chemicals.
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2.4.4.2 Machine learning algorithm

A typical machine learning framework encompasses signal measurement, pre-processing, fea-
ture extraction, and, lastly, classification. In the area of bee acoustic analyses, many different clas-
sifiers have been explored. Table summarizes the different classification algorithms used. As
can be seen, the most common classifier is a support vector machines (SVM) [162], a kernel-based
method that projects data into higher dimensions in which a hyperplane can separate the classes.
Authors in [118] used an SVM to predict the pollination efficacy of bumblebees. The performance of
the SVM using different input features (e.g., MFCCs, HHT, mel-scaled spectrogram), on the other
hand, was explored for queenless hive detection in [48]. The impact of different kernels, including
linear, quadratic, and radial basis function, was compared in [121] against Random Forest classi-
fier [163] and K-nearest neighbors method for detecting common air pollution chemicals such as
Acetone, Trichloromethane, Glutaric dialdehyde and ethyl ether; the SVM with radial basis function
as the kernel showed the best accuracy. To detect parasite infestation, authors in [34] compared
linear discriminant analysis (LDA) with SVM and found that while LDA outperformed the SVM in
most cases, the SVM had lower computational cost and complexity. Logistic regression has also
been explored intensively, especially for queenless hive detection [66, [16] 137].

Decision trees have been widely used for classification as they are easy to interpret [164].
Decision tree has been used to classify bee specie [101, 102, [152]. A performance comparison
between decision tree and other classifiers such as SVM, Logistic regression and random forest
showed that they are not usually the most accurate one. Naive Bayes has also been used in clas-
sifying bee specie [101}, [102]. Authors in [102] showed that Random Forest, Logistic Regression
and K-nearest neighbors outperformed Naive Bayes in detecting bee species.

The abovementioned methods have been termed “classical” or “conventional” machine learning
paradigms, to separate them from the more recent and burgeoning deep-learning neural network
based methods. The work in [16], for example, proposed the use of so-called Long Short-Term
Memory (LSTM) recurrent neural networks (RNN) for queen bee presence detection. A comparison
between an LSTM, a multi-layer perceptron (MLP) neural network, and logistic regression was
made and showed the power of the LSTM for the task at hand. The MLP was again explored in [18]
for queen bee presence detection and showed to outperform classical SVM and KNN classifiers.
It was also tested for swarming detection in [90, [91] and compared to traditional methods, such as
Gaussian mixture models (GMM) and hidden Markov models (HMM), showing its superiority.

Recently, convolutional neural networks (CNN) have gained popularity, especially within com-
puter vision tasks. To make them directly applicable to bee acoustics analysis, researchers have
relied on image-like inputs, such as spectrograms, mel-scaled spectrogram, or other 2-dimensional
time-frequency representations of the audio. Authors in [48], for example, relied on the spectro-
gram as input to a CNN with 4 convolution layers to detect queenless hives. The challenge of
training “hive-independent” models was emphasized and an SVM was shown to better generalize
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to unseen hives. Notwithstanding, state-of-the-art accuracy was achieved with the CNN for the
“hive-dependent” scenario. CNN architectures were also explored in [54] for bee detection with re-
sults outperforming SVM, Random Forest, and XGBoost (a decision tree-based ensemble learning
algorithm [165] that uses a gradient boosting framework) classifiers. In a similar vein, the work in
[55] compared the performance of 2-D (spectrogram input) versus 1-D (raw audio input) CNNs and
concluded that the latter resulted in more robust decisions, especially when test data differed from
the training data by beehive, location, time, and bee race.

Transfer learning has emerged as a practical approach, where models pre-trained on large-
scale audio datasets (e.g., environmental or speech audio) are fine-tuned on limited beehive re-
cordings to improve classification or anomaly detection accuracy. The authors in [166] investigate
the effectiveness of deep learning models in automatically classifying beehive audio recordings.
The authors evaluate several architectures, including convolutional neural networks (CNNs) and
pre-trained audio transformers, on tasks such as identifying normal hive activity versus stress
conditions. Their results demonstrate that deep learning models—especially those using transfer
learning from large-scale audio datasets—can achieve high classification accuracy and outperform
traditional machine learning approaches.

In parallel, self-supervised learning offers a promising solution for harnessing the vast amounts
of unlabeled beehive audio by training models to learn meaningful representations through tasks
such as masked audio reconstruction or contrastive learning. These representations can then be
fine-tuned for downstream tasks like swarm detection or population estimation. Authors in [62]
developed a semi-supervised audio representation learning model to assess beehive strength, ef-
fectively utilizing unlabeled data to model both low-level audio features and temporal dynamics.
Authors in [104] investigate the application of transformer-based neural networks for classifying
bee species based on their buzzing sounds. The researchers implemented and evaluated several
models, including the Audio Spectrogram Transformer (AST), Self-Supervised AST (SSAST), and
Masked Autoencoding AST (MAE-AST). These transformer models were compared against tradi-
tional convolutional neural networks like EfficientNet V2 [167] and Pre-trained Audio Neural Net-
works (PANNs) [168]. The transformer architectures, particularly when combined with pre-training
and data augmentation techniques, demonstrated superior performance in accurately identifying
bee species from acoustic data.

Moreover, federated learning presents an innovative path forward for collaborative model trai-
ning across geographically distributed hives or apiaries while preserving data privacy. This decen-
tralized approach allows beekeepers to contribute to global model improvement without exposing
sensitive or proprietary recordings, fostering scalable and privacy-aware acoustic monitoring solu-
tions. Authors in [60] explored different deep learning models, namely DenseNet121, ResNet50,
and InceptionV3 fine-tuned for detecting the presence or absence of the bees. Moreover, they eva-
luated the federated learning approach with a VGG16 model on a local dataset that shared the
updated model with the central server. The global model achieved an accuracy of 65%.
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TABLE 2.7 : Classification algorithms.

Classifier Articles

Linear discriminant analysis [34]

Logistic regression (16,166, 152,37, 56]

Support vector machines [118, 148, 121, 54, 117, 1100, 55
(68,101,102, 134,152} 162, 56, 70, 63]

K-nearest neighbors 12156, 125,126, [116]

Naive Bayes [101,102]

Decision Tree [101, 102, 152 125! [126]

Random Forest [120, [121], 54, 101}, (102, 152, 56, [70} 163} 125, 199, [82]

XGBoost [54]126]

Multi-layer perceptron [16] 18] 190, [63][62]

Convolutional neural networks (48149, 54, 55 57, [72][62]

Long Short-Term Memory (16,113, [77]

Transfer Learning (73,1166, 160]

Self-Supervised Learning [104]

Federated Learning [60]

Gaussian mixture models [86.191]

Hidden Markov models [86], 190l 911 [98]

2.4.4.3 Performance metrics

In classification tasks, different metrics can be used as figures of merit, with some showing
improved robustness to unbalanced datasets. Table [2.8] lists the metrics used in the papers that
focused on machine learning based classification. As can be seen, the most common metric is
accuracy, followed by area under the curve (AUC). The majority of the other metrics rely on the
classification confusion matrix, and includes e.g., sensitivity, F1-score, and recall. For cases with
class imbalance, measures such as F1-score and AUC are most appropriate for binary classifica-
tion task.

2.4.5 Reproducibility

Reproducibility is an important part of science : reproducible results can help move research
fields forward, especially in new and interdisciplinary fields, such as beehive acoustics analysis.
Here, we evaluate reproducibilty by using two key criteria : the availability of recorded data and the
availability of written code.
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TABLE 2.8 : Classification evaluation metrics.

Evaluation metric Articles
Confusion matrix [107, 72,140, [126]
Accuracy (16,17, 18,186,120, 121}, 154 [117]
[100, 55, 101} 134,152, 90, [91],[108, 62, 183, 56| 57]
Area under the curve (48] 149, 166,102, 158, [71] [61]
Sensitivity [53, 170, 78]
Selectivity 53]
Precision [49, 156, 57|
Recall (106! 49, 56, 57]
F1-score [106, 54, 149, [152] 56 57]

2.4.5.1 Data availability

From the review articles, three main sources of public bee audio data was identified. The first
source is the so-called Nu-hive project [67] data, which consisted of audio for queen state identi-
fication, smoke reaction, and bee detection. The public release of this dataset is related to queen
state identification from two different beehives. Authors in [65] 48, [49][83]* used the Nu-hive data
for queen absence detection, whereas [61]* used part of this data for bee detection. The second
source is the OSBH project [169] audio data, acquired through a citizen science initiative where
members of the general public were asked to record sounds from their personal beehives along
with some metadata. Given its nature, recordings from the OSBH project present great diversity, in-
cluding different recording devices, different environments where the hives were placed, and even
different positions for the microphones inside the hive. This diversity, while making the dataset
valuable for evaluation in real-life conditions, also makes it extremely challenging for machine lear-
ning applications. Authors in [86}, 90, 91] used OSBH data for swarming detection, whereas those
in [54][61]* used it for bee detection.

Lastly, the third public source is a dataset called BUZZ, a bee detection dataset including audio
of bee buzzes, ambient noise, and cricket sounds [55]. The data is available from six different
hives, which have been each separated into different disjoint train, test, and validation subsets.
In the first partition (termed BUZZ1), the train and test samples are separated from the validation
set by beehive and location. The second partition (BUZZ2), in turn, separates the train and test
samples by beehive and location, while the validation sets are by beehive, location, time (2017 vs.
2018), and bee race (A. Mellifera ligustica vs. A. mellifera carnica). Authors in [55] created and
used this datasets for bee detection using CNNs.
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2.4.5.2 Code availability

Sharing code is an integral part of enabling repoducible research, as well as to allow future
researchers to quickly and reliably build upon existing knowledge. Of the 57 reviewed articles, only
two [48|,[55] shared their code.

2.5 Summary and Open Challenges

This chapter presented a comprehensive and critical review of the experimental setups, signal
processing pipelines, feature representations, machine learning methodologies, and evaluation
practices employed in acoustics-based monitoring of honey bees and related pollinators. By sys-
tematically analyzing more than a decade of research, the chapter highlighted both the significant
progress achieved and the persistent challenges that limit the deployment of robust and generali-
zable acoustic monitoring systems in real-world apicultural settings.

From an experimental perspective, the review revealed substantial heterogeneity across studies
in terms of bee species, number of monitored hives, recording schedules, and sensing configura-
tions. While most works focus on the western honey bee (Apis mellifera), species- and subspecies-
level reporting remains inconsistent, despite mounting evidence that acoustic signatures are stron-
gly species-dependent. Moreover, the predominance of small-scale experiments—often involving
fewer than six hives—and the frequent omission of hive counts hinder meaningful cross-study com-
parison and limit conclusions regarding scalability and generalization. Seasonal and diurnal effects
are widely acknowledged, yet recording protocols remain largely ad hoc, further contributing to va-
riability across datasets.

At the signal acquisition level, key parameters such as sampling rate and microphone frequency
response are often underreported. This lack of standardization is particularly problematic given the
biological relevance of low-frequency components in bee acoustics. Similarly, audio pre-processing
steps are inconsistently applied and rarely evaluated quantitatively, leaving open questions regar-
ding the trade-offs between noise suppression, information loss, and computational efficiency.

From an analysis standpoint, the literature demonstrates a clear dominance of time—frequency
representations, with MFCCs and spectrogram-based features serving as the backbone of most
machine learning pipelines. While alternative representations—such as wavelet transforms, Hil-
bert—Huang transform, and constant-Q transform—have shown promise for specific tasks, feature
selection remains highly task-dependent, and no single representation consistently outperforms
others across applications. Classical machine learning models continue to be widely adopted due
to their interpretability and modest data requirements, whereas deep learning approaches increa-
singly achieve state-of-the-art performance, particularly when leveraging transfer learning or self-
supervised pre-training. Nonetheless, several studies indicate that deep models may struggle with
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hive-independent generalization, underscoring the need for evaluation protocols that better reflect
deployment conditions.

Performance evaluation practices further expose a lack of methodological consistency. Accu-
racy remains the most commonly reported metric, despite widespread class imbalance across
bee acoustics tasks. More robust metrics such as AUC and F1-score are used inconsistently, and
standardized evaluation frameworks are largely absent.

Finally, reproducibility emerges as a major bottleneck for progress in the field. Only a small
fraction of studies rely on publicly available datasets, and even fewer share source code. Although
notable datasets such as Nu-Hive, OSBH, and BUZZ have enabled limited benchmarking, diffe-
rences in data collection protocols and partitioning strategies complicate fair comparison across
methods.

Overall, this chapter underscores the need for more standardized experimental designs, trans-
parent reporting of signal acquisition parameters, rigorous evaluation of preprocessing and feature
extraction choices, and stronger emphasis on reproducibility and hive-independent generalization.
These gaps directly motivate the methodological choices adopted in the subsequent chapters of
this thesis, which aim to develop robust, interpretable, and scalable machine learning frameworks
for acoustic monitoring of honey bee colonies under realistic and noisy conditions.

56



3 URBAN : URBAN BEEHIVE ACOUSTICS AND PHENOTYPING DA-
TASET

3.1 Preamble

This chapter is compiled from material extracted from the following peer-reviewed article : "Ur-
BAN : Urban Beehive Acoustics and PheNotyping Dataset [170]"

3.2 Introduction

Open access data on beehive management is crucial for fostering research output and advan-
cements in the field, especially with the recent advances seen in artificial intelligence (Al) and ma-
chine learning (ML). Unfortunately, the beekeeping community faces a significant scarcity of open
access data, hindering the progress of research and innovation. Access to comprehensive data-
sets on beehive dynamics, including factors such as colony health, behavior, and environmental
influences, empowers researchers to conduct in-depth analyses and develop impactful solutions.
While there are some public bee audio database available, such as Buzz [171], Nu-hive [172], and
OSBH [61], they are mostly focused on bee and queen bee detection and are limited in sample
size. The “To bee or not to bee’ dataset [61] is a combination of Nu-hive and OSBH audio samples,
which were labeled to detect bee buzzing sounds.

Recently, the MSPB dataset was released [173]; this is a longitudinal multi-sensor dataset with
phenotypic measurements. It was released to show that audio signals can be used for detection
of winter survivability and population estimation. The dataset, however, does not provide access
to the raw audio signals and makes available only pre-processed parameters extracted from the
audio signal (e.g., overall hive audio power). Table [3.1]lists the available beehive acoustic datasets
along with some relevant statistics. As can be seen, existing datasets are limited in the number
of raw audio samples available, as well as in the number of days covered. Therefore, to address
these limitations and support advancements in beehive monitoring, we present here a new beehive
acoustics dataset.

In this chapter, we introduce UrBAN (Urban Beehive Acoustics and PheNotyping), a dataset
that includes over 3000 hours of raw audio collected from beehives during a period of two years.
The main focus of the data was on colony population prediction. The population of a colony can
be estimated using the number of frames in the hive that are covered by least 70% [173] by bees.
There have been studies showing that the number of frames of bees can be predicted using various
features extracted from the raw audio within a machine learning framework [176, 1173} [125]. Authors
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TABLE 3.1 : Comparison of UrBAN dataset with the other public datasets.

Name # Hives Labels Modality Size Availability
Raw audio 96 h Public
. Queenright; i Not
NU-Hive [67] 2 queenless Temperature available
.. Not
Humidity ' available
Bee buzzing; Upon
BUZZ [171] 6 cricket; noise Raw audio 7h P
requests
Queenrigh;
OSBH [169,61] | 6 tqueenless Raw audio 140 min Subset
available
Too bee Bee buzzing;
or 8 no bee buzzing Raw audio 12h Public
not to bee [61]
Population; Honey; Hzpdfcra}[fted Quarter-hour!
MSPB[i73] | 53 | Queenconditions; | 8UCI0TGAIIES | WUATISTROUIY | py i
Hygienic behavior; Temperature durlng 365 day
Winter mortality Humidity
Smart Bee Queenright: Raw audio 118h
Colony Monitor 4 queenless Temperature Hourly during Public
[L74] Humidity 40 day
Pressure
Population; Raw audio 3171h
UrBAN (ours) 10 ngen condltlo_ns; Temperature | Quarter-hourly Public
Winter mortality during 135 d
Humidity uring ay

in [173] showed that features, such as audio power in specific frequency bands, could be used to
predict hive population.

The UrBAN dataset was gathered over the period spanning 2021 to 2022, originating from
observations made across a network of ten beehives, part of an urban apiary, positioned in the
rooftop of a building located in Montreal, Québec, Canada. Various parameters, such as audio
recordings, temperature measurements, and relative humidity readings were collected. Notably, the
dataset encompasses a broad spectrum of critical metrics pertaining to hive inspections, including
assessments of honey bee colony population dynamics, evaluations of queen-related conditions,
and records of overall health status. Specific health indicators, such as Varroa mite infestation rates
and assessments of winter survivability, were also cataloged, providing invaluable insights into the
factors influencing hive health and resilience.
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(a) (b)

FIGURE 3.1 : Photos of the (a) rooftop urban apiary in Montreal and (b) audio recording hardware.

3.3 Methods
Urban Apiary

The rooftop apiary situated in Montréal, Canada (45.5253° N, 73.6123° W), comprised ten
active honey bee hives. These hives were placed on wooden pallets (2 hives per pallet) in a row
facing south east. Figure shows the apiary placement. Each hive consisted of one brood
chamber and one to two honey supers, housed within 10-frame standard Langstroth boxes, with a
maximum of three boxes per hive. All hives originated from four-frame nucs, which were acquired
and installed during the month of May in the year 2021.

Experienced beekeepers deliberately maintained varied hive populations to capture diverse
data points, aligning with the primary objective of predicting beehive strength, which correlates
with population size. At the beginning of the data collection, each hive contained a distinct number
of (full) frames of bees with a minimum of six frames of bees in hives with a single brood box to a
maximum of 20 frames in hives with both a brood box and a honey super. As colony populations
expanded over time, additional honey supers were introduced. Consequently, within our apiary, the
maximum configuration comprised three boxes and up to 30 frames of bees.

3.3.1 Hive Management and Inspection

The hives were manually inspected roughly every two weeks to measure the strength of the
hives (i.e., the number of frames of bees), to verify the presence of a laying queen, as well as to
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TABLE 3.2 : Summary of the data collection start and end dates for each year.

Year Inspections Varroa mite measurment | Audio recording | Temperature/Humidity

June 22th August 11th June 19th
2021 - - - -
October 19th October 31st October 31st
July 11th August 24th, February 1st
2022 September 1st, -

September 7th and September 30th October 31st
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FIGURE 3.2 : Histograms of the humber of frames of bees for the year of (a) 2021 and (b) 2022 experiments.

20

report any additional observations related to the colony activity. The start and date of these ins-
pections are listed in Table for each year. Figure shows the histogram of the number of
frames of bees observed during multiple inspections for each year of the experiments. Each histo-
gram indicates the count of observed frames of bees for all of the beehives during the experiments.
Moreover, Figure [3.3] shows the number of frames of bees for each hive during inspections. The
beehive colonies were wintered outdoors with the aid of insulation, a strategic approach aimed at
enhancing their survivability and well-being during the colder months, as shown in Figure In-
sulation provides an additional layer of protection against harsh environmental conditions, helping
to maintain stable temperatures within the hive and reduce heat loss.

3.3.2 Varroa Mite Infestation

Varroa mite infestation poses a significant threat to the health and well-being of honey bee
colonies, making it a matter of utmost importance for beekeepers and researchers alike. In the
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FIGURE 3.3 : Barplots of the number of frames of bees on days of inspections for the year of (a) 2021 and (b)

2022 experiments.

FIGURE 3.4 : Insulation used for beehives overwintering.

