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RESUMEN

El monitoreo del comportamiento alimentario es una tarea esencial para una
geston e ciente del rodeo y la utilizacon efectiva de los recursos disponibleSer
capaz de reconocer automaticamente los movimientos masticatorios mandibulares
que ocurren durante las principales actividades de alimentacon, e identi car estas
ultimas, permite la deteccon temprana de enfermedades, la optimizacon de las
dietas y la mejora en la estimacon de las fechas de celo y parto, entre otr@nbk cios.

La utilizacon de sensores que permiten obtener senales para realizar estrisniento

se ha popularizado en lasultimas decadas, debido a que presenta una alternativa a
la pactica chsica de observacon directa que resulta inviable en la generalidade
los casos.

Esta tesis aborda el monitoreo automatico del comportamiento alimentario en
rumiantes mediante la fuson de informacbn con sensores aaisticos e inercialési-
zando arquitecturas de redes neuronales profundas. Para llevar adelante estsitia
necesario en primer lugar explorar y proponer arquitecturas profundas que permitan
detectar eventos masticatorios a partir de senales aaisticas debido a que xistan
propuestas en el estado del arte para dicha problematica. Luego se ha evaluado el
uso de tcnicas de fuson de informacon mediante la formulacon y evaluacon de
arquitecturas de redes neuronales profundas a distintos niveles de fusbn. Los me-
jores resultados de reconocimiento de eventos masticatorios fueron obtesigor
una arquitectura de fusbn a nivel de caractersticas que utiliza distintas redesoo-
volucionales para procesar las senales de entrada. Esta arquitectura ha aladoz
resultados superiores respecto a otras propuestas existentes en laditea, con r-
mando de esta forma que la fuson de informacon resulta bene ciosa en el context
del problema abordado en esta tesis. Finalmente, se ha evaluado la aplicacon de &
nicas de transferencia de aprendizaje pudiendo concluir que su aplicacon permite
obtener un mejor desempeno.



ABSTRACT

Monitoring feeding behavior is crucial for e cient herd management and optimal
resource utilization. Recognizing jaw movements occurring during feeding activities
automatically allows for early disease detection, optimization of diets, and estinai
of calving dates, among other bene ts. The use of sensors for signal generatas
gained popularity in recent decades as it provides an alternative to the traditioha
method of direct observation, which is impractical in most of the cases.

This thesis addresses the monitoring of feeding behavior in ruminants by fusing
information from acoustic and inertial sensors using deep neural network arclute
tures. To carry out this, it has rst been necessary to explore and propose &fe
learning architectures that allow detecting jaw movement events from acoustsig-
nals because there were no proposals in the state-of-the-art for this problefie use
of information fusion technigques has then been evaluated through the formulation
and evaluation of deep neural network architectures at di erent fusion levelsThe
best recognition results for jaw movement events were obtained by a tie-level
fusion architecture that uses di erent independent convolutional networks to jprcess
the input signals. This architecture outperformed existing proposals in the litera-
ture, con rming the bene ts of information fusion in this context. Furthermore,
the application of transfer learning techniques was also evaluated demonstrating
improved performance with their implementation.



1 Introduccon

1.1. Descripcon del problema

En la actualidad, la mayor parte de las decisiones de manejo que se toman en
un sistema de produccon ganadero