2022 data collection, the beekeepers measured the varroa mite infestation using the alcohol wash
method [177] in some of the beehives. The alcohol wash method is a common technique for mea-
suring Varroa mite infestations in honey bee colonies. It involves collecting a sample of about 300
bees from the brood nest, submerging them in isopropyl alcohol (70% or higher), and gently sha-
king the container to dislodge the mites. The mixture is then strained, and the mites are counted to
estimate the infestation rate. This method, while resulting in the loss of the sampled bees, provides
an accurate assessment of mite levels, helping beekeepers make informed decisions about mite
control and ensuring colony health. Figure indicates the amount of Varroa mite infestation in
each measurement.
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3.3.3 Mortality Rate

Winter mortality is one of the primary causes of beehive losses globally and is a significant
concern for both beekeepers and researchers [178]. As temperatures drop and resources be-
come scarce, honey bee colonies face numerous challenges that can impact their survival. Factors
such as disease prevalence, mite infestations, inadequate food stores, and harsh environmental
conditions all contribute to increased mortality rates among bee colonies during the winter [179].
Understanding and monitoring these mortality rates is crucial for assessing the health of bee po-
pulations and implementing strategies to mitigate losses. During the data collection, 20% of the
beehives died after overwintering in 2022.
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(b)

FIGURE 3.6 : Location of the (a) temperature and humidity sensor placed on top of the middle frame of the first
brood chamber and (b) microphone placed next to it.

3.3.4 Sensor Data

A multimodal sensor, positioned atop the central frame within the bottom brood box, facilitated
continuous monitoring of internal hive temperature and humidity (SHTC1, Beecon, Nectar Tech-
nologies Inc, Canada). This sensor operates within a relative humidity range of 0% to 100% RH,
with an accuracy of £3% RH. Its temperature range spans from -40°C to +125°C, offering a mea-
surement accuracy of +0.3°C. Additionally, an accompanying microphone, depicted in Figure 3.6p,
was installed adjacent to the sensor. The microphones were installed inside a custom-designed
enclosure, which served to minimize direct contact with the bees and reduce the likelihood of pro-
polization. The setup utilized a MEMS microphone (SPK0641HT4H-1) with a frequency range of
20 Hz to 20 kHz. This omnidirectional PDM microphone operates at a voltage range of 1.6 V to 3.6
V and has a sensitivity of -26 dB +1 dB @ 94 dB SPL. The multi-modal data is comprised of the
average temperature and humidity readings every 15 minutes, and a 15-minute audio segment
every 30 minutes with a sampling rate of 48 kHz. To minimize storage usage, every audio file was
downsampled to 16 kHz.

Moreover, local external temperatures, humidity, and rainfall amounts levels were obtained from
the Environment and Climate Change Canada websitelﬂ A representative example of a 24 h snap-
shot of the changes in internal/external temperature and humidity levels for a single beehive, as
well as a 4-month period average of all beehives is shown in Figure 3.7a and b, respectively. The
24 h snapshot ([3.73) is for a strong and healthy colony in August with one brood chamber and 2
honey supers with a total of 30 frames of bees (covered with at least 70% of bees).

1. https://climate.weather.gc.ca/
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TABLE 3.3 : The quantity of raw audio for each year of the experiments.

Year Type Total quantity - size | Quantity during months of inspections
2021 | Raw audio | 1752 h - 185 Gb 1466 h - 155 Gb
2022 | Raw audio | 12491 h- 1315 Gb 1705 h - 180 Gb

Figure illustrates the intensity of the audio, the smoothed root mean square (RMS) power,
and its corresponding spectrogram. It is evident from the figure that the audio power experiences
a rise throughout the day, particularly during periods characterized by rising external temperatures
and declining humidity levels. This observation suggests increased foraging activity and thermohy-
grometric regulation within the colony.

On the importance of beehive size and its effect on audio, Figure [3.9)shows the 24 h bar-plots
for different number of frames of bees. Each of these plots show the average RMS value with
specified frames of bees. Similar to Figure [3.8} a rising trend during the day can be seen. Table[3.3]
provides an overview of the quantity and size of raw audio collected for each year. It consists of
two columns detailing the total duration in hour and size in gigabytes (GB) of recordings, with
one column encompassing all recordings regardless of inspection periods, and the other focusing
solely on recordings made during the inspection periods specified in Table

3.4 Data Records

Tables[3.4] and|3.6|provide a comprehensive overview of the inspections (labels) and sen-
sor data for years 2021-2022. The inspection files called inspections_2021.csv and inspections_
2022. csv contain details such as the count of frames of bees, presence of varroa mite infestation,
queen status, and mortality rates stored as .csv| files. Each beehive is identified by a unique
hive ID, enabling discrimination between them. In Table [3.6] the details about recording of internal
temperature, humidity, raw audio, and also weather information such as external temperature, hu-
midity, and amount of precipitation are described. The raw audio recordings are wav| files stored
in a compressed format for easy download. The sensor data and weather information comprise
two . csv files. The UrBAN dataset is made fully publicly available at the Federated Research Data
Repository [180] (https://doi.org/10.20383/103.0972).

3.5 Summary

In this chapter, we introduced the UrBAN dataset [180], a large-scale, open-access audio da-
taset designed to support research in acoustic-based beehive monitoring. The dataset comprises
more than 3,000 hours of raw audio recordings collected over two consecutive years from ten ur-
ban beehives, alongside external weather measurements. In addition to continuous sensor data,
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FIGURE 3.7 : Internal and external temperature and humidity during (a) a 24h period for a single beehive on
August 12th, 2021, and b) total duration of the experiment in 2021.

ludes detailed hive inspection records capturing colony population dynamics, queen

mite infestation levels, and winter mortality outcomes.

to existing public beehive acoustic datasets, UrBAN offers substantially greater tem-
poral coverage, access to raw audio signals, and richer phenotypic annotations, enabling both
short-term and longitudinal analyses. By making this dataset publicly available, we aim to facili-
tate reproducible research, support the development of generalizable machine learning models,
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and advance data-driven approaches for monitoring honey bee colony health and resilience in
real-world environments.
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TABLE 3.4 : Structure of the files describing inspections for the year 2021.

Year File name Columns Description
Date Time stamp (YYYY-MM-DD)
Tag number ID unique to each hive
Colony size The number of boxes for each beehive
The number of frames of bees in the
Fob 1st first b
2021 | inspections_2021.csv Irst box
Fob 2nd The number of frames of bees in the
second box
Fob 3rd The number of flrames of bees in the
third box
FoBrood The number of frames of brood

Frames of honey

The number of frames of honey

Queen status

QR/QNS (queen seen or not seen)

Time stamp indicating opening the box

Open for inspections (HH :MM)
Close Time stamp indicating closing the box
after inspections (HH :MM)
Additional observation such as beehive
Note

being weak or aggressive
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TABLE 3.5 : Structure of the files describing inspections for each year 2022.

Year File name Columns Description
Date Time stamp
(YYYY-MM-DD HH :MM :SS)
Tag number ID unique to each hive
2022 | inspections_2022.csv Hive grading, hive status,
frames of bees, varroa,
Category treatment, feeding,

custom practice, queen
management, hive issues

Detail of each category.

Hive grading : strong’, 'medium’, ‘'weak’,
‘pulled honey super’, 'size - 1d’;
Hive status : 'queenright’, ‘queenless’,
‘deadout’;
frames of bees : the number of
frames of bees;

Action detail Varroa : the varroa mite measurement;
Treatment : 'mite away’;

Feeding : 'sugar’;

Custom practice : 'add entrance reducer’,
'supering’, 'added bee escape’,
'added trash bag (feeder trick)’;
Queen management : ’potential breeder’;
Hive issues : ‘chalk brood’

Queen status Queenright/queenless

Is alive 0/1 (Zero indicates a dead hive)

Additional observation such as beehive

Report notes . .
being weak or aggressive
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TABLE 3.6 : Structure of the files/folders of the sensor data (temperature and humidity), raw audio recordings,
and weather information.

Year File/folder name Columns Description
Date Time stamp
(YYYY-MM-DD HH :MM :SS)
2021 sensor_2021.csv Tag number ID unique to each hive
Internal temperature
Temperature . )
in degree Celsius
Humidity Internal humidity in percentage
Audio files names :
audio_2021 - "DD-MM-YYYY_HHhMM_HIVE_Tag.wav"
where 'Tag’ is the hive ID number.
Audio files names :
2022 audio_2022 - "DD-MM-YYYY_HHhMM_HIVE_Tag.wav"
where 'Tag’ is the hive ID number.
Date/Time (LST) Time stamp (YYYY-MM-DD HH)
2021

2022

weather_2021_2022.csv

Temp (°C)

External temperature
in degree Celsius

Rel Hum (%)

External humidity in percentage

Wind Spd (km/h)

The speed of wind

Precip. Amount (mm)

The amount of precipitation
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4 IMPACT OF ENVIRONMENTAL NOISE AND PREPROCESSING

4.1 Preamble

This chapter is compiled from material extracted from the following peer-reviewed articles :

1. "The Importance of Context Awareness in Acoustics-Based Automated Beehive Monito-
ring [176]" (section[4.2).
2. "Performance Comparison of Voice Activity Detectors for Acoustic Beehive Monitoring [181]"

(section[4.3).
3. "UrBAN : Urban Beehive Acoustics and PheNotyping Dataset [170]" (section [4.4).

4.2 Environmental Noise Factors

In the previous chapter, we introduced the UrBAN dataset, a large-scale, long-term collection of
beehive acoustic recordings acquired under real-world conditions. The dataset captures substantial
variability arising from environmental factors, recording conditions, and hive-specific characteris-
tics, making it well suited for studying the robustness and generalizability of acoustic monitoring
methods.

Despite the rapid growth of acoustics-based beehive monitoring applications, as reviewed in
Chapter [2, most existing systems continue to rely on conventional audio features originally deve-
loped for speech and general audio processing. These include root mean square power (RMS),
mel-frequency cepstral coefficients (MFCCs) [156], time—frequency representations such as the
spectrogram, and features derived from the discrete wavelet transform (DWT). While these fea-
tures have proven effective in controlled conditions, it is well established in the audio signal pro-
cessing literature that they are highly sensitive to environmental disturbances, including ambient
noise, background speech, and other non-hive acoustic events.

Consequently, noise suppression strategies and/or explicit characterization of background acous-
tic conditions—commonly referred to as context-awareness—are essential for developing accurate,
robust, and replicable monitoring systems (e.g., [42, |43]). This challenge is particularly pronoun-
ced for urban beehives, which are becoming increasingly prevalent [44]. In such environments,
diverse and often high-energy urban sounds (e.g., traffic, construction activity, human speech) can
significantly interfere with internal hive recordings, thereby degrading feature reliability and model
performance.

Here, we systematically analyze several prominent environmental noise sources commonly
encountered in real-world beehive monitoring scenarios and quantify their impact on widely used
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benchmark acoustic features. By evaluating how different noise conditions affect feature robust-
ness, this analysis highlights the limitations of conventional representations and motivates the need
for more noise-resilient and context-aware feature extraction strategies, which are explored in sub-
sequent chapters.

4.2.1 Acoustic Feature Extraction

In this section, we describe the four features that have been commonly reported to be used for
audio-based precision beekeeping, namely : RMS, spectrogram, MFCCs and DWT. Before feature
extraction, audio recordings are resampled from 48 kHz to 2048 Hz, as the literature suggests that
the majority of the bee sounds are produced below 1000 Hz [52].

4.2.1.1 Root Mean Square Power

The moving RMS power is calculated based on equation [4.1],

yrus (i) = NZQ;(W, i=0,1,2,..,.L-N—1 (4.1)

where L is the signal length and NV the windowed segment length. In the speech processing com-
munity, such windowed segment is referred to as a ‘frame’. We use the same notation here, but not
to be confused with the frames within the beehive. As such, the term signal frame will be used hen-
ceforth. In this experiment, we set the signal frame length to 1 second and use 50% overlapping
shifts.

Having access to the acoustics of an empty hive allows us to identify certain environmental
factors that would be present in both the empty and occupied hives. As shown in Figure [4.14] the
empty hive has a fairly constant value with noise-related fluctuations around this value, whereas
the occupied hive has an increase in audio power during the day, which stabilizes around the
afternoon and later drops in the evening. Close comparison between the two curves, however,
shows events that are common in both boxes, thus signalling environmental factors that could affect
the monitoring system. For example, after close investigation it was found that the abrupt peaks
seen in both curves were train rail squealing from a passenger train that ran behind the building
(1 km distance) in which the apiary was located or car horns from nearby traffic. The more slower
peaks, in turn, were related to beekeepers voices being recorded by the microphone when they
spoke near the hive. Another environmental factor that appeared throughout the recordings were
the noises of raindrops hitting the hive boxes on rainy days. A segment of data showing this factor
is shown in Fig. Given these three prominent environment noises, this paper investigated the
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FIGURE 4.1 : RMS curves of a typical colony with three full boxes of bees (blue curve) and an empty box (orange)
as measured on (a) August 12th, 2021, and (b) September 24th, 2021.

RMS

impact that they have on three other popular audio features and an automated monitoring system
based on them.

4.2.1.2 Spectrogram

The spectrogram is a time-frequency representation of the audio signal that has been widely
used for swarming and queen absence detection [49,[88]. The spectrogram is commonly measured
with a short time Fourier transform (STFT), where the signal is divided to equal-length segments
by a moving window and then each segment is transformed using the fast Fourier transform (FFT).
In this study, a Hann window with a length of 125 ms with a 50% overlap was used. Figure
shows the spectrogram of a 24-hour recording of the beehive previously shown in Figure [4.1a] In
the top figure, the x’s depict the instances in which environmental noises were detected. From
the bottom spectrogram plot, their influence on the spectrogram can be seen as sudden bursts of
energy below 64 Hz, thus coinciding with important hive sounds that were present throughout the
day.
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FIGURE 4.2 : RMS curve and corresponding spectrogram for a hive with 3 full boxes of bees (August 12, 2021).

4.2.1.3 Mel-Frequency Cepstral Coefficients

MFCCs have been widely used in many speech applications as they model the human cochlear
processing steps by including a mel-scale frequency mapping prior to cepstrum processing [156].
For precision beekeeping, these features have also shown to be popular, appearing in roughly 30%
of the papers reviewed in [52]. For example, the first three MFCC coefficients have been widely
used for bee, queen presence, and swarming detection. To calculate MFCCs, the five following
steps are taken :

1. Apply a pre-emphasis filter to enhance high frequencies.

2. Compute the STFT of pre-emphasized signal and its power spectrum.

3. Apply the mel filterbank composed of triangular filters simulating cochlear processing.

4. Apply the logarithm operation.

5. Compute the discrete cosine transform (DCT) to extract the mel frequency cepstral coeffi-

cients.

In this experiment, a Hann window with a length of 125 ms with a 50% overlap is used in step
2. A total of 12 coefficients are extracted in step 5, plus the zeroth coefficient which is used as a
measure of signal power. Figure [4.3|shows the 12 MFCCs, plus the zeroth coefficient, as computed
over the 24h duration of the previous audio signal. In Section [4.2.4] more details will be provided
on the effects of ambient noise on the MFCCs.
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4.2.1.4 Discrete Wavelet Transform

Like the spectrogram, the DWT is a time-frequency representation that is widely used in time
series analysis and has shown promising results for beehive acoustics monitoring applications [65,
49]. DWTs rely on so-called wavelets to represent signals as a superposition of short finite-length
waves that can be scaled and shifted to capture changes in time—frequency space. The DWT is
the discrete form of continuous wavelet transform (CWT) described by equation :

Cmﬁ%:/mxm¢%@Mu (4.2)

—00

where z(t) is the audio signal, ¢* is the complex conjugate of the mother wavelet ¢) and a, b the
translation and scale, respectively. The mother wavelet is given by :

vunlt) = 205, 43)

In the DWT, the translation and scale values have the following conditions :

b=27"  a=27", (4.4)

where [ and s are discrete values.
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Combining these conditions with the assumption of discretization of the signal results in the
DWT shown in equation [4.5]:

W(l,s)=22> z(n)v@2n-1); n=01,..,L (4.5)
In this study, the audio is decomposed to an “approximation” and a “detail” component using a
filtering implementation of the DWT [182]. In this case, a low-pass (G) and a high-pass (H) filter are
used to separate the approximate (A(k)) and detail (D(k)) components of the signal, respectively :

A(k) = x(n)h(2k — n),and (4.6)

n

D(k) = Z x(n)g(2k —n). (4.7)

n

Here, we used the second order Daubechies wavelet [183] ('db2’) and 10 levels of decomposition
based on combinations reported in the literature.

With these common features extracted for all hives during three months, we use the empty
hive and rainfall information to detect environmental sounds of interest and explore the effects they
have on these features.

4.2.2 Beehive Strength Prediction Model

To quantify the impact of the three environmental factors on beehive monitoring systems, three
hive strength prediction models are developed, one based on each of the three feature sets descri-
bed in Section The goal of this monitoring system is to predict the number of frames of bees
at any given point in time, thus serving as an indicator of the hive strength. In our case, a maximum
of three boxes were included per hive, each box containing 10 frames. As such, the model predicts
a value between 0 and 30, where zero indicates an empty hive and 30 indicates that all three boxes
are full.

Following recent insights from chapter 2 a state-of-the-art convolutional deep neural network
classifier was used. The three different two-dimensional time-frequency representations served as
input to the classifier. Table shows the network specifications. Each convolution layer has L2
regularization with a weight decay of 0.001. All layers use a Rectified Linear Unit (ReLU) as an
activation function, except the output layer which uses a linear function. The best learning rate was
found to be 0.001 and the batch size was set to 128. Lastly, mean-absolute-error (MAE) was used
as the loss function to train the network.
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TABLE 4.1 : Proposed convolutional neural network architecture.

Layer Description

Convolution 128 filters, kernel size =3 x 3, strides =1 x 1
Convolution 128 filters, kernel size =3 x 3, strides =1 x 1
Batch normalization | momentum = 0.99, gamma = 1.0, epsilon = 0.001
Max-pooling pool size = 3 x 3, strides= 2 x 2

Convolution 64 filters, kernel size =3 x 3, strides =1 x 1
Batch normalization | momentum = 0.99, gamma = 1.0, epsilon = 0.001
Convolution 64 filters, kernel size =3 x 3, strides =1 x 1
Batch normalization | momentum = 0.99, gamma = 1.0, epsilon = 0.001
Max-pooling pool size =3 x 3, strides = 2 x 2

Dropout 0.25 rate

Dense 128 units

Batch normalization | momentum = 0.99, gamma = 1.0, epsilon = 0.001
Dropout 0.5 rate

Dense 1 unit

4.2.3 Experiment Setup and Figures-of-Merit

Audio data was recorded in 15-minute segments. These are divided into multiple 1-second
signal frames, which were then used for feature extraction that served as input to the classifier.
Following suggestions from [48, 149], two different experimental setups are considered : “random-
split” and "hive-independent"”. In the former, the entire dataset from the 10 hives is randomly divided
into three parts : 25% is for testing, 20% for validation and the rest is reserved for training. In "hive-
independent" scenario, data from seven hives was used to train the models (of which 30% of the
training data was set aside for validation), while the remaining three unseen hives were used for
testing.

For model evaluation, two figures-of-merit are used : mean-absolute-error (MAE) and the root-
mean-square-error (RMSE) obtained from the estimates and computed as follows, respectively, for
a sample size of M :

M A
MAE — 2 on=1 lyi — il

M b
M [ 12
RMSE — \/ Ln=1 % B (4.9)

where y is the observed value and 4 the prediction.

(4.8)
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FIGURE 4.4 : Spectrograms of cases where urban noises (e.d., train rail squealing sounds) are (a) not present
and (b) present.

4.2.4 Results and Discussion
4.2.4.1 Urban Sound Effects

As urban apiaries burgeon, common ambient sounds, such as car horns and train rail squea-
ling, will become nuances for audio-based hive monitoring applications. As such, it is crucial to
understand the impact that these sounds can have on the extracted audio features. For our study,
sounds of a nearby train passing by was a common noise that contaminated the audio recordings.
Figure[4.4], for example, shows the spectrogram measured from a 15-minute audio recording when
the train was not passing by (subplot a), as well as when the train passed by (subplot b). As can
be seen, the train rail squealing caused a significant disturbance in the audio around 64 Hz and
higher frequencies such as 250 Hz which is crucial for beehive dynamics.

Next, we explore the effects that such urban sounds may have on the MFCCs. Figure [4.5|shows
the histograms of the distribution of the first two coefficients (subplots and and b, respectively)
across time instances in which the train sound was present versus absent. As can be seen, the
train rail squealing sound has a substantial effect on the distribution of the MFCCs; in the case of
the first coefficient, it increases the value by around 50 db. Such effects may result in erroneous
decisions by automated systems that rely on the first three mel-frequency cepstral coefficients,
such as the systems described in [16, 48, 49]. Figure [4.6| depicts the temporal changes seen in the
1st MFCC when the train passes by (see subplot b around the 5-minute time). For systems that
rely on average MFCCs over time, such increases will likely result in errors.

Lastly, Fig.[4.7](a) and (b) depict the DWT detail (D1-D10) and approximation (A10) components
extracted from the clean and noisy segments, respectively. As can be seen, the detail coefficients
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FIGURE 4.5 : Comparison of the changes in distribution of the (a) first and (b) second mel frequency cepstral
coefficient with and without the presence of train rail squealing sounds.
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FIGURE 4.6 : First mel frequency cepstral coefficient time series when there are no trains nearby (top) versus
when the train passes by (bottom) between the 4 :00 - 6 :40 time range.

are particularly affected by this urban noise source, and would likely result in errors for systems
that rely on DWTs, such as the ones described in [65, 49].

4.2.4.2 Speech Artifacts

Speech of people talking near the beehives is another common noise source when it comes
to audio-based monitoring systems. Male speech, for example, is known to have fundamental
frequencies ranging from 80-150 Hz, whereas female speech from 160-250 Hz. These are typical
ranges in which beehive acoustics are monitored at, thus system performance could be severely
compromised. The spectrograms in Figure [4.8b} for example, show scenarios in which speech is
not present (plot a) near a particular hive and when beekeepers were talking near the same hive
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FIGURE 4.8 : Spectrogram comparisons when human speech is (a) not present and (b) present near the hives.

(plot b). Next, the histogram of the distribution of the 1st and 3rd MFCCs shown in Figure
shows the impact due to speech artifacts. Similar changes in the DWT detail and approximation
components can be seen in Figure [4.10]

4.2.4.3 Acoustic Effects of Heavy Rain

Lastly, the sound of heavy rainfall hitting the hive boxes can also cause sufficient changes
in the recorded audio to make monitoring systems fail. In our experiment, we relied on weather
information to pinpoint periods of the day in which precipitation amounts greater than 9 mm were
present. Figure shows a comparison between the spectrograms of a hive during a typical
night (plot a) and the same hive under heavy rainfall (plot b). As can be seen, rainfall sounds
can severely affect multiple frequency ranges of the hive, increasing the recorded sound in some
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FIGURE 4.10 : DWT detail and approximation component comparisons when human speech is (a) not present
and (b) present near the hives.

bands by as much as 10 dB, thus is likely to deteriorate monitoring performance. The histogram of
the distribution of the 1st and 2nd MFCC shown in Figure [4.12] shows the impact that rainfall can
have on these parameters. Lastly, Figure [4.13] shows the changes in the DWT components with
and without rain artifacts. Unlike the urban and speech effects, which were transient and lasted a
few seconds, rain sound can be much longer, potentially contaminating several hours of data, thus
severely affecting automated monitoring system.

4.2.5 Prediction Model Performance

Table presents the prediction model performance when only clean test samples are avai-
lable, as well as when the noisy samples are included. As can be seen, in the “random-split’
scenario, the system based on MFCCs outperformed the two other systems and achieved an
MAE of 0.86 for the clean samples. When the environment factors were included, the DWT-based
system was the most affected. Overall, MFCC-based systems achieved lower MAE under urban
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TABLE 4.2 : Performance comparison (MAE and RMSE) for beehive monitoring systems based on three feature
sets under random-split and hive-independent testing scenarios.

Random-Split

Clean Urban sound Speech artifacts ~ Heavy rain
MAE RMSE MAE RMSE MAE RMSE MAE RMSE

Spectrogram | 1.03 1.93 1.46 2.13 1.23 2.43 2.88 4.53
MFCCs 0.86 2.34 117 2.72 1.86 3.93 1.00 2.52
DWT 1.42 4.43 4.84 6.52 1.92 6.12 6.47 9.01

Hive-Independent

Spectrogram | 4.28 517  6.37 6.97 7.98 8.02 7.20 7.39
MFCCs 4.91 5.73 6.93 7.86 8.77 9.23 6.95 7.75
DWT 4.94 5.33 6.62 8.39 9.07 9.42 8.91 9.10

Features

sound and heavy rain conditions, while the spectrogram based system achieved lower MAE when
speech was present. For the “hive-independent” setting, the three feature sets achieved similar
results under clean conditions. The errors, however, are substantially larger than those achieved in
the random-split case, suggesting great variability between hives. As previously, noise severely de-
graded performance. In this case, the spectrogram features achieved lower MAE for urban sounds
and speech, whereas MFCCs performed better for heavy rain. In this setting, speech artifacts cau-
sed the most harm to monitoring systems. Taken together, these results highlight the potential of
acoustics used in a machine learning framework and also, the importance of context awareness for
beehive monitoring to ensure that such environmental factors are taken into account during remote
monitoring.

In addition, delta and double-delta MFCCs were also evaluated; however, the obtained results
did not justify the increased computational cost and feature dimensionality, as performance either
remained similar or decreased. This observation is consistent with prior works reporting limited
benefits of delta-based features in similar settings [184].

In this section, we showed the impact that three prominent noise sources (urban sounds, back-
ground speech, and heavy rain) had on three widely-used features (spectrogram, MFCCs, and
DWT). These impacts include significant changes in important bands of frequency in spectrogram,
changes in the MFCCs distribution, especially in the first two coefficients, and lastly, distortion in
the details and approximation DWT coefficients. These features were then used to train three se-
parate hive strength classifiers. The results indicated the potential of audio used in a deep learning
model for predicting beehives population and health state as the system based on MFCCs achie-
ved an MAE of 0.86 for the clean samples. Tests using clean audio segments and noisy segments
showed the sensitivity of the systems to environmental noise. Next, we explore if off-the-shelf voice
activity detectors (VADs) could be used to mitigate the effect of human speech on hive monitoring
performance.
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FIGURE 4.14 : A 90-second excerpt from the Nu-hive dataset, from top to bottom, raw audio signal in blue and
ground truth labels in green, and spectrogram.

4.3 Voice Activity Detectors for Acoustic Beehive Monitoring

Speech detection in noise has been a prominent area of study in telecommunications, and
voice activity detectors (VADs) have been developed, ranging from simple energy threshold based
systems [183] to more recent deep neural network systems [186], as well as spanning applications
in wireless communications to voice over internet protocols [187]. While VADs have shown to be
accurate in applications involving ambient noises, their accuracy has yet to be quantified if speech
data is collected together with bee buzzing sounds. Here, we fill this gap and explore if existing
VADs could be a useful ally for automated beehive monitoring systems.

In order to test VAD accuracy across datasets, we run experiments on our in-house dataset
(UrBAN [180]) and a second dataset obtained via the Nu-hive open source project [67]. This data
is comprised of audio recordings with a sampling rate of 32 kHz and obtained from two beehives.
These two beehive located in Ancona, ltaly were monitored during two days, one day where the
queen bee was present and one other day without the queen bee (i.e., the queen is dead). From
these two datasets, a subset was selected and manually labelled to find the beginning and end
of different noise events. Figure for example, shows a 90-second excerpt from the Nu-hive
dataset with the detected noise events shown via the green curve.

In this section, we describe three VAD based methods used in this study, including energy-
based, a standard method used with the web real-time communication (WebRTC) project, and a
more recent method based on deep neural networks. We opted for the energy-based technique
mainly because of its simplicity, chose WebRTC for its ability to handle noisy situations, and consi-
dered a deep neural networks approach due to its capacity to adapt to diverse acoustic environ-
ments and offer transfer learning capabilities.
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4.3.1 Short-time Energy Thresholding

One of the simplest and most classical methods of detecting voice activity is via short-time
energy thresholding [188]. In essence, the assumption is that when speech is active, the energy
levels will surpass a noise floor and this can be detected via simple thresholding rule. First, the
energy of the acoustic signal (i.e., a frame) is computed across all frequencies. Next, the energy is
computed over a specific frequency subband known to contain mostly speech; in our experiments,
this was set to frequencies between 300 — 3000 Hz. The speech-to-total energy ratio is then taken
and compared to a pre-defined threshold. In our experiments, this threshold was set to 0.6, thus
energy ratios above this value were considered to be speech and those below to be silence or
noise. While energy-based VAD algorithms are simple and low in complexity, they can be sensitive
to background noise, thus may be affected by bee buzzing sounds inside the hive.

4.3.2 WebRTC

WebRTC is an open-source project aimed at creating a common set of protocols for real-time
communications in web browsers and mobile applications. Voice activity detection is one of the
main components of the WebRTC stack [187] and relies on the analysis of log energies across
six frequency bands (between 80Hz-4000Hz) with a pre-trained Gaussian mixture model (GMM)
classifier. The WebRTC VAD has been designed to work in noisy and variable acoustic environ-
ments, thus it is hypothesized that it will perform well under beehive audio recordings. Moreover,
it has been widely used in domains such as voice and video communication, where its consistent
efficacy is demonstrated, underscores its proficiency in handling real-world noise challenges. In
this study, the Python implementation of the WebRTC VAD is used [189]. This implementation has
an option to adjust the level of aggressiveness for filtering non-speech audio by using an integer
ranging from zero to three. A value of three (representing the most aggressive mode) is chosen in
this study. More details about the WebRTC VAD can be found in [189].

4.3.3 Convolutional Recurrent Deep Neural Network Based VAD

Lastly, a pre-trained model from the SpeechBrain toolkit was tested, namely the VAD-CRDNN [190],
which relies on a convolutional recurrent deep neural network (CRDNN) architecture which com-
bines a convolution neural network (CNN), a recurrent neural network (RNN) and a fully connected
network. The CNN block includes 2 CNN layers based on VGG blocks with 16 and 32 neurons,
respectively, and kernel size of (3, 3). The RNN block is a 2-layer Gated Recurrent Unit (GRU) while
the DNN block includes 2 layers with 16 neurons in each. This model was trained on the Libriparty
dataset [190], which includes several simulated acoustic scenes with speech and noisy sequences
periodically active (alone or simultaneously). The features that are input to the neural network are
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standard mel filterbank energies calculated using 40 mel filters. The output of the model are poste-
rior frame-level/segment level probabilities where a threshold can be applied to classify segments
as speech and non-speech. One advantage of a pre-trained model and that it can be further fine-
tuned on different tasks. Here, we explore fine-tuning the pre-trained VAD-CRDNN with audio data
taken from both datasets; fine-tuning was achieved by training for 30 epochs. The fine-tuned model
will be termed VAD-CRDNN-FT. The binary cross entropy is used for loss function.

4.3.4 Experimental Results

In this section, the performance of each VAD method is verified on the two test sets. To eva-
luate the models, four evaluation metrics are considered : accuracy, true positive rate (TPR), true
negative rate (TNR), and F1-score. TPR and TNR are given by :

TP TN

TPR=——"_: TNR=—" .
TP+ FN’ R TN + FP

(4.10)

Here, we consider speech segments as “positive” and non-speech segments as “negative”. The-
refore, true positives (TP) are correctly predicted speech segments, while true negatives (TN)
are correctly predicted non-speech parts. In turn, false positives (FP) are non-speech samples
wrongly predicted as speech, and false negatives (FN) are speech samples wrongly predicted as
non-speech. With these values, the accuracy and F1-scores are given by :

TP+TN . TP
P+N ' - TP+ 3(FP+FN)

Accuracy = (4.11)
where P 4+ N is the summation of all positive and negative samples, thus total number of samples
in the analysis.

Table [5.8| presents the performance of each method, where Nu-hive results are listed in Panel
A and U on Panel B. As can be seen, WebRTC outperformed the other methods across both data-
sets. On the Nu-hive data, it achieved an accuracy and F1 score of 0.688 and 0.695, respectively,
whereas for Nectar it was 0.760 and 0.807, respectively. Moreover, while the simple energy thre-
sholding based method performed well on detecting non-speech segments, it performed poorly on
detecting speech samples. In the case of VAD-CRDNN, fine-tuning the model showed to improve
TPR and F1-score, but reduced TNR. Fine-tuning with data from the two datasets, further improved
detection of speech and improved F1 score. Figure [4.15|depicts an excerpt comprised of bee buz-
zing and beekeeper background speech with manually labeled speech segments (plot a), as well
as speech segments detected by the energy thresholding method (b), WebRTC (c), VAD-CRDNN
(d), and VAD-CRDNN-FT (e).

Overall, it can be seen that WebRTC provides the best overall speech detection accuracy in-
dependent of dataset. By analyzing the signal in both the time and frequency domains, WebRTC
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FIGURE 4.15 : Speech detection on a 90 second sample of the Nu-hive dataset : a) manual labels, b) short-time
energy VAD, c) WebRTC, d) VAD-CRDNN, and e) VAD-CRDNN-FT.

captures spectral characteristics that are indicative of speech, even when the signal is masked
by noise. As expected, the simple energy based VAD does not perform well for beehive acous-
tics monitoring. Despite the high accuracy of recent DNN-based systems for telecommunications
applications (e.g., [191]), for automated beehive monitoring, such architectures were not very effec-
tive. While fine tuning showed some improvement, results were still substantially lower than what
could be achieved with the WebRTC VAD. Next, we explore the effects that audio enhancement
algorithms can have on remote beehive monitoring performance.

4.4 Audio Enhancement

Removing environmental noise from beehive audio signals is crucial for enhancing the effec-
tiveness of precision beekeeping monitoring. As shown in the previous sections, environmental
noise can obscure the sounds produced by bees, making it difficult to accurately detect and ana-
lyze important behaviors and events within the hive. Moreover, it could reduce the accuracy of the
monitoring system significantly. While some studies explored methods to remove noises, including
detecting human speech [192, (193], as in the previous section, there is still a need for a general
noise removal preprocessing step.
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TABLE 4.3 : Performance evaluation on Nu-hive and UrBAN test datasets. The VAD-CRDNN-FT-AIll condition
exemplifies the case where fine-tuning was done using both datasets.

Panel A : Nu-hive.

Speech detection methods Nu-hive

Accuracy TPR TNR F1
Short-time energy 0.558 0.129 0.987 0.226
WebRTC 0.688 0.709 0.668 0.695
VAD-CRDNN 0.625 0.442 0.809 0.541
VAD-CRDNN-FT 0.615 0.661 0.570 0.632

Panel B : UrBAN

Speech detection methods UrBAN

Accuracy TPR TNR F1
Short-time energy 0.502 0.005 1.00 0.001
WebRTC 0.760 1.00 0.521 0.807
VAD-CRDNN 0.631 0.230 1.00 0.417
VAD-CRDNN-FT 0.632 0.260 1.00 0.418
VAD-CRDNN-FT-AIl 0.633 0.520 1.00 0.559

4.4.1 Spectral Amplitude Subtraction

Spectral amplitude subtraction is a classical technique used in audio processing to enhance
the quality of audio recordings [194]. As shown in the block diagram in Figure it involves
subtracting the spectral components of noise or unwanted signals from the original audio signal to
reduce background noise and improve signal clarity. By identifying the spectral profile of noise or
interference and subtracting it from the audio signal, spectral amplitude subtraction helps isolate
the desired sound, resulting in cleaner and more intelligible audio recordings. Figure [4.16] shows
the diagram of the spectral subtraction algorithm, where y(n) and &(n) are the noisy and cleaned
signals, respectively. As the figure indicates, after framing the audio and calculating the fast Fourier
transform (FFT), the noise spectral profile needs to be estimated and eventually subtracted from
the noisy signal, following the equation :

Here, we used an exponential moving average (EMA) filter to estimate the noise.

dln] = (1 — a)y[n] + adn — 1], (4.13)
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where d[n| and « are the noise signal and the weighting factor or smoothing parameter, respec-
tively. In order to only update « in noisy frames, an adaptive algorithm is used [195]. Using this
method, o will be a function of a-posteriori signal-to-noise ratio (denoted as SNRa.posteriori) and is
calculated for each frame, i.e.,

1
1 + e:ppfa(SNRafposteriori (m) - T) ’

a(m) (4.14)
where the parameter a represents the steepness of the sigmoid function’s slope and T is a thre-
shold value for the SNRj.posteriori- The parameter T determines the point at which the smoothing
parameter « transitions between its extremes in response to varying SNR,.posteriori Values. A larger
T causes the adaptive algorithm to identify a frame as noisy only if the SNR;.posteriori IS cOnsiderably
low, thereby reducing «. Conversely, a smaller T makes the algorithm more sensitive to detecting
noise. The parameter T must be tuned based on the characteristics of the input signals and the
noise environment.

The SNRga.posteriori 1S estimated using the power spectrum of the noisy signal and the mean
noise power spectrum over the past N frames, i.e., :

[Vn (@) ?

% Z?;;qu ’Dk(w)P,

SNRa-posteriori(m) (4.15)
where |Y;,(w)|? is the power spectrum of the noisy signal in the current frame, and the denominator
represents the average noise power spectrum estimate over the last N frames, effectively smoo-
thing out noise variations. The estimation of the SNR_ posteriori Provides an indication of how much
noise is present in each frame. The SNRy posteriori €an be interpreted as follows :

— When SNRgy.posteriori = 1, the frame predominantly contains noise.
— For SNRa posteriori > 1, the frame contains both speech and noise.

The scripts for the spectral subtraction algorithm are made available in our Github repository
(https://github.com/mahsa-abdollahi/UrBAN) to facilitate study replication. Figure [4.17|depicts
the audio signal collected from a hive before and after enhancement. The spectrograms illustrate
distinct energy bands at approximately 64 Hz, 128 Hz, and 256 Hz both before and after spectral
amplitude subtraction. In the noisy signal’s spectrogram, noise is shown to overlap with frequency
bands characteristic of bee audio. Following spectral amplitude subtraction, the processed spec-
trogram exhibits a reduction in noise while retaining the essential frequency components of the
bee audio. Experiments in the subsequent chapters will compare performance with and without
spectral subtraction to gauge it benefits for remote beehive monitoring.
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FIGURE 4.16 : Block diagram of the spectral amplitude subtraction.
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4.5 Discussion and concluding remarks

This chapter investigated the role of context awareness in acoustics-based beehive monitoring
systems, with a particular focus on understanding and mitigating the effects of real-world envi-
ronmental noise. Using long-term field recordings from the UrBAN dataset and complementary
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datasets, we analyzed how common environmental disturbances influence acoustic features, ma-
chine learning models, and preprocessing strategies used in automated hive monitoring.

First, we demonstrated that prominent environmental noise sources, namely urban sounds
(e.g., train rail squealing and traffic), human speech, and heavy rainfall have a substantial and of-
ten detrimental impact on widely used acoustic representations, including spectrograms, MFCCs,
and DWT-based features. These noise sources introduce distortions in frequency bands critical
for beehive acoustics, alter feature distributions, and contaminate time—frequency structures. Ex-
perimental results showed that such effects directly translate into degraded performance of hive
strength prediction models, particularly in hive-independent evaluation settings where robustness
and generalization are essential. These findings emphasize that feature sensitivity to environmen-
tal context remains a critical bottleneck in real-world deployments.

Second, we explored the use of voice activity detection as a means of identifying and poten-
tially mitigating speech-related artifacts in beehive recordings. By evaluating three representative
VAD approaches energy-based thresholding, WebRTC, and a deep learning—based CRDNN, we
showed that classical VAD methods developed for telecommunications can behave very differently
in the presence of continuous bee buzzing. Among the evaluated methods, WebRTC consistently
achieved the best balance between speech detection accuracy and robustness across datasets.
In contrast, both simple energy-based methods and deep neural network—based VADs struggled
to reliably distinguish speech from bee-generated sounds, even after fine-tuning. These results
suggest that careful selection and validation of auxiliary tools such as VADs is necessary before
integrating them into beehive monitoring pipelines.

Finally, we propose the incorporation of spectral amplitude subtraction as a lightweight audio
enhancement technique to reduce background noise prior to feature extraction. By employing an
adaptive noise estimation strategy based on the a-posteriori SNR, the proposed approach selec-
tively attenuates noise-dominated frames while preserving the dominant harmonic components
associated with bee activity. While spectral subtraction alone cannot fully address non-stationary
or highly overlapping noise sources, it provides an efficient and practical enhancement stage that
can improve the reliability of downstream feature extraction and modeling. Future experiments in
subsequent chapters will show the quantitative effects of the spectral subtraction method on the
tasks at hand.

Taken together, the results presented in this chapter highlight the necessity of incorporating
context-awareness into acoustics-based beehive monitoring systems. Environmental noise is not
a marginal nuisance but a defining characteristic of real-world deployments, particularly in urban
apiaries. The analyses in this chapter motivate the development of more noise-resilient feature
representations and modeling strategies, which move beyond conventional speech-inspired des-
criptors. These insights directly inform the subsequent chapters, where more robust spectral and
modulation-based features are proposed to better capture the intrinsic dynamics of beehive acous-
tics while remaining resilient to environmental variability.
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5 MODULATION SPECTROGRAM-BASED FEATURES

5.1 Preamble

This chapter is compiled from material extracted from the following peer-reviewed articles :

1. "Audio Modulation Spectral Features for Improved Honey bee Colony Population Predic-
tion [196]" (section[5.2).

2. "Non-Invasive Prediction of Varroa Mite Infestation in Honey bee Colonies via Machine Lear-
ning and Acoustic Features [197]" (section [5.3).

5.2 Colony Population Prediction

In the previous chapter, we examined the impact of several environmental noise sources such
as nearby train rail squealing, beekeeper speech, and rainfall on commonly used acoustic features,
and demonstrated the significant degradation in performance observed for spectral, MFCC, and
wavelet-based representations under noisy conditions. These findings highlight the limitations of
conventional features in real-world beehive monitoring scenarios and underscore the need for more
robust feature representations that are less sensitive to environmental interference. Developing
such features is essential to improve model generalization and ensure reliable performance under
unseen and variable acoustic conditions.

Another challenge in automated beehive monitoring is that of poor generalizability of the models
to unseen hives [72, 148, 149]. As such, developing hive-independent models that function reliably
across hives has become a pressing issue, ensuring that models can account for differences in
bee populations and hive structures. As can be seen, addressing both environmental noise sensi-
tivity and hive variability has become an essential component of beehive monitoring technologies,
facilitating early detection of anomalies and supporting proactive beekeeping practices.

To address these issues, we propose the use of so-called modulation spectral features for
honey bee colony population prediction, an automated monitoring task that has gained popularity
in recent years (e.g., [176), (173, [125]). Modulation spectral features quantify the rate-of-change
of the acoustic spectra over time, thus can be seen as a frequency-frequency representation of
the acoustic signal. Modulation spectral features provide greater discrimination of the naturally
occurring temporal dynamics of the buzzing spectra, relative to the dynamics from environmental
noise and artifacts, as well as hive structures. The modulation spectral signal representation has
shown improved robustness to noise across modalities, ranging from speech, electrocardiogram,
to electroencephalogram signals, just to name a few (see e.g., [198]). Here, they are explored for
the first time for acoustic beehive monitoring.
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FIGURE 5.1 : Block diagram of signal processing steps involved in calculation of the modulation spectrogram.

5.2.1 Proposed Modulation Spectral Features

The traditional spectrogram offers insights into the variation of frequency components over time.
However, it often falls short in classification tasks with noisy data due to the overlap of noise and
signal in both time and frequency domains. The modulation spectrogram, on the other hand, cap-
tures the rate of change of these frequency components, effectively better distinguishing between
signal and noise dynamics. This makes the modulation spectral representation a more suitable
option for real-world applications.

The modulation spectrogram is an advanced signal processing tool that captures the dynamic
characteristics of frequency components over time. Figure depicts the block diagram showing
the signal processing steps involved in the computation of the modulation spectrogram. For a
complete mathematical formulation of the representation, the interested reader is referred to [199].
Here, only a brief overview is provided.

As can be seen from the figure, the first step is to compute a time-frequency representation of
the acoustic signal. Here, a short-time Fourier transform (STFT) with a 100 ms window length and
a 12.5 ms hop length is used, resulting in the widely-used spectrogram. This process divides the
signal into overlapping segments and applies the Fourier transform to each segment to obtain the
time-frequency representation.

Next, for each frequency bin, the spectral magnitude is taken, followed by another STFT with a
60 s window length and no overlap operating over the spectral magnitude time series. The result
is a 3-dimensional tensor where the y-axis corresponds to the conventional acoustic frequency of
the spectrogram and the x-axis to the so-called modulation frequency, which measures the rate of
change of each spectral bin. Since a second STFT was used, the third dimension (z-axis) corres-
ponds to time, where each freq x modulation frequency modulation spectrogram is computed per
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STFT frame. This 3-dimensional freq x modulation frequency x time representation is referred to
as a modulation tensorgram.

In the past, various methods of processing the modulation tensorgram have been proposed.
For example, in [200], the tensorgram was processed directly by a deep neural network for speech-
based COVID-19 detection, while in [201] it was used for speech quality measurement. In turn, in
[202] and [203], different temporal averaging methods were used for speech emotion recognition
and room acoustics characterization, respectively. Temporal averaging results in just an average 2-
dimensional freq x modulation frequency representation referred to as a modulation spectrogram,
which conveys the available modulation energy in each freq x modulation frequency bin.

Since acoustic beehive monitoring applications are still emerging, very few open-access da-
tasets exist today, thus limiting the use of more complex deep neural networks. To this end, we
propose here to use feature engineering from the modulation spectrogram as a first step towards
environment-robust beehive monitoring. Figure 5.2 depicts three separate methods used to extract
features/patterns from the modulation spectrogram computed by simple time-averaging of the com-
puted modulation tensorgram. In all cases, we first merge the acoustic frequency and modulation
frequency bins into a more manageable number, chosen empirically to be 20 and 8, respectively.
This reduction achieves a target resolution of 50 Hz for the acoustic frequency and a finer 5 Hz
resolution for the modulation frequency.

The three feature sets are then derived as follows :
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FIGURE 5.3 : MSF feature set map that labels each bin once the spectrogram flattens.

— Modulation Spectrogram Flattened (MSF) : This feature set is obtained by flattening the
20 x 8 modulation spectrogram into a single 160-dimensional vector of modulation energies.
Figure [5.3| shows a map that labels each bin once the spectrogram flattens.

— Modulation Spectrogram Averaged Bands (MSAB) : For this feature set, we compute the
average energy across each acoustic frequency band (resulting in 20 values) and across
each modulation frequency band (resulting in 8 values). The 28 values are then appended
into one 28-dimensional vector of band-averaged modulation energies. Figures[5.4](a) and
(b) describe the map that labels each frequency band after averaging across modulation
and acoustic frequencies, respectively.

— Modulation Spectrogram Shape Descriptors (MSSD) : This set involves calculating nine
spectral shape descriptors along both the acoustic frequency (resulting in 9 x 20 = 180
values) and modulation frequency bands (resulting in 9 x 8 = 72 values). The nine shape
descriptors include the centroid, spread, skewness, kurtosis, entropy, rolloff, flatness, crest,
and flux [204]. The 252 features are then appended into one vector of shape descriptors.
Figure 5.5 illustrates the extracted features from both axes, exemplified here by the spectral
centroid.

In the next section, we explore the benefits of using these proposed features for improved

automated beehive monitoring.
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FIGURE 5.4 : MSAB feature set map labeling each frequency band after averaging across (a) the modulation
frequency axis and (b) the acoustic frequency axis.
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FIGURE 5.5 : MSSD feature set map that shows how the extracted features are named, exemplified here with
just one of the nine descriptors, i.e., the centroid.
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5.2.2 Experimental Setup
5.2.2.1 Benchmark features and noise removal

To assess the effectiveness of the proposed features, three benchmark features are also used
for comparison. As mentioned previously, MFCCs simulate human auditory processing through
mel-scale frequency mapping and have been widely used for precision beekeeping [52]. Here, we
extract 12 coefficients, plus the zeroth coefficient as a measure of signal power, using 26 mel filters.
Linear-frequency cepstral coefficients (LFCCs) are also extracted via linear filters for comparison.
Lastly, we use the same nine descriptors (centroid, spread, skewness, kurtosis, entropy, rolloff,
flatness, crest, and flux), but computed from the spectrogram. The spectral amplitude subtraction
method is used for noise reduction, as described in chapter 3]

5.2.2.2 Feature selection, regression task, and testing setup

Building on recommendations from previous studies, we explored two distinct experimental
configurations, namely “random-split" and “hive-independent”. The complete audio dataset span-
ning 18 (one of the beehives had a problem in audio recording) hives from the years 2021 and 2022
is used for the experiment. In the random-split approach, a nested 5-fold cross-validation was used
to ensure robust evaluation of the models. This cross-validation process ensures that every data
point is included in the test set exactly once, reducing the risk of overfitting and providing a more
reliable estimate of model performance. Conversely, in the hive-independent setup, the 5 folds are
selected hive-independently for both validation and testing.

To address the curse of dimensionality and improve model generalization, implementing a fea-
ture selection step is critical. This process helps eliminate redundant or irrelevant features, thus
minimizing overfitting and enhancing model capability to discern significant patterns in the data.
We examined two feature selection methods, including the minimum redundancy maximum rele-
vance (MRMR) [205] and SHAP (SHapley Additive exPlanations) [206]. SHAP works by quantifying
the contribution of each feature to the model’s predictions. For each sample, SHAP computes a va-
lue that reflects how much a feature increases or decreases the prediction compared to a baseline.
By aggregating these values across all samples, typically by taking the mean absolute SHAP va-
lue, features can be ranked according to their overall importance. The most influential features are
then selected, as they consistently contribute the most to the model’s output, while less important
features can be discarded.

To ensure that feature selection does not bias the model evaluation, a subset of the dataset,
comprising four beehives, was exclusively reserved for this purpose. Once the top-ranked features
are found, a random forest (RF) regressor was used to predict the number of frames of bees, a
value ranging from 0-30. Table [5.1] provides more details on the hyperparameters explored for the
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FIGURE 5.6 : Performance comparison between SHAP and mRMR feature selection methods applied to fused
benchmark features in a random-split setup, evaluated using (a) MAE and RMSE error metrics, and (b) correla-
tion.
model tuning. RF models were trained for each benchmark feature set, as well as each proposed
feature set.

Figure presents the performance comparison of two feature selection methods applied to
a fusion of benchmark features derived from the feature selection subset of dataset. The error
metrics, i.e., mean absolute error (MAE), root-mean-square error (RMSE), and correlation, consis-
tently improve as the number of selected features increases, indicating that incorporating more
informative features enhances model performance. The optimal feature count is determined by
identifying the earliest point at which these error metrics are minimized. Notably, features selec-
ted using SHAP consistently reach optimal values much quicker than with mRMR, thus requiring a
smaller number of features. This can be important for loT monitoring, ensuring lower computational
costs and longer battery life.
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TABLE 5.1 : Hyperparameter values explored for tuning the random forest model. This includes a range of
options for the number of trees, feature selection methods, tree depth, and criteria for splitting and leaf nodes
to optimize model performance.

Hyperparameter Values Description
timat 100, 200, 300, Number of trees
n_estlmators 400, 500 .
max_features aut,o ’ sgrt, Number of features.
log2
10, 20, 30, .
max_depth 40, 50 Maximum depth.
Minimum number
_ , 2,5, 10, :
min_samples_split 15 20 of samples required to

split an internal node.

Minimum number
min_samples_leaf 1,2,4,8 of samples required
to be at a leaf node.

Use of

bootstrap True, False
bootstrap samples.

5.2.2.3 Figures-of-Merit

For evaluation of the regression models trained on the benchmark and the proposed fea-
ture sets, five figures-of-merit are utilized : mean absolute error (MAE), root-mean-square er-
ror (RMSE), mean absolute percentage error (MAPE), Pearson correlation, and R-squared (R?).
These metrics are computed as follows for a sample size of L :

L A
MAE:M (5.1)

L ?
L . -2
RMSE = \/ Zin=1 (% b (5.2)
MAPE—@XL: b~ % (5.3)
=1 R |
L AV (h — D
r= En:l(yl y) (yl y) —, (54)
\/Eﬁ:l(yi — 922 n (@i — 9)?
L 52
2 _ >ic1(yi — 9i)
=t Ly — )2’ ©9)
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where y; represents the observed values, j; denotes the predicted values, y is the mean of the
observed values, and 7 is the mean of the predicted values. These metrics provide comprehensive
insights into the models’ accuracy and predictive performance. An ideal/perfect regressor will have
MAE and RMSE close to zero and a correlation close to unity. Metrics are evaluated across the five
folds to gauge their significance against a random RF classifier. In the random baseline classifier,
MFCCs are used, but the frame-of-bees values are randomized between 0 and 30 during training.

5.2.3 Results and Discussion
5.2.3.1 Feature importance

Figure [5.7]shows SHAP value plots, which illustrate the feature importance calculated for each
of the benchmarks features. Features are ordered by their mean absolute SHAP value, placing
the most influential features at the top. The color (red to blue) represents feature values, with red
indicating higher values and blue indicating lower values. Top features show more spread across
the x-axis, while least important ones cluster near zero with minimal impact on the model. For
MFCCs and LFCCs, the first coefficients (mfccs_0 and Ifccs_0) represent the overall energy of the
recorded audio signal, and as expected, these have a significant impact on the model output. As
for the spectral descriptor features, the flux, spread, and entropy stand out.

Figure 5.8 shows the performance of benchmark features based on the selected number of top
features in the hive-independent setup. The optimal number of features based on minimizing error
rates and maximizing correlation is between 5-8 for all benchmark feature sets.

Next, we explore the usefulness of the proposed feature sets. Figure [5.9|illustrates the SHAP-
based feature importance for the modulation spectrogram features. In Figure [5.93] top-ranked fea-
tures such as 'coeff_10’ and ’coeff_90’ correspond to frequency bins of 50-100 Hz and 550-600
Hz, respectively, with modulation frequencies between 5-10 Hz, as detailed in Figure Addi-
tionally, features such as 'coeff_126’ and 'coeff_69’ align with frequency bins of 750-800 Hz and
400—-450 Hz, coupled with modulation frequencies of 25-30 Hz and 20—25 Hz, respectively.

Next, Figure[5.9b|presents the SHAP-based feature importance for the MSAB features. Notably,
the top-ranked features (i.e., 'freq_9’, 'freq_10’, and ’freq_4’) exhibit a great impact on the model,
as evidenced by their extensive spread along the x-axis. These features correspond to specific
bands in the modulation spectrogram as described in Figure 5.4, namely : 'freq_9’ aligns with the
400-450 Hz frequency band, ’freq_10’ with 450-500 Hz, and ’freq_4’ with 150-200 Hz.

Figure shows the feature rank for the MSSD features. As can be seen, the modulation
spectrogram flatness, entropy and spread have the highest impact on the model output. Figure[5.10]
illustrates a pairwise comparison of selected spectral shape descriptors features derived from the
MSSD, stratified by the number of bee frames. To ensure balanced representation across catego-
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FIGURE 5.7 : SHAP value plots demonstrating the contribution of individual features to model predictions for (a)
MFCCs, (b) LFCCs, (c) spectral descriptors, and (d) their fusion. Features are ranked by mean absolute SHAP
value, with color denoting the feature value’s magnitude.

ries, the dataset was filtered to have an equal number of samples randomly selected from each
category. The pair plot displays scatter plots for each pair of the selected features, while the dia-
gonal plots present kernel density estimates, offering insights into the distribution of individual
features. Samples from the beehives with lower number of frames of bees show higher values in

spectral spread, flatness, and rolloff.

The SHAP feature importance calculated on the fused feature set (i.e., a fusion of all modulation
spectrogram features) is shown in Figure[5.9d] As can be seen, the top features are mostly selected
from the MSAB feature set, including "freq_10" and "mod_5".
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FIGURE 5.8 : Performance comparison of the benchmark features as a function of the number of top-ranked
features selected in the hive-independent setup, evaluated using (a) MAE, (b) RMSE, and (c) correlation.
Figure [5.11]illustrates the performance of the modulation spectral features as a function of the
number of top-ranked features selected using SHAP in the hive-independent setup. Similar to the
benchmark features, figures-of-merit tend to stabilize after a certain number of features. In this
case, that number was around 10-30 features, depending on the metric. A visual comparison bet-
ween Figures [5.8)and shows that modulation spectral features achieve lower error rates and
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FIGURE 5.9 : SHAP value plots demonstrating the contribution of individual features to model predictions for
(a) MSF, (b) MSAB, (c) MSSD, and (d) their fusion. Features are ranked by mean absolute SHAP value, with color
denoting the feature value’s magnitude.
higher correlation coefficients relative to the benchmark features, indicating enhanced predictive
performance.

Next, we explore the complementarity of the proposed and benchmark features. To this end,
we combine them into a fused feature set and perform feature ranking on this fused set; top fea-
tures are shown in Figure [5.12] Notably, several top-ranked features originate from the MSAB set,
including ’freq_4’, 'freq_15’, and ’freq_12’. Additionally, features from the MFCCs and MSSD sets
are prominently represented among the top 10, highlighting the complementarity of the different
feature types toward behive strength predictions. To further explore these differences, Figure [5.13]
shows the daily variation of three of the top-10 features, namely, "freq_15", "freq_centroid_6", and
"mfccs_2" across two different beehive strength conditions. These features were averaged across
multiple hives, ensuring equal representation in each category, to depict their daily variation. The
plots reveal distinct diurnal patterns, effectively differentiating between samples with fewer than
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15 frames of bees and those exceeding 25 frames of bees. Notably, the modulation spectrogram-
derived features, "freq_15" and "freq_centroid_6", exhibit higher energy levels and frequency in
samples with more than 25 frames of bees. In contrast, "mfccs_2" demonstrates a different trend,
underscoring the complementary nature of these features in capturing variations in bee activity
throughout the day.

5.2.3.2 Colony Population Strength Prediction

Once the best number of features is selected for each feature set, the RF regressor is then trai-
ned and tested on the remaining 14 unseen beehives. Tables[5.2/and [5.3|present the performance
achieved by the RF regressor for each feature set, as well as the random classifier, both before
and after enhancement under the two different dataset split scenarios for the error-based and
correlation/R? figures of merit, respectively. Each metric is presented as an average + standard
deviation across the 5 folds.
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FIGURE 5.13 : Three top-ranked features from the fusion all set : a) "freq_15", b) "freq_centroid_6", and c)
"mfccs_2 averaged on hives with different number of frames on September 18th, 2021.
As can be seen, for the Random-Spilit condition, all metrics suggest that features with spectral
amplitude subtraction consistently perform better than their counterparts without pre-processing.
In particular :
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TABLE 5.2 : Performance comparison of error metrics between different feature sets and data partitioning se-
tups, with and without spectral enhancement. Bold represents the best and underline the second best average
results.

Random-Split
Features No pre-processing Spectral amplitude subtraction
MAE RMSE MAPE MAE RMSE MAPE
Random baseline | 3.98 + 0.03 4.98 + 0.04 22.34 +0.28 3.94 +0.04 5.01 £0.08 2242+ 0.34
LFCCs 0.56 +0.02 1.47 +0.03 4.03+0.08 0.51 +0.02 1.39 +0.06 3.73 +0.20
MFCCs 0.34 £+ 0.03 1.07+0.09 2.53+0.23 0.33+0.02 1.05+0.06 2.47 +0.20
Spectral descriptors | 1.68 + 0.03 2.95+0.06 10.73+0.15 1.58 +0.07 2.82 +£0.09 10.05+ 0.41
MSF 176 £ 0.05 3.20+0.08 1094 +0.35 1.74+0.04 3.17+0.06 10.88 + 0.11
MSAB 1.24 £+0.02 293+0.01 802+038 1.19+0.06 248+0.09 7.89+0.36
MSSD 1.70£0.07 2974+0.12 1126+ 063 1.67+0.05 296+ 0.07 11.07+£0.53
Benchmarks fusion | 0.49 £ 0.03 1.34 +0.08 3.65+0.27 0.45+0.02 1.13+0.18 3.40+0.23
Modulation fusion | 1.68 +0.04 2.94 +0.05 10.96 +0.22 1.65+0.05 2.92+0.08 10.92 4+ 0.47
Fusion all 0.47 +£0.02 1.30+0.02 3.57+0.23 0.46+0.04 1.25+0.08 3.55+0.35
Hive-Independent

Random baseline | 427 +1.86 5.17+1.83 26.19+441 423+1.88 5.14+1.83 26.15+4.58
LFCCs 4.06 +1.51 491+136 2459+501 4.01+137 4.84+125 23.63+3.39
MFCCs 3.71 £ 058 4.75+ 049 2565+8.00 3.61+0.68 4.54+0.63 25.00+8.70
Spectral descriptors | 3.67 +1.09 4.77 +1.01 23.81 +6.05 3.55+0.95 4.44+0.96 22.30 + 8.46
MSF 3.75+1.08 481+£1.05 2342+6.70 3.71 £094 4.73+091 23.31 +7.19
MSAB 3.48 +0.85 4.36 +0.83 22.63 +6.51 3.41+1.03 4.30+1.02 22.03 +5.74
MSSD 353+094 443+096 22.72+6.91 342+1.13 4.33+1.12 2221 +7.25
Benchmarks fusion | 3.81 £0.91 4.61 +0.77 2476 £4.94 3.73+1.10 4.56 +£0.95 24.09 4+ 6.56
Modulation fusion | 3.50 £ 0.98 4.49+0.87 22.82 +4.81 348+ 1.13 446+ 1.11 2242+ 7.23
Fusion all 3.58+0.96 447+0.72 2294 +424 353+092 4.42+090 2241 +7.19

— MFCCs outperform all other feature sets with MAE and RMSE of 0.33 and 1.05, respec-
tively. This corroborates previous findings that MFCCs are effective features for beehive
monitoring tasks.

— LFCCs also show reliable performance (MAE = 0.51), achieving lower MAE and RMSE
values and higher correlation than other spectral descriptors and modulation spectrogram
features.

— Spectral descriptors show moderate effectiveness, especially with pre-processing, where
they outperform MSF, though still lagging behind MFCCs, LFCCs, MSAB, and MSSD.

— Within the modulation spectrogram features, MSAB outperforms MSF, and MSSD across all
metrics.

In the hive-independent evaluation scenario, model performance was not as significantly better
as the random baselines, underscoring the substantial variability in acoustic characteristics across
different hives. This variability suggests that models trained on data from specific hives struggle to
generalize to unseen hives, highlighting the potential need for an initial calibration phase to account
for inter-hive differences.

Despite these challenges, certain feature sets demonstrated improved generalization capabi-
lities. Notably, the MSAB features achieved superior performance among individual feature sets.
Without spectral enhancement, MSAB features yielded an MAE of 3.48 + 0.85, RMSE of 4.36 +
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TABLE 5.3 : Performance comparison of correlation and R? between different feature sets and data partitioning
setups, with and without spectral enhancement. Bold represents the best and underline the second best ave-

rage results.

Random-Split
Features No pre-processing Spectral amplitude subtraction
Correlation R? Correlation R?
Random baseline | 0.87 £0.00 0.51 £0.01 0.88 +0.00 0.54 +0.00
LFCCs 0.97 £ 0.00 0.95+0.00 0.98+ 0.00 0.96 + 0.00
MFCCs 0.98 + 0.00 0.97 +0.00 0.98 + 0.00 0.98 + 0.00
Spectral descriptors | 0.91 £0.00 0.82 +£0.00 0.92 + 0.00 0.84 + 0.00
MSF 0.89 £0.00 0.79+0.00 0.90 =+ 0.00 0.80 £+ 0.00
MSAB 0.91 +£0.00 0.86+0.00 0.93+ 0.00 0.87 + 0.00
MSSD 0.88+0.00 0.79+0.00 0.89+ 0.00 0.81 + 0.00
Benchmarks fusion | 0.98 + 0.00 0.96 + 0.00 0.98 + 0.00 0.97 + 0.00
Modulation fusion | 0.88 +0.01 0.77 +0.01 0.90 &+ 0.00 0.81 +£0.00
Fusion all 0.98 £ 0.00 0.96 +0.00 0.98 + 0.00 0.96 + 0.00
Hive-Independent

Random baseline | 0.52 +0.20 -1.06 +£3.16 0.52 4+ 0.20 -1.05 £ 3.16
LFCCs 0.60+0.20 -0.71 £1.79 0.62+0.18 -0.64 + 1.66
MFCCs 0.66 £0.05 0.15+0.89 0.68+0.06 0.20 £ 0.95
Spectral descriptors | 0.62 +0.14 0.16 £ 0.41 0.63 +0.12 0.25 +0.40
MSF 0.68+0.18 0.18+0.43 0.69 + 0.21 0.21 + 0.56
MSAB 0.72+0.22 0.34+0.36 0.74+0.15 0.37 £ 0.44
MSSD 0.69+0.19 0.26+0.14 0.71 +£0.18 0.29 + 0.21
Benchmarks fusion | 0.64 + 0.15 0.12 +0.51 0.65 + 0.20 0.16 +0.48
Modulation fusion | 0.70 +0.16 0.27 +£0.37 0.71 +£0.19 0.31 £ 0.46
Fusion all 0.69+0.23 0.244+0.67 0.71 £0.28 0.27 +0.71

0.83, and MAPE of 22.63 + 6.51. With spectral enhancement, these metrics improved to an MAE
of 3.41 + 1.03, RMSE of 4.30 + 1.02, and MAPE of 22.03 *+ 5.74. These results indicate that MSAB
features contribute significantly to reducing prediction errors in unseen hives.

When considering feature fusion strategies, combining all features (fusion all) yielded the best
overall performance. Without spectral enhancement, this approach resulted in an MAE of 3.58 *
0.96, RMSE of 4.47 + 0.72, and MAPE of 22.94 + 4.24. With spectral enhancement, the perfor-
mance further improved to an MAE of 3.53 £ 0.92, RMSE of 4.42 + 0.90, and MAPE of 22.41 +
7.19. These results underscore the advantage of integrating diverse feature sets to enhance model
robustness and accuracy in hive-independent scenarios.

In contrast, traditional benchmark features such as LFCCs and MFCCs exhibited limited ef-
fectiveness in the hive-independent context. For instance, LFCCs without spectral enhancement
achieved an MAE of 4.06 £ 1.51 and MAPE of 24.59 + 5.01, while MFCCs yielded an MAE of 3.71
+ 0.58 and MAPE of 25.65 + 8.00. These metrics indicate that benchmark features may not ge-
neralize well across different hives, highlighting the importance of incorporating modulation-based
features for improved performance.
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TABLE 5.4 : Friedman test results across evaluation metrics under random-split and hive-independent scena-
rios.

Random-Split
Metric No pre-processing \ Spectral amplitude subtraction
Friedman x?> p-value Friedman y? p-value
MAE 42.55 2.60e-06 42.56 2.59¢e-06
RMSE 43.56 1.70e-06 42.94 2.20e-06
MAPE 42.81 2.32e-06 43.08 2.08e-06
Correlation 42.48 2.68e-06 42.29 2.89e-06
R? 43.17 2.00e-06 43.13 1.98e-06
Hive-Independent
MAE 18.42 0.031 26.89 1.45e-03
RMSE 32.64 1.54e-04 41.27 4.45e-06
MAPE 35.75 4.37e-05 14.71 0.099

Correlation 38.30 1.50e-05 40.00 7.57e-06
R? 17.74 0.038 33.73 9.95e-05

In terms of correlation, modulation spectrogram features demonstrate notable improvements,
as observed during the feature selection process and depicted in Figure [5.11] Specifically, the
MSAB feature set achieves the highest average correlation of 0.73, indicating its strong predictive
capability.

5.2.3.3 Friedman and Nemenyi Test

In this analysis, we applied the Friedman test [207, 208] across the four scenarios and five
evaluation metrics to assess differences among the feature sets, and subsequently performed
post-hoc pairwise comparisons using the Nemenyi test [209], which determines whether the obser-
ved differences between feature sets are statistically significant. Table [5.4]reports the results of the
Friedman test comparisons for all evaluation metrics under both random-split and hive-independent
scenarios. Across almost all metrics, the Friedman test statistics are significant (p < 0.05), indica-
ting notable differences among the methods. The critical chi-square value for the Friedman test with
k =10is 16.91 at a significance level of 0.05. Within the Friedman framework, each method is ran-
ked in every fold and for each metric, and the average ranks across folds are reported in Table [5.5]
For error-based metrics (MAE, RMSE, MAPE), lower ranks indicate better performance, whereas
for predictive metrics (Correlation, R?), higher ranks correspond to better outcomes. MSAB and
MSSD achieve particularly competitive positions, especially under the hive-independent setting,
suggesting that they capture meaningful information beyond standard spectral and cepstral fea-
tures.

Figure illustrates the Critical Difference (CD) diagrams of the RMSE metric for random-
split and hive-independent scenarios. The CD plots provide a visual interpretation of the post-hoc
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TABLE 5.5 : Average ranks of feature sets across evaluation metrics under random-split and hive-independent
scenarios, with and without spectral amplitude subtraction pre-processing.

Random-Split
Foatures No pre-processing Spectral amplitude subtraction
MAE| RMSE| MAPE|] Correlatont R?1 MAE] RMSE] MAPE | Correlationt R?*
Random baseline 10.0 10.0 10.0 2.0 1.0 10.0 10.0 10.0 2.0 1.0
LFCCs 4.0 4.0 4.0 71 71 3.8 3.8 3.8 7.8 7.4
MFCCs 1.0 1.4 1.0 9.3 9.6 1.0 1.6 1.0 8.9 9.5
Spectral descriptors 7.6 7.0 6.8 4.7 47 6.8 6.7 6.2 4.8 4.9
MSF 7.9 9.0 7.6 2.0 3.0 8.8 9.0 7.6 1.8 2.6
MSAB 5.0 5.0 5.0 5.9 6.0 5.2 5.0 5.0 6.0 6.0
MSSD 7.8 7.4 8.2 24 2.9 7.0 75 8.0 2.9 3.0
Benchmarks fusion 2.6 1.8 2.0 9.2 9.2 2.6 2.1 2.4 9.1 9.0
Modulation fusion 6.7 6.6 7.4 3.7 3.4 7.2 6.8 8.2 3.5 3.5
Fusion all 2.4 2.8 3.0 8.4 8.1 2.6 25 2.8 8.2 8.1
Hive-Independent
Random baseline 9.3 9.2 9.4 1.0 5.6 9.5 10.0 8.0 1.0 1.0
LFCCs 6.8 8.5 6.6 3.4 5.2 7.2 8.8 7.6 2.6 2.0
MFCCs 4.9 7.0 9.2 6.1 3.5 5.2 6.0 6.4 5.8 4.9
Spectral descriptors 6.0 5.3 4.9 2.9 45 6.8 4.1 5.0 2.6 7.3
MSF 6.4 7.4 5.2 5.5 3.0 7.2 8.2 5.7 5.4 5.6
MSAB 3.0 1.3 1.9 10.0 8.8 2.0 1.7 45 9.4 8.9
MSSD 43 3.1 2.6 7.3 6.5 4.0 2.2 5.7 8.2 7.4
Benchmarks fusion 6.9 5.7 8.0 3.7 3.7 6.5 6.6 6.2 4.2 3.6
Modulation fusion 3.8 4.3 3.4 8.7 6.6 3.8 4.5 3.2 8.0 7.7
Fusion all 3.6 3.2 3.8 6.4 7.6 2.8 2.9 2.7 7.8 6.6
o . \ cD
0 9 8 7 6 4 2 1 A 8 7 6 3 1
i [
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FIGURE 5.14 : Critical Difference (CD) plot illustrating the results of the Nemenyi post-hoc test following the
Friedman test on the Root Mean Square Error (RMSE) of ten features for a) random-split and b) hive-independent
scenario. The features are ranked by their average performance across the five folds. Features grouped by a
thick horizontal bar exhibit no statistically significant difference in RMSE performance (o« = 0.05). Features with
lower ranks (towards 1) demonstrate superior performance.

comparisons : methods connected by a horizontal line are not significantly different, whereas those
separated beyond the critical distance exhibit statistically distinct performance. Under the random-
split scenario, MFCCs achieved the best average rank and were significantly better than features
such as LFCCs and MSF as reflected by their clear separation in the CD diagram. In contrast,
under the hive-independent scenario, MSAB (and occasionally MSSD) clustered separately from
baseline features, indicating significantly stronger performance in cross-colony generalization.
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5.2.4 Brief Discussion

The identified top features, including ‘freq_4’ (150-200 Hz), freq_9’ (400—450 Hz), and "freq_10’
(450-500 Hz) from MSAB align well with established frequency ranges associated with key honey
bee behaviors and colony states, especially related to hive strength. For instance, the 150-200
Hz band corresponds to the wingbeat frequencies of individual bees, typically ranging from 150
to 300 Hz, with a prominent peak around 200 Hz [17]. Moreover, specific queen bee vocaliza-
tions correspond to these frequency bands. Tooting, produced by emerged virgin queens, typically
starts around 400 Hz and can increase to over 500 Hz as the queen matures. Quacking, emitted
by queens still confined within their cells, generally occurs around 350 Hz [140]. These signals
play crucial roles in colony dynamics, such as coordinating swarming behavior and establishing
dominance hierarchies among queens.

To highlight the noise robustness of the proposed modulation spectrum, Figure [5.15|and
show the spectrogram and the modulation spectrogram, respectively, of a clean recording from
a sunny day and noisy recording from a rainy day. As can be seen, while the rain-generated
noise impacts most of the bands of interests in the spectrogram, in the modulation spectrogram
some regions of interest remain less impacted. Representative examples include features 'mod_6’,
'mod_7, selected from MSAB with modulation frequency of 25-30 Hz and 30-35 Hz, respectively,
and 'mod_flatness_18 and ’freq_spread_5, selected from MSSD with frequency of 850-900 Hz,
and modulation frequency of 25-30 Hz, respectively. These regions of the modulation spectrogram
convey useful information for beehive strength characterization and are less affected by environ-
mental noise sources.

Overall, while modulation spectral analysis for beehive acoustics is in its infancy, our initial
findings suggest that incorporating modulation features can enhance performance, both in terms
of environmental robustness, as well as generalizability across unseen hives. The alignment of
our top features with established literature on hive acoustics indicates that modulation spectral
analysis may offer a promising complementary alternative, potentially improving resilience to noise
and other environmental factors, showing increased robustness for “in the wild” beehive monitoring.

5.3 Non-Invasive Prediction of Varroa Mite Infestation in Honey bee Colonies

One of the most devastating threats to honey bee health is the Varroa destructor mite, an
external parasitic mite that has spread to nearly every continent. The Varroa mite feeds on the
fat bodies and hemolymph of both developing and adult bees, weakening their immune systems
and shortening their lifespan. More critically, it acts as a vector for a range of harmful viruses,
particularly Deformed Wing Virus (DWV), which can lead to severe colony losses. Left unmanaged,
high levels of Varroa infestation can result in the collapse of entire colonies within a single season.
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FIGURE 5.15 : Spectrograms of a a) 15-minute clean, and b) noisy beehive audio signal.
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FIGURE 5.16 : Modulation spectrograms of a a) 15-minute clean, and b) noisy beehive audio signal.

For these reasons, early detection and accurate prediction of Varroa infestations are central to
sustainable beekeeping practices and long-term colony survival.

We propose a novel feature-fusion framework to predict Varroa mite infestation using new
acoustic features extracted from honey bee colony recordings. Specifically, we compute nine spec-
tral shape descriptors—centroid, spread, skewness, kurtosis, entropy, rolloff, flatness, crest, and
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flux—derived from both conventional and modulation spectrograms. While the conventional spec-
trogram captures short-term energy distributions across frequency bands, making it effective for
detecting variations in wingbeat harmonics, buzzing intensity, and other activity-related patterns,
it does not fully encode the rhythmic fluctuations and slow amplitude modulations inherent in bee
sounds. The modulation spectrogram complements this by representing the temporal dynamics of
spectral changes, such as the rate and strength of energy modulations across frequency bands,
thereby providing a richer characterization of acoustic patterns associated with Varroa infestation.

Here, we frame the Varroa detection problem as a supervised binary classification task, de-
termining whether a colony requires Varroa treatment based on a critical threshold. We eva-
luate a range of machine learning models, including Naive Bayes (NB) [210], Random Forests
(RF) [211], Gradient Boosting (GB) [212], k-Nearest Neighbors (KNN) [213], Support Vector Ma-
chines (SVM) [162], a Multilayer Perceptron (MLP) [214,215], and a compact convolutional neural
network (MiniCNN).

An important aspect of our experimental methodology is the consideration of hive-level inde-
pendence in model training and evaluation. That is, rather than relying on random train-test splits
that may leak information between samples from the same hive, we adopt a strategy where entire
hives are held out as test sets. This more closely reflects real-world deployment scenarios, where
a model trained on historical data from some hives is used to predict unseen data from different
hives.

5.3.1 Proposed Methodology
5.3.1.1 Dataset

In this study, we use the UrBAN audio datatset [170,[180]. This dataset includes different mea-
surement such as beehive strength and Varroa mite infestation. The varroa mite infestations have
been measured using alcohol wash method [177] in some of the beehives. Figure [5.17| shows
the heatmaps indicating the amount of Varroa mite infestation in each measurement. Figure [5.18]
shows the 24-hour spectrograms of a Varroa-infected beehive with Percentage of Varroa Mite
Infestation (PVMI) value of 38 and a non-infested beehive on September 30, 2022. As the spectro-
grams show, the infected beehive shows lower intensity in specific frequency bands (between 100
and 500 Hz), thus corroborating the findings in [116].

5.3.1.2 Feature Extraction

Proposed We propose nine spectral shape descriptors — centroid, spread, skewness, kurtosis,
entropy, rolloff, flatness, crest, and flux — computed from both the conventional and the modula-
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FIGURE 5.18 : 24-h spectrograms of a a) Varroa infected beehive, and b) a healthy beehive on September 30th,
2022.

tion spectrograms, where each captures a distinct aspect of the audio signal’s spectral properties.
While the conventional spectrogram-based descriptors quantify the short-term frequency structure
of the signal (e.g., brightness, tonal balance, and noisiness), the descriptors computed from the
modulation spectrogram, specifically across the modulation frequency axis, capture the tempo-
ral dynamics of spectral energy fluctuations. This enables the analysis of rhythmic and periodic
patterns embedded in different frequency bands, offering a complementary perspective on signal
variability over time.

Figure 5.79] depicts the block diagram showing the signal processing steps involved in the
computation of the conventional and modulation spectrograms. The process begins by computing
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the Short-Time Fourier Transform (STFT) of the raw hive audio signal to obtain a time—frequency
representation. The magnitude spectrogram (|STFT) is then extracted by taking the absolute
value of the complex STFT, which forms the basis for both sets of features.

From the |STFT|, two parallel paths are followed :

1. Spectral Shape Descriptors (SSD) : The magnitude spectrogram is used directly to com-
pute nine spectral shape descriptors : centroid, spread, skewness, kurtosis, entropy, rolloff,
flatness, crest, and flux to capture the short-term frequency structure of the hive acous-
tics [216].

2. Modulation Spectral Shape Descriptors (MSSD) : In the second path, the magnitude spec-
trogram undergoes a second STFT operation (i.e., a modulation STFT) applied across the
time axis of each frequency bin. This results in a modulation spectrogram, from which the
same nine descriptors are computed along the modulation frequency axis. These modula-
tion features capture slower temporal dynamics and rhythmic energy fluctuations that are
relevant to colony behavior. Interested readers can refer to [198] for a more in-depth des-
cription of how the modulation spectrogram is computed.

For the spectrogram computation, a window length of 100 ms and a hop length of 12.5 ms
were used to capture short-term spectral dynamics. To generate the modulation spectrogram, a
second STFT was applied to the temporal evolution of each frequency bin’'s magnitude using a
60-second window without overlap, producing a 3D time—frequency—modulation representation.
The 60-second window length was chosen to capture the slower amplitude modulations present
in honey bee colony sounds, such as rhythmic wingbeat patterns and collective buzzing activity.
Shorter windows primarily capture faster fluctuations, potentially missing these longer-timescale
modulation patterns, while longer windows reduce temporal resolution and may smooth out re-
levant dynamics. The modulation spectrogram was then averaged across time frames to obtain
a 2D time-averaged representation suitable for feature extraction. To reduce dimensionality while
preserving relevant information, adjacent frequency and modulation bins were averaged, resulting
in a final resolution of 50 Hz for the acoustic frequency axis and 5 Hz for the modulation frequency
axis.

Figures (a) and (b) show the modulation spectrograms of Varroa infected beehive and a
healthy beehive, respectively. As can be seen, the infected beehive shows not only lower intensity
in specific conventional frequency bands (frequency between 100 and 500 Hz), but also slower
spectral variability over time, with infested hives showing the highest amount of energy in modula-
tion frequencies between 0 and 10 Hz, while healthy hives show spectral dynamics up to nearly 20
Hz.

Together, it is expected that the conventional and modulation spectrograms will result in features
that are not only compact, but also complementary to each other. In our experiments, each 15-
minute audio segment is treated as a separate sample for analysis. To increase the sample size
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FIGURE 5.19 : Block diagram of the proposed acoustic feature extraction pipeline. The raw hive audio is first
transformed into a time-frequency representation via STFT, followed by magnitude computation to obtain the
spectrogram. From this, spectral shape descriptors (SSD) are computed across the frequency axis to capture
short-term spectral structure. In parallel, a second STFT is applied across the time axis of the spectrogram to
generate a modulation spectrogram, from which modulation spectral shape descriptors (MSSD) are computed
across the modulation frequency axis to capture slower temporal modulations.

and capture temporal variability, we include acoustic data not only from the day on which the Varroa

mite inspection was performed (as illustrated in Figure [5.17), but also from the preceding day.

Benchmarks To evaluate the performance of the proposed features, two established feature sets
are included as benchmarks for comparison. Mel-frequency cepstral coefficients (MFCCs) approxi-
mate human auditory perception by applying a mel-scale frequency transformation and have been
extensively employed in precision beekeeping applications [52]. In this study, we extract 12 MFCCs
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FIGURE 5.20 : Modulation spectrograms of a) a Varroa infected beehive, and b) a healthy beehive.

along with the zeroth coefficient, which captures signal energy, using 26 mel-scale filters. Additio-
nally, linear-frequency cepstral coefficients (LFCCs) are extracted using a bank of linear filters to
serve as a complementary baseline. For comparability with MFCCs, we extract 13 LFCCs (in-
cluding the zeroth coefficient) using the same number of filters (26) but distributed linearly. This
provides an alternative representation that emphasizes uniform frequency resolution across the
spectrum, in contrast to the perceptual warping of the mel scale.

5.3.1.3 Classification

In this study, we frame the problem as a supervised binary classification task of determining
whether a colony requires Varroa treatment. Specifically, we introduce a new variable, Varroa label,
defined as :
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0, if PVMI < 3% (Do not trigger treatment)

Varroa label =
1, if PVMI > 3% (Trigger treatment)

This binary labeling allows the model to learn a clear distinction between colonies that re-
quire intervention (1) and those that do not (0). The threshold for applying treatment in apicultural
management typically ranges between 2-5%, as colonies exceeding this infestation rate are at
significant risk of rapid Varroa population growth, colony weakening, and potential collapse if left
untreated [217, 1218, 219]. In this study, when categorizing colonies based on the need for treat-
ment, we adopted the same criteria. To remain conservative and ensure early intervention, we
selected the lower bound of 3% as the cutoff for triggering treatment. This choice is further justified
by the timing of the PVMI measurements, which were obtained in late summer—a period during
which the cited guidelines specifically recommend a 3% infestation threshold.

Different classifiers are explored including NB, RF, KNN, SVM, and MLP. For each of these clas-
sifiers, their hyperparameters are fine-tuned using a grid search. The fine-tuned hyperparameters
are shown in Table To ensure robust evaluation of the models, a nested 3-fold cross-validation
is used ensuring hive-independence. This cross-validation process ensures that every data point
is included in the test set exactly once, reducing the risk of overfitting and providing a more reliable
estimate of model performance. The choice of three folds is motivated by the limited number of
available hives (seven in total) : more folds would result in test sets with only a single hive, pro-
ducing unstable estimates, whereas fewer folds (e.g., two) would not sufficiently capture inter-hive
variability and would leave too few hives for training. In our design, each fold contains approxima-
tely 2—3 hives for testing and 4-5 for training/validation, with folds constructed to have a roughly
balanced number of samples. This provides an effective compromise between training diversity,
test reliability, and computational feasibility.

In this work, we adopt a lightweight convolutional neural network primarily to provide a com-
parison with traditional machine-learning models. This choice is motivated by the characteristics
of bioacoustic datasets, which often exhibit substantial variability and limited sample sizes. While
deep architectures with millions of parameters may easily overfit under such conditions, a com-
pact CNN with only a few thousand parameters offers a practical and computationally efficient
alternative. Importantly, this lightweight architecture enables the model to learn task-specific re-
presentations directly from the spectral and modulation spectrogram inputs, potentially capturing
discriminative patterns beyond handcrafted features, while remaining comparable in complexity to
classical approaches. Table summarizes the architecture of the lightweight MiniCNN used in
this study. The model consists of two convolutional layers with small kernel sizes and a modest
number of filters, followed by max-pooling operations to reduce dimensionality. A fully connected
layer with L2 regularization is included to promote stable learning, and the final output layer uses
a sigmoid activation for binary classification. The binary cross entropy is used as loss function.
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TABLE 5.6 : Model configurations and hyperparameter settings used in the experiments

Classifier Hyperparameters

n_estimators = 50,
Random Forest (RF) max_depth = 5,
min_samples_split = 2

Naive Bayes (NB) No hyperparameters tuned

n_estimators = 50,
Gradient Boosting (GB) max_depth = 3,
learning_rate = 0.1

n_neighbors = 5,

K-Nearest Neighbors (KNN) weights = uniform

hidden_layer_sizes = (50,),
Multilayer Perceptron (MLP) alpha = 0.0001,
max_iter = 500

C=1,
Support Vector Machine (SVM)  kernel = rbf,
gamma = scale

The learning rate is initialized at 0.0001 and is dynamically adjusted using a Reduce-on-Plateau
scheduling strategy, where the learning rate is reduced when the validation loss stops improving.

TABLE 5.7 : Lightweight MiniCNN model architecture

Layer Details

Conv2D 8 filters, 3 x 3, RelU,
same padding

MaxPool2D 2 x 2 pool

Conv2D 16 filters, 3 x 3, RelLU,
same padding

MaxPool2D 2 x 2 pool

Flatten -

Dense 16 units, RelLU, L2 regu-
larization

Dense 1 unit, sigmoid activation

5.3.1.4 Figures-of-Merit

To evaluate the performance of our classification models in detecting Varroa mite infestation,
we employ several standard figures-of-merit : Receiver Operating Characteristic Area Under the
Curve (ROC-AUC), F1 score, precision, and recall. These metrics are particularly useful in binary
classification tasks, especially under class imbalance conditions.
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The ROC-AUC metric measures the ability of the classifier to distinguish between classes and
is computed as the area under the ROC curve, which plots the true positive rate (TPR) against
the false positive rate (FPR) at various threshold settings. A value closer to 1 indicates better
performance. The F1 score is the harmonic mean of precision and recall, providing a single metric
that balances both false positives and false negatives :

Precision - Recall

F1 score = 2 - —
Precision + Recall

Precision measures the proportion of true positive predictions among all positive predictions :

True Positives
True Positives + False Positives

Precision =

Recall, also known as sensitivity or true positive rate, quantifies the proportion of actual positive
cases that are correctly identified :

True Positives

Recall = — .
True Positives + False Negatives

Together, these metrics offer a comprehensive assessment of classification performance, high-
lighting the model’s ability to correctly identify infestation cases while minimizing false alarms.

5.3.2 Experimental Results
5.3.2.1 Features Analysis

Conventional Spectrogram Figure displays the Pearson correlation coefficients between
all pairs of spectral descriptors of the conventional spectrogram and the Varroa label. As can be
seen, a positive correlation is observed between the Varroa label and some of the features such
as centroid, spread, flatness, rolloff, and entropy, suggesting that higher levels of Varroa infestation
are associated with acoustic spectra that become more “noisy” and less structured.

In particular, the positive correlation with entropy indicates that as mite infestation increases,
the hive acoustic spectrum becomes more disordered and information-rich, losing its harmonic
structure and resembling a more random distribution of energy. Similarly, the positive correlation
with flatness suggests that the spectrum tends to flatten under higher infestation levels, meaning
the distinction between dominant and non-dominant frequencies diminishes. The correlations with
centroid, spread, and rolloff imply that energy shifts toward higher frequencies and becomes more
broadly distributed, which could reflect increased agitation or stress-induced changes in honey bee
buzzing patterns. Altogether, these descriptors provide evidence that Varroa infestation influences
the short-term frequency structure of hive sounds, making them less tonal and more broadband in
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FIGURE 5.21 : Pearson correlation between all pairs of spectral descriptors extracted from the conventional
spectrogram and the Varroa label.

nature. On the other hand, negative correlations are observed with skewness, kurtosis, and flux.
The reduction in skewness and kurtosis with increasing Varroa levels suggests that the spectral
distribution becomes less asymmetric and less peaked, indicating a move away from well-defined
tonal components toward flatter, broadband spectra. The negative correlation with flux implies that
the temporal variability of the spectrum decreases with higher infestation, meaning that the hive
sound becomes more stationary and less dynamic.

Figure illustrates a pairwise comparison of spectral shape descriptors features, stratified
by the Varroa infestation label. To ensure balanced representation across categories, the dataset
was filtered to have an equal number of samples randomly selected from each category. Samples
from the beehives with Varroa mite infestation show higher values in spectral centroid, spread,
rolloff, and entropy.

To visualize the temporal dynamics of the two proposed spectral shape descriptors, we plotted
their smoothed values over a 1-day period (September 1, 2022) for two representative hives :
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FIGURE 5.22 : A pairplot illustrating the relationships among spectral shape descriptors : centroid, spread,
flathess, entropy, and rolloff. Samples with Varroa label equal to 0 represent healthy hives, while those with
Varroa label equal to 1 indicate infestation.

one exhibiting a Varroa mite infestation (Hive ID : 3631) and one healthy hive (Hive ID : 6) in
Figure [5.23] Each curve represents an 8-point moving average for a specific feature, allowing us
to observe trends and fluctuations over time. As shown in the Figures [5.23a] and [5.23D] for the
conventional spectral features, distinct patterns emerge between the infested and healthy hives,
with features demonstrating elevated values in the presence of Varroa, highlighting their potential
for infestation discrimination.

Modulation Spectrogram Figure [5.24} in turn, presents joint plots comparing the flux and en-
tropy features extracted from both the spectrogram and the modulation spectrogram. These visua-
lizations highlight the relationship between corresponding spectral and modulation-based descrip-
tors, offering insight into how each varies with respect to Varroa infestation status. The joint plots
reveal distinct patterns associated with Varroa infestation. Entropy features show that healthy hives
tend to exhibit more consistent and less dispersed modulation entropy values, suggesting reduced
acoustic variability. Similarly, flux features indicate that Varroa—positive samples are concentrated
in regions of lower spectral and modulation flux, reflecting less dynamic frequency changes.
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FIGURE 5.23 : The temporal dynamics of the conventional spectrogram a) centroid, and b) flatness measured
across the entire day on September 1, 2022.

Figure [6.25) shows the temporal dynamics of the two proposed spectral shape descriptors of
the modulation spectrogram over a 1-day period (September 1, 2022) for two representative hives :
one exhibiting a Varroa mite infestation (Hive ID : 3631) and one healthy hive (Hive ID : 6). While
the spectral centroid shows a fairly stable separation between healthy and infested hives in Fi-
gure the modulation centroid and flatness shown in Figures [6.25a] and [5.250] highlight a
more dynamic divergence over time, with the gap between the two conditions becoming more pro-
nounced at specific periods of the day. Taken together, these results suggest that Varroa infestation
affects both the instantaneous frequency structure (spectral centroid) and the temporal modulation
dynamics (modulation centroid), but in different ways.
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FIGURE 5.24 : A pairplot illustrating the relationship among conventional and modulation spectral shape des-
criptors : a) flux and b) entropy. Samples with Varroa equal to 0 represent healthy hives, while those with Varroa
equal to 1 indicate infestation.

5.3.2.2 Classification Performance
Table [5.8| presents a comparative evaluation of the classification performance across the dif-
ferent benchmark and proposed feature sets, as well as tested classifiers. Each metric is an ave-

rage across the 3 folds. As can be seen, the benchmark MFCCs and LFCCs showed modest
performance across all classifiers, with SVM and MLP generally outperforming others. For ins-
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FIGURE 5.25 : The temporal dynamics of the modulation spectrogram a) centroid, and b) flathess measured
across the entire day on September 1, 2022.

tance, MFCCs with SVM reached a ROC-AUC of 0.571. LFCCs performed slightly better overall,
with SVM reaching a ROC-AUC of 0.767. Notwithstanding, these results were consistently lower
than those achieved with the proposed SSD and/or MSSD features.

The SSD set, derived from spectrograms, significantly outperformed MFCCs and LFCCs. Nota-
bly, SVM with SSD features achieved a ROC-AUC of 0.871 and F1-score of 0.832, with high preci-
sion (0.867), indicating strong discriminative power. This underscores the value of capturing spec-
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tral shape characteristics, such as centroid and spread, in highlighting signal structure. Next, the
MSSD features, computed from the modulation spectrogram along the modulation frequency axis,
provided a complementary perspective by emphasizing temporal modulations in spectral content.

Lastly, to test the complementarity of the two feature sets, we tested their fusion. As can be
seen, the concatenation of SSD and MSSD led to the highest overall performance across all clas-
sifiers, confirming the complementarity of the two feature types, corroborating the patterns seen in
Figures [5.24], [5.23] and[5.25| The best results were obtained using SVM, which achieved a ROC-
AUC of 0.874, a F1-score of 0.859, precision of 0.863, and recall of 0.862. Several models showed
clear improvements in ROC-AUC with the fused feature set. For instance, Random Forest increa-
sed from 0.678 to 0.756, KNN from 0.758 to 0.800. Notably, SVM achieved the best performance
overall, improving from 0.871 (SSD) to 0.874 (SSD+MSSD).

To complement the averaged performance metrics (F1, AUC, precision, and recall), we also
report the aggregated confusion matrix computed across all three test folds, shown in Figure[5.26]
Rather than presenting a single fold’s results which may be sensitive to data partitioning, we sum
the confusion matrices from each fold to obtain a more stable and representative view of the mo-
del’s overall classification behaviour. This aggregated matrix reflects the total counts of true posi-
tives, true negatives, false positives, and false negatives observed across all test sets, providing a
clearer indication of the model’s global performance and error patterns. In this analysis, we report
the confusion matrix for the SVM classifier, as it was the strongest-performing traditional machine-
learning model in our experiments.

Benchmark features (MFCCs and LFCCs) exhibit substantial confusion between classes, with
MFCCs showing a high number of false negatives and LFCCs producing many false positives. In
contrast, our proposed SSD and MSSD features demonstrate much stronger discriminative power,
with SSD in particular yielding a balanced reduction in both error types. The combined SSD+MSSD
feature set achieves the most favorable outcome overall, with the highest true-positive count and
the lowest number of misclassifications.

5.3.2.3 Comparative Performance of CNN and Traditional Machine-Learning Mo-
dels

Table presents a comparative evaluation of classification performance across different fea-
ture representations. In particular, MFCCs, LFCCs, and spectrograms, each representing two-
dimensional time—frequency features, are used as inputs to the CNN model. The results show
that the benchmarks such as MFCCs, LFCCs, and spectrogram inputs yield relatively modest
performance, with ROC-AUC values close to 0.55-0.60. In contrast, the modulation spectrogram
achieves substantially higher accuracy across all metrics—particularly recall—highlighting its su-
perior ability to capture the temporal—spectral patterns associated with Varroa infestation.
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TABLE 5.8 : Comparison of classification performance across different feature sets and classifiers. Arrows
indicate the direction of change in performance : T denotes improvement, while | indicates a decrease.

Feature Classifier ROC-AUC F1 Precision Recall

RF 0.736  0.416 0.991  0.281
GB 0.614 0403 0592  0.329

MFCCs NB 0.263  0.108 0.198  0.090
KNN 0457 0392 0.753  0.353

MLP 0.493 0213 0515  0.145

SVM 0571  0.057 0.057  0.057

RF 0.347 0520 0531  0.558

GB 0.438  0.418 0.394  0.458

LFCCs NB 0.356 0.164 0.581  0.103
KNN 0576 0545 0.665  0.585

MLP 0530 0568 0.563  0.655

SVM 0.707 0534 0.662  0.540

RF 0.678  0.673 0.717  0.644

ssD GB 0.700  0.655 0.731  0.603
NB 0.841  0.807 0.839  0.793

KNN 0.758 0784 0.836  0.743

MLP 0780 0710 0752  0.763

SVM 0.871 0.832 0.867  0.811

RF 0.744 0633 0.682  0.654

MSSD GB 0.738  0.653 0.689  0.671
NB 0.678 0449 0572  0.450

KNN 0.726 0555 0.660  0.561

MLP 0.810 0616 0.704  0.631

SVM 0739 0628 0.721  0.638

RF +0.756  0.715 0.760  0.686

GB +0.755 0.677 0739  0.634

SSD+MSSD NB +0.872 0818 0860 0.787

KNN 10.800 0.827 0.845 0.812
MLP 10.713  0.674 0.715 0.644
SVM 10.874 0.859 0.863 0.862

Moreover, a clear difference can be observed in the performance of features between the two
experimental setups. For example, when used as two-dimensional time—frequency representations
with a CNN model (Table [5.9), MFCCs achieve moderate performance (ROC-AUC = 0.593, F1 =
0.573). In contrast, when MFCCs are averaged over time and used as one-dimensional features
with traditional classifiers (Table [5.8), the performance varies significantly across models, with the
best ROC-AUC reaching 0.736 using Random Forest, but generally lower and less consistent
F1-scores. These findings suggest that preserving the temporal structure of MFCCs and levera-
ging convolutional architectures provides more stable and meaningful representations compared to
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FIGURE 5.26 : Aggregated confusion matrices for each feature set evaluated across all three test folds for the
SVM model. Each matrix summarizes the total true negatives (TN), false positives (FP), false negatives (FN), and

true positives (TP) obtained for : (a) MFCCs, (b) LFCCs, (c) SSD, (d) MSSD, and (e) the proposed SSD+MSSD
feature set.

time-averaged features. Temporal averaging likely removes important dynamic information, limiting
the ability of classical models to capture discriminative acoustic patterns.

When comparing the CNN results with the traditional machine-learning models, it becomes
evident that classical approaches remain highly effective for this task while being far less com-
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TABLE 5.9 : Comparison of classification performance across different feature sets using the CNN model.

Feature ROC-AUC F1 Precision Recall
MFCCs 0.593 0.573 0.549 0.648
LFCCs 0.546 0.498 0.563 0.498
Spectrogram 0.543 0.528 0.551 0.541

Modulation Spectrogram 0.843 0.754 0.715 0.869

putationally demanding. Models trained on the handcrafted SSD and MSSD features consistently
outperform the CNN across most metrics, with several classifiers—such as SVM, KNN, and Naive
Bayes—achieving ROC-AUC values above 0.85, surpassing the best CNN configuration. These re-
sults indicate that the spectral shape and modulation descriptors capture the discriminative acous-
tic characteristics sufficiently well that even lightweight classifiers can exploit them efficiently. In
contrast, the CNN requires substantially more computation, longer training time, and more data to
reach competitive performance, yet still does not exceed the strongest traditional ML models.

Overall, this comparison suggests that, under the present experimental conditions and gi-
ven the relatively lightweight CNN architecture considered, classical machine-learning techniques
combined with carefully designed feature representations can offer competitive or superior perfor-
mance, along with improved interpretability and computational efficiency. However, broader conclu-
sions regarding deep learning would require evaluation of more advanced architectures.

5.3.2.4 Feature Contribution Analysis Using SHAP

To quantify the individual and complementary contributions of SSD and MSSD, we conducted
a SHAP-based (SHapley Additive exPlanations) [206] ablation analysis. While the previous sec-
tion reported classification performance for different feature sets, the goal of this analysis is to
understand why each feature group improves the model and to what extent the SSD and MSSD
components contribute to the final prediction. For this interpretability study, we used a RF classi-
fier. RF was selected because tree-based models are fully compatible with SHAP’s TreeExplainer,
which provides exact and computationally efficient SHAP value calculations.

Figures |5.27| show SHAP value plots for SSD, MSSD, SSD+MSSD, and the combined feature
set including MFCC:s. In all plots, features are ranked by mean absolute SHAP value, with color in-
dicating feature magnitude (blue = low, pink = high). Among SSD features, entropy, flux, and spread
are the most influential predictors. High entropy values strongly drive the model toward predicting
infestation, reflecting increased spectral disorder in infested colonies. In MSSD, modulation flux
and modulation entropy dominate the SHAP rankings, with high modulation entropy consistently
increasing the likelihood of infestation.
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FIGURE 5.27 : SHAP summary plots illustrating the contribution of individual features to the model’s predictions
for (a) SSD, (b) MSSD, (¢) SSD+MSSD, and (d) SSD+MSSD+MFCCs. Features are ranked by their mean absolute
SHAP value, indicating overall importance, while color encodes the relative feature value (low to high) and its
directional impact on the model output.

When combining the spectrogram and modulation spectrogram descriptors, spectral entropy
and modulation flux remain the strongest contributors, highlighting the importance of temporal
variability as a marker of Varroa presence. Adding MFCCs to this combined set, modulation flux
and spectral entropy still emerge as the top features. While some MFCC features appear in the
top 10, most of the leading predictors come from the spectrogram and modulation spectrogram
descriptors. Overall, these results highlight the benefit of capturing details about both the spectral
structure and the temporal modulation patterns in the beehive acoustics signal for accurate Varroa

mite infestation detection.
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5.4 Conclusion

In this chapter, we introduced the use of modulation spectrogram features for improved bee-
hive strength prediction and Varroa mite detection across unseen conditions. Features extracted
from the modulation spectrogram showed lower error rates and higher correlations, showing their
increased robustness for “in the wild” beehive monitoring. For beehive strength prediction, two dif-
ferent feature selection mRMR and SHAP were used. Once the top features were selected, a RF
regressor was trained and tested. In the task of detecting a Varroa mite infestation, spectral shape
descriptors, extracted from both the conventional and modulation spectrograms were proposed.
The results demonstrate that SSD features consistently outperform traditional features, such as
MFCCs and LFCCs across all metrics and classifiers. Furthermore, the fusion of the proposed
modulation-based descriptors with the SSD features resulted in the highest overall performance.
A comparative analysis with a CNN model further revealed that classical machine-learning ap-
proaches trained on the proposed handcrafted features not only achieve higher accuracy but also
require significantly lower computational complexity.

132



6 DEEP LEARNING WITH MODULATION SPECTROGRAM AND TEN-
SORGRAM

6.1 Preamble

This chapter is based on material from the following manuscript submitted to a peer-reviewed
journal : "Improved Monitoring of Honey bee Colony Strength via Audio loT Sensors, Modulation
Tensorgrams and Recurrent Neural Networks [220]"

6.2 Introduction

In the previous chapter, we introduced the modulation spectrogram and proposed several fea-
ture sets derived from it for predicting honey bee colony strength and detecting Varroa mite infesta-
tion. We demonstrated that these features, when combined with classical machine learning models
such as Random Forests and Support Vector Machines, achieve strong predictive performance.
Building on these findings, this chapter explores the use of deep learning models to automatically
learn discriminative representations from modulation-based inputs and further improve prediction
accuracy.

While traditional hive monitoring tools relied on conventional machine learning classifiers [52],
recently, there has been a rise on the use of deep neural networks, specifically convolutional neu-
ral networks (CNNs). CNNs were originally developed for image-like inputs, thus are well suited
for spectrograms or mel-scaled spectrograms. The work in [48] employed a CNN with four convo-
lutional layers to detect queenless hives using the spectrogram as input. In another study, CNNs
were successfully applied to detect honey bee piping signals, a key indicator of colony reproduc-
tive dynamics [140]. Similarly, the work in [54] showed that CNN-based classifiers outperformed
traditional machine learning models across several beehive monitoring tasks.

In parallel to these developments, the so-called modulation spectral features emerged to better
capture the rhythmic and temporal patterns in beehive acoustics. These features highlight mo-
dulations in signal energy across time and frequency, making them well-suited for identifying the
repetitive vibratory patterns typical of bee colonies and separating these patterns from unwanted
noise sources and artifacts. In prior work, we proposed to handcraft some features from the mo-
dulation spectrum and we showed that such features were complementary to spectrogram-based
ones using traditional machine learning classifiers, such as random forests [196]. Here, we build
on this foundational work and explore the use of the raw modulation spectrogram as input to a
CNNs and a convolutional recurrent deep neural networks (CRDNNs). This approach allows us
to exploit the spatial and temporal richness of the modulation representations, as well as their
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FIGURE 6.1 : Modulation spectrograms averaged on samples with a) 1 < fobs < 10, b) 11 < fobs < 20, and c¢)
21 < fobs < 30.

noise-robustness properties, while leveraging the modeling power of deep neural networks. Our
experiments show the proposed method generalizing to unseen conditions more efficiently than
several benchmark methods, thus helping address a critical issue in remote beehive monitoring -
generalizability across unseen environments [72,148].

6.3 Methods
6.3.1 Modulation Spectrum

In many acoustic classification tasks, traditional spectrograms struggle in noisy environments.
This limitation arises because both signal and noise are distributed across the same time-frequency
space, making separation difficult. To address this limitation, the modulation spectrogram and its
time-resolved counterpart, the modulation tensorgram, have been proposed [198]. Figure [5.1] de-
picts the signal processing steps involved in the computation of the modulation tensorgram.

To illustrate some representative modulation spectrograms, Figure[6.1](a)-(c) shows an average
representation for beehives of varying strengths, namely with frames of bees (fob) ranging from
1 < fobs < 10, 11 < fobs < 20, and 21 < fobs < 30, respectively. For these plots, all audio
recordings were taken between 8-11pm.

6.3.2 Discriminative power of the modulation spectrum

To measure the discriminative power of the modulation spectrogram, we compute the Fisher
ratio (F-ratio) between different hive strength groups. The F-ratio quantifies how well a given fea-
ture distinguishes between two classes by comparing two types of variance : the between-group
variance, which captures the separation between group means, and the within-group variance,
which reflects variability within each group. A higher F-ratio value indicates greater discriminability.

To compute the F-ratio, the number of frames of bees (fobs) was divided into three population
categories : Category 1 includes 1 < fobs < 10, Category 2 includes 11 < fobs < 20, and Ca-
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FIGURE 6.2 : The number of frames of bees (fobs) is grouped into three categories : Category 1 corresponds to
1 < fobs < 10, Category 2 to 11 < fobs < 20, and Category 3 to 21 < fobs < 30. F-ratio maps comparing the
following pairs of categories : a) Category 1 vs. Category 2, b) Category 2 vs. Category 3, and c) Category 1 vs.
Category 3.

tegory 3 includes 21 < fobs < 30. These three categories correspond to the conditions shown in
Figures[6.1](a)-(c). Figure[6.2) presents the resulting F-ratio maps for the following pairwise compa-
risons : (a) Category 1 vs. Category 2, (b) Category 2 vs. Category 3, and (c) Category 1 vs. Cate-
gory 3. These maps highlight the modulation—spectral regions where the differences in energy are
most pronounced across varying levels of bee activity. In particular, the lower-frequency regions
around 150-200 Hz, as well as the band near 500—-600 Hz, show the strongest discriminative po-
wer, indicating that changes in these modulation components should be closely associated with
increases in colony activity and could be leveraged for automated beehive strength monitoring
tasks.

6.3.3 Deep neural network model architectures

To model the acoustic patterns of beehive audio, we implemented several deep learning archi-
tectures capable of learning from 2D and 3D input representations. These models are optimized to
handle spectrograms, modulation spectrograms, and modulation tensorgrams. The architectures
tested include a baseline CNN, a CNN with spatial attention, a convolutional-recurrent deep neural
network (CRDNN), and a 3D variant for modulation tensorgrams. All models were trained using
the RMSE as the loss function. An initial learning rate of 0.0001 was employed, together with
an adaptive learning rate strategy to improve convergence during training. More details on these
architectures and benchmark systems are given next.

6.3.3.1 Baseline CNN

The baseline convolutional model consists of three convolutional layers using 3 x 3 kernels and
RelLU activation. Each block is followed by batch normalization and pooling, with L1 regularization
applied to the deeper layers to reduce overfitting. The final convolutional features are flattened and
passed through a dense layer with 64 units, followed by dropout, and finally mapped to a scalar
regression output. Details about this architecture are given in Table [6.]
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TABLE 6.1 : Details of baseline CNN model

Layer Details

Conv2D 32 filters, 3 x 3, RelLU,
same padding

BatchNorm -

MaxPool2D 2 x 2 pool

Conv2D 64 filters, 3 x 3, RelLU, L1
reg, same padding

BatchNorm -

MaxPool2D 2 x 2 pool

Conv2D 128 filters, 3 x 3, RelLU,
L1 reg, same padding

BatchNorm -

Dropout Rate 0.25

Flatten -

Dense 64 units, ReLU

BatchNorm -

Dropout Rate 0.5

Dense 1 unit, linear activation

6.3.3.2 CNN with Spatial Attention

To enhance model focus on salient acoustic regions, spatial attention modules were integrated
into the CNN pipeline (see Table [6.2) for more details). Attention maps are computed usinga 7 x 7
convolution after each convolutional layer, emphasizing relevant feature regions. This attention-
guided feature enhancement improves robustness to irrelevant background noise, while L2 regula-
rization and dropout are employed to reduce overfitting.

6.3.3.3 CRDNN (Convolutional-Recurrent-DNN)

To capture both local and long-range temporal dependencies in the acoustic data, we designed
a CRDNN architecture (see Table [6.3). The model begins with three convolutional layers, each
followed by batch normalization and pooling. After flattening, the output is reshaped into a tem-
poral sequence suitable for a Gated Recurrent Unit (GRU) processing. A two-layer GRU extracts
sequential patterns, followed by fully connected layers for final prediction. This hybrid structure
combines the strengths of CNNs for spatial and GRUs for temporal modeling.

6.3.3.4 3D variants

Lastly, to leverage the full dimensionality of the modulation tensorgram representations, we de-
signed 3D variants of our convolutional and attention-based models. Unlike the 2D models, which
operate on standard time-frequency spectrograms, the 3D models process volumetric inputs that
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TABLE 6.2 : Details of CNN model with spatial attention

Layer Details

Conv2D 32 filters, 3 x 3, RelLU,
same padding

BatchNorm -

Spatial Attn. 7x7 Conv2D, sigmoid

MaxPool2D 2 x 2 pool

Conv2D 64 filters, 3 x 3, ReLU, L2
reg

BatchNorm -

Spatial Attn. 7x7 Conv2D, sigmoid

MaxPool2D 2 x 2 pool

Conv2D 128 filters, 3 x 3, RelLU,
L2 reg

BatchNorm -

Spatial Attn. 7x7 Conv2D, sigmoid

Dropout Rate 0.25

Flatten -

Dense 64 units, ReLU

BatchNorm -

Dropout Rate 0.5

Dense 1 unit, linear activation

TABLE 6.3 : Details of CRDNN model

Layer Details

Conv2D 32 filters, 3 x 3, RelLU,
same padding

BatchNorm -

MaxPool2D 2 x 2 pool

Conv2D 64 filters, 3 x 3, ReLU, L1
reg, same padding

BatchNorm -

MaxPool2D 2 x 2 pool

Conv2D 128 filters, 3 x 3, RelLU,
L1 reg, same padding

BatchNorm -

Dropout Rate 0.25

Flatten -

Reshape To (seq_len, 128)

GRU 32 units, return seq =
True

Dropout Rate 0.5

GRU 64 units, return seq =
False

Dense 256 units, ReLU

BatchNorm -

Dropout Rate 0.5

Dense 128 units, ReLU

BatchNorm -

Dropout Rate 0.5

Dense 1 unit, linear activation
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capture time, frequency, and modulation frequency simultaneously. This three-dimensional struc-
ture enables the models to extract joint spatio-spectro-temporal features, making them well-suited
for tasks involving modulation-based acoustic representations. The 3D CNN with attention inte-
grates spatial attention mechanisms across the 3D input, enhancing relevant regions within the
tensor while suppressing less informative ones. Each convolutional block includes batch norma-
lization, 3D max-pooling, and dropout for regularization, followed by dense layers for regression
output. By capturing patterns across all axes of the tensorgram, these models are able to exploit
modulation structures more effectively, improving the robustness and generalizability of acoustic
monitoring tasks.

6.4 Experimental Setup
6.4.1 Dataset Description

To test the efficacy of our proposed method, we rely on the UrBAN dataset [170] which was
described in chapter 3| Figure [6.3| shows the number of frames of bees (fob) for each beehive
in 2021 (top plot) and 2022 (bottom). Values between 1-10 suggest only the brood chamber was
present, while 11-20 the brood chamber plus one super, and 21-30 the brood chamber plus two
supers.

6.4.2 Benchmark features and noise removal

To establish a baseline for evaluating the performance of the proposed features, we incorpora-
ted two widely used acoustic representations into our analysis : MFCCs and spectrogram.

Notwithstanding, as mentioned previously, these features have been shown to be sensitive to
environmental noise. As the dataset used herein was collected “in the wild,” it is crucial that some
noise suppression be performed to ensure reliable prediction from the benchmark systems. Here,
we employ a classical spectral amplitude subtraction method for noise reduction, as described in
chapter[3]

6.4.3 Testing Setup and Figures-of-Merit

The experimental setup follows the configurations described in Chapter [5, Section[5.2.2, spe-
cifically the random-split and hive-independent strategies. Model training, validation, and testing
were conducted using five-fold nested cross-validation to ensure robust performance evaluation.

As our task is a regression aimed at predicting the strength of a hive (given by its fob value),
two conventional figures-of-merit are utilized : mean absolute error (MAE) and Pearson correlation

138



30.0
275
)]
25.00
—
2250
]
200 G
—
17.5%
]
15.0 %
S
12,53
=

-10.0

._.
N
Number of Frames of Bees

(b)

FIGURE 6.3 : Heatmaps showing the number of frames of bees estimated during visual inspection for each hive
throughout (a) 2021 and (b) 2022. Values between 1-10 suggest only the brood chamber was present, 11-20
brood chamber plus one super, and 21-30 brood chamber plus two supers.

(r) between the real and predicted fob values. An ideal/perfect regressor will have MAE close to
zero and a correlation close to unity.
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6.5 Results and Discussion
6.5.1 Colony Population Strength Prediction

Table presents the performance achieved by the different benchmark and proposed me-
thods. As can be seen, in the random-split scenario, while the spectrogram and MFCC inputs yield
MAE values around 3.5 and correlation » ~ 0.76, the modulation-based methods are capable of
reducing the MAE to around 1.5 and elevate the correlation to » ~ 0.95. This underscores the hy-
pothesis that bee acoustic activity is best characterized by temporal modulations (i.e., the rate and
structure of changes in the dominant frequencies) rather than the static spectral envelope or ceps-
tral coefficients. Moreover, the traditional spectrogram and MFCC benchmarks showed substantial
gains in performance once audio enhancement was applied. The gains were not as substantial
with the proposed method, corroborating the noise-robustness properties of the modulation spec-
trogram and highlighting its importance for in-the-wild hive monitoring. Overall, for this setting, the
CRDNN-3D model utilizing the modulation tensorgram as input resulted in the best performance.

For the more strict hive-independent setting, the performance is shown to drop for all models
and features. Notwithstanding, overall, the modulation spectrogram and tensorgram inputs retain
their superior performance, achieving correlations greater than 0.7, while the spectrogram and
MFCC benchmarks remain around 0.50. This resilience suggests that the underlying frequency-
modulation patterns are more robust and generalizable indicators of bee activity than the raw
spectral content, which is likely dominated by hive-specific artifacts.

In both settings, the 3D CNN and CRDNN models, designed to process the time-frequency-
modulation cube, generally outperformed their 2D counterparts. The CRDNN-3D achieved the
lowest MAE (1.01 and 3.31) in both scenarios, indicating that the combination of 3D convolutio-
nal layers and a Recurrent Neural Network (RNN) component is best suited to capture the com-
plex spatiotemporal evolution of the modulation patterns over time. This architectural advantage
is maximized when the input explicitly contains the time axis, as with the modulation tensorgram
input. Across both 2D and 3D inputs, the CRDNN variants consistently show lower MAE and hi-
gher r than the pure CNN models, suggesting that the recurrent component effectively models the
temporal dependencies within the audio signal’s feature representation.

6.5.2 Non-parametric Statistical Analyses

To statistically evaluate the differences in performance seen amongst the models, we employed
the Friedman test [207] across all four experimental scenarios (random-split and hive-independent,
with and without audio enhancement) and two evaluation metrics. Next, we used the Nemenyi
post-hoc test [209] to conduct pairwise comparisons and identify which specific differences were
statistically significant. The results of the Friedman test are summarized in Table [6.5/and showed
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TABLE 6.4 : Performance comparison of MAE and correlation (r) between different feature sets and data parti-
tioning setups, with and without spectral enhancement.

Random-Split
Feature Model No pre-processing Spectral amplitude subtraction
MAE r MAE r
CNN-2D | 3.70+0.17 0.76 +0.03 1.71 +£0.13 0.83 +0.02
Spectrogram | CNN-att-2D | 3.68 + 0.08 0.75+0.02 2.17 + 0.09 0.76 + 0.01
CRDNN-2D | 3.49 +0.24 0.78 £0.02 1.77 +0.05 0.81 + 0.01
CNN-2D | 3.62+0.13 0.76 £0.02 1.85+0.25 0.81 +£0.03
MFCCs CNN-att-2D | 3.72+0.09 0.75+0.01 2.15+0.17 0.77 + 0.01
CRDNN-2D | 3.37 £ 0.05 0.78 £0.08 1.78 +0.10 0.82 + 0.01
Modulation CNN-2D | 1.54 +0.14 0.95+0.01 1.14+0.06 0.96 + 0.01
spectrogram | CNN-att-2D | 1.52 £ 0.16 0.96 + 0.03 1.39 + 0.06 0.97 £ 0.03
Modulation CNN-3D | 1.61 £0.10 0.94+0.02 1.36 +0.09 0.96 + 0.01
tensoraram CNN-att-3D | 1.45+0.05 0.96 +0.02 1.23 +0.06 0.96 + 0.03
9 CRDNN-3D | 1.24 +0.03 0.95+0.01 1.01 +0.08 0.97 + 0.01
Hive-Independent

CNN-2D | 487 +£1.47 047 +0.22 4.74+1.46 0.52 + 0.21
Spectrogram | CNN-att-2D | 4.60 + 1.61 0.46 +£0.21 4.50 + 1.59 0.51+ 0.20
CRDNN-2D | 455+ 1.62 0.56+0.20 4.22+1.16 0.61 +0.20
CNN-2D | 4.95+1.37 050+0.22 4.65+1.32 0.53 +0.22
MFCCs CNN-att-2D | 4.99 +1.45 047 £0.24 4.97 +1.46 0.50 + 0.22
CRDNN-2D | 442 +1.68 0.52 +0.25 4.38 +1.68 0.54 +£0.20
Modulation CNN-2D | 3.48+090 0.69+0.13 3.41+0.87 0.74 + 0.11
spectrogram | CNN-att-2D | 3.66 £ 1.09 0.72 £0.09 3.56 + 1.05 0.76 +£ 0.08
Modulation CNN-3D | 3.84+1.21 0.65+0.22 3.69+1.60 0.69 + 0.21
tensoraram CNN-att-3D | 3.76 +1.56 0.71 £0.15 3.67 +1.55 0.76 + 0.16
9 CRDNN-3D | 3.42+1.37 0.72+0.20 3.31 +1.36 0.78 £ 0.17

statistically significant differences (p < 0.05) among the feature set and models performances
across evaluation metrics. The critical Chi-square value for this test (with £ = 11) was determined
to be 18.30 at & = 0.05. Next, Table reports the average ranks derived from the Friedman
procedure. For error metrics such as MAE, a lower rank signifies superior performance, while for
predictive metrics such as Correlation, a higher rank is better. Notably, the CRDNN-3D achieved
particularly strong average ranks, especially when tested under the challenging hive-independent
scenario.

Figures[6.4] (a)-(b) present the Critical Difference (CD) diagrams for the MAE metric under both
the random-split and hive-independent evaluation setups, respectively. These diagrams summarize
the post-hoc statistical comparisons : methods linked by a horizontal bar do not differ significantly,
while those separated by more than the critical distance show statistically significant differences.
As can be seen, in the random-split scenario, Mod-Tgram(tensorgram)-CRDNN-3D obtained the
top average rank and outperformed models such as MFCCs-CNN-2D and Spec-CNN-att-2D, evi-
denced by the clear separation in the CD diagram. Conversely, in the hive-independent scenario,
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TABLE 6.5 : Friedman test results across evaluation metrics MAE and correlation(r) under random-split and

hive-independent scenarios.

Random-Split

Metric No pre-processing \ Spectral amplitude subtraction
Friedman x? p-value Friedman x> p-value
MAE 46.32 1.25e-06 47.30 8.31e-07
r 46.98 9.48e-07 47.44 7.82e-07

Hive-Independent

MAE 32.78 2e-04 35.90 8.75e-05
r 37.71 4.24e-05 40.32 1.48e-05

TABLE 6.6 : Comparison of average ranks across evaluation metrics under random-split and hive-independent

scenarios, with and without audio enhancement. Bold values correspond to best methods.

Random-Split

No pre-processing Spectral amplitude

Feature Model subtraction
MAE | rt MAE | rt

CNN-2D 6.6 4.0 6.6 5.5

Spectrogram | CNN-att-2D | 10.7 2.8 10.7 1.3
CRDNN-2D 7.9 3.6 7.9 3.7

CNN-2D 8.4 2.0 8.4 3.9

MFCCs CNN-att-2D 10.0 2.8 10.0 1.7
CRDNN-2D 7.4 5.8 7.4 4.9

Modulation CNN-2D 1.8 7.9 1.8 9.9
spectrogram | CNN-att-2D 4.8 9.4 4.8 8.16
Modulation CNN-3D 4.2 7.9 4.2 7.9
tens:r o | CNN-att-3D | 2.8 9.9 2.8 9.0
9 CRDNN-3D | 1.4 9.9 1.4 10.1

Hive-Independent

CNN-2D 9.3 2.5 9.1 3.4

Spectrogram | CNN-att-2D 7.6 2.6 7.6 3.1
CRDNN-2D | 7.2 6.0 6.3 6.4

CNN-2D 9.2 4.1 8.8 3.0

MFCCs CNN-att-2D | 9.1 3.0 10.1 24
CRDNN-2D 6.6 3.8 7.4 3.2

Modulation CNN-2D 3.2 8.2 3.2 9.1
spectrogram | CNN-att-2D 3.8 8.7 3.3 8.6
Modulation CNN-3D 5.1 8.1 5.0 8.2
tensoraram CNN-att-3D 2.9 9.7 3.2 94
9 CRDNN-3D | 2.0 9.3 2.0 9.2

Mod-Tgram-CRDNN-3D grouped distinctly from MFCCs-att-CNN-2D, highlighting its superior abi-

lity to generalize across hives.
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FIGURE 6.4 : Critical Difference (CD) plot illustrating the results of the Nemenyi post-hoc test following the
Friedman test on the MAE for a) random-split and b) hive-independent scenario. The models and features com-
bination are ranked by their average performance across the five folds. Features grouped by a thick horizontal
bar exhibit no statistically significant difference in performance (« = 0.05). Features with lower ranks (towards
1) demonstrate superior performance.

6.5.3 Explainability analysis

To interpret the spatial and temporal relevance of the input modulation spectrograms, we gene-
rated saliency maps for the trained 2D CNN and attention-based models. Saliency maps highlight
the input regions that most strongly influence the model’s predictions by computing the gradient of
the output with respect to each feature. In our case, these maps reveal which frequency and modu-
lation bands are most discriminative for different levels of bee activity. To reduce noise and capture
consistent activation patterns, we averaged the saliency maps across multiple samples within each
colony strength category (low, medium, and high). The resulting maps indicate that specific mo-
dulation frequency regions contribute more strongly as colony strength increases, suggesting that
the model relies on structured acoustic patterns rather than isolated features. Figures[6.5 and
show the saliency maps for the three strength levels for the 2D CNN and 2D CNN with spatial
attention models, respectively.

The saliency maps for both the standard 2D CNN and the 2D CNN with spatial attention confirm
that the models primarily rely on specific modulation-frequency patterns to predict bee activity le-
vels, suggesting a reliance on structured acoustic patterns. For the standard 2D CNN (Figure [6.5),
increasing colony strength correlates with a progressive expansion and upward shift of the relevant
frequency region, suggesting that higher harmonics or broader spectral features become relevant.
In contrast, the 2D CNN with spatial attention (Figure [6.6) maintains a consistently narrower, more
horizontal high-saliency band, primarily focused around 200 Hz, which expands across the modu-
lation frequency axis as activity increases. This suggests the attention mechanism is effective at
isolating the single most discriminative fundamental frequency band and focusing on its temporal
variation (modulation), whereas the standard CNN integrates a broader range of adjacent frequen-
cies. Notably, both models show a peak relevance in the 10-25Hz modulation frequency range
across the medium and high strength categories, indicating that these specific rates of temporal
fluctuation are crucial discriminative features.

Next, for explainability of the 3D CNN model, we used the gradient-weighted class activation
mapping (Grad-CAM) method [221]. Grad-CAM leverages intermediate feature activations to gene-
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FIGURE 6.5 : Saliency maps of the trained 2D CNN model averaged over samples for each colony strength level :
(a) low (1-10 fobs), (b) medium (11-20 fobs), and (c) high (21-30 fobs).
rate interpretable maps across spatial and temporal dimensions. By averaging these maps across

samples, we identified the regions most relevant to the model’s predictions, revealing how specific
frequency—modulation patterns evolve with colony strength. This approach allowed us to visualize
and compare differences in the 2D and 3D architectures.

Rather than focusing solely on a single aggregated explanation, we examined several repre-
sentative frames including the first, middle, and last frames to capture the model’'s response to tem-
poral variations in the modulation spectrogram. We found that high-activity samples exhibit more
consistent and spatially distributed activation across frames, while low-activity samples display
more localized and intermittent patterns. These observations suggest that the 3D models leverage
both spectral structure and temporal evolution to estimate colony strength levels. Figure [6.7] pro-
vides a detailed visualization of these temporal dynamics. For each strength level (left column=low,
middle=medium, right=high), the figure shows the three Grad-CAM heatmaps extracted from three
different time frames (top row=first, middle=middle, bottom=last frame).
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FIGURE 6.6 : Saliency maps of the trained 2D CNN model with spatial attention averaged over samples for each
colony strength level : (a) low (1-10 fobs), (b) medium (11-20 fobs), and (c) high (21-30 fobs).
As can be seen, for low strength colonies (1-10 fobs), the model’s focus is generally localized

to low frequencies (below 400 Hz) and very low modulation frequencies (below 10 Hz), becoming
notably intermittent and contracting severely at the middle frame (¢..,;q). In contrast, high strength
colony (21-30 fobs) samples show a consistent and broadly distributed activation across all frames,
leveraging low-to-mid frequencies (up to 550 Hz) and spanning the entire range of modulation
frequencies (up to 35Hz), which suggests the model uses a stable, widespread feature set. The
medium strength class (11-20 fobs) exhibits a dynamic pattern, shifting from a broad focus in t;
to a localized one in t,,;4, and then expanding again in t,,.x. These observations confirm that the
3D architecture effectively leverages both spectral structure (Frequency) and its temporal evolution
(Modulation Frequency over time) to differentiate colony strength levels.

6.5.4 Deep learning vs. Conventional classifiers

As a last exploration, we wish to compare the results obtained with the deep learning methods
described herein with those of our earlier work that relied on a conventional random forest (RF)
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FIGURE 6.7 : Grad-CAM visualizations for representative 3D test samples. Each row corresponds to a different
time frame (t1, tmid, tmax), @and columns correspond to colony strength levels (low, medium, high). Heatmaps
show how the model’s focus shifts across the modulation-frequency space over time.

classifier as discussed in chapter |5, Table Table summarizes the results obtained with
the best RF model and ours. As can be seen, the proposed method improves accuracy across
both figures-of-merit in the more stringent hive-independent scenario. Particularly, the proposed
CRDNN-3D model is able to take advantage of the modulation tensorgram 3D input to better cha-
racterize the temporal changes of the bee buzzing sounds, something that the RF classifier with
handcrafted features is not able to achieve.
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TABLE 6.7 : Performance comparison of best-performing random forest (RF) classifier and best-performing
deep learning (DL) method presented herein in the hive-independent scenario.

Metric | RF Best (MSAB) | DL Best (CRDNN-3D)

MAE 3.41 £1.03 3.31 £ 1.36
T 0.74 = 0.15 0.78 £ 0.17

6.6 Conclusion

In this chapter, we proposed the use of modulation spectrograms and tensorgrams, derived
from beehive acoustic recordings, as input to deep learning architectures for improved honey bee
colony strength prediction. With a recent open dataset of raw audio beehive recordings, we com-
pared the performance of two- and three-dimensional CNNs and their attention-enhanced variants,
as well as convolutional recurrent CNNs. Results show that the proposed modulation tensorgrams
and modulation spectrograms provide richer information for model learning, leading to improved
and more generalizable prediction accuracy compared to conventional audio features. These re-
sults suggest that modulation spectral signal processing is a viable tool for automated in-the-wild
beehive monitoring.
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7 CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS

7.1 Conclusion

In this dissertation, we focused on developing generalizable acoustic monitoring systems for
honey bee colonies. The main contributions of this work can be summarized as follows :

Environmental factors : We systematically investigated the impact of prominent environmental
noise sources—urban sounds, background speech, and heavy rainfall-on commonly used acoustic
representations, including spectrograms, MFCCs, and discrete wavelet transform (DWT) features.
Our analysis highlights how different noise conditions affect feature robustness and model perfor-
mance in real-world deployment scenarios.

Dataset : We introduced the UrBAN dataset, a large-scale, open-access beehive acoustics
dataset comprising over 3,000 hours of raw audio recordings collected from ten beehives over a
two-year period. The dataset is annotated with colony population estimates and Varroa mite infes-
tation measurements, enabling comprehensive evaluation of acoustic-based monitoring methods
under realistic conditions.

Feature sets : We proposed novel audio feature representations based on the modulation
spectrogram and conducted an in-depth analysis of their effectiveness for beehive population pre-
diction. In addition, we introduced spectral shape descriptors extracted from both conventional
spectrograms and modulation spectrograms, demonstrating their suitability for Varroa mite infesta-
tion detection.

Modeling approaches : We investigated the use of modulation spectrograms and tensorgram
representations as inputs to both classical machine-learning algorithms and deep neural network
architectures. Our results show that these representations enable accurate and computationally
efficient prediction of honey bee colony strength, supporting robust performance across diverse
hives and recording conditions.

7.2 Limitations

Dataset Precision and Label Reliability : Despite the promising results, several limitations
should be acknowledged. A primary constraint concerns the precision of the UrBan dataset used
for modeling. Phenotypic colony strength assessments may involve measurement variability due
to subjective grading, environmental factors, and operational constraints during inspections. Such
variability introduces potential noise in the ground-truth labels, which may limit predictive perfor-
mance and affect model interpretability.

149



Missing and Incomplete Data : The dataset also contains missing observations across cer-
tain colonies and time periods. These gaps may have influenced training stability and evaluation
outcomes, particularly if the missingness is not random. Although appropriate preprocessing and
cross-validation strategies were applied, incomplete temporal coverage inevitably constrains the
robustness of the learned representations and may contribute to performance variability across
experiments.

External Validity : The findings are further limited by the specific environmental conditions,
geographic locations, hive configurations, and sensor setups under which the data were collected.
Acoustic characteristics of honeybee colonies may vary due to climate, genetics, hive materials,
or microphone placement. Consequently, the generalizability of the proposed framework to other
apicultural contexts requires further validation.

More broadly, this work highlights the central role of phenotypic data quality in precision apicul-
ture. The effectiveness of artificial intelligence models fundamentally depends on the reliability and
biological relevance of the training data. Strong alignment between sensor-derived signals and
accurately measured colony-level ground truth is essential for developing robust and deployable
monitoring systems. Future efforts should therefore prioritize standardized grading protocols and
improved data completeness.

7.3 Future Research Directions

Despite the promising results obtained in this dissertation, several research directions remain
open for further improving acoustic-based beehive monitoring systems.

Edge deployment and real-time monitoring : Future work should explore the deployment
of the proposed models on edge devices located directly within or near the beehive. Edge com-
puting enables on-device processing of acoustic signals, reducing the need for continuous data
transmission to centralized servers. This is particularly important in remote apiary environments
where connectivity may be limited or unreliable. By performing inference locally, the system can
provide real-time monitoring of colony activity and health-related events while minimizing latency
and bandwidth usage. Furthermore, edge deployment introduces constraints in terms of computa-
tional resources and energy consumption, motivating the development of lightweight and efficient
models. Integrating acoustic analysis with low-power embedded systems represents a key step
toward scalable and autonomous beehive monitoring solutions.

Self-supervised and foundation models : Future work should investigate the use of self-
supervised learning and foundation audio models to leverage large volumes of unlabeled beehive
recordings. Contrastive and masked-prediction approaches could enable the learning of robust
and transferable acoustic representations that generalize across hives, seasons, and recording
conditions, reducing the dependence on costly manual annotations.
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Feature representation and temporal dynamics : While delta and double-delta MFCCs were
explored in preliminary experiments, they did not provide significant performance improvements.
This may be attributed to the conventional computation of these features, which relies on short
temporal windows (typically spanning +2 or +3 frames). As demonstrated in later chapters, longer
temporal contexts are often required to capture meaningful spectro-temporal patterns in beehive
acoustics. Therefore, future work should investigate the use of extended temporal windows in the
computation of delta and double-delta features, or alternative formulations that better capture long-
term dynamics.

Multi-location audio recording : While the current dataset relies on a single microphone
per hive, future deployments may benefit from placing microphones in multiple boxes (e.g., brood
chamber and honey supers). This would enable more precise localization of acoustic activity and
allow models to capture spatial variations related to colony strength, brood distribution, and fora-
ging behavior.

Microphone arrays : Extending the sensing setup to include microphone arrays within the hive
could provide spatial information about sound sources. Such configurations would allow the analy-
sis of directional acoustic patterns and improve robustness to environmental noise, particularly in
urban or high-wind environments.

Beamforming and spatial signal processing : With the availability of multi-microphone re-
cordings, advanced beamforming and spatial filtering techniques could be employed to enhance
bee-generated sounds while suppressing external noise sources. Integrating beamforming with
machine learning models may further improve detection accuracy for colony population dynamics
and health-related events.

Overall, these directions aim to improve the robustness, scalability, and biological interpretability
of acoustic monitoring systems, bringing them closer to reliable real-world deployment in precision
apiculture.
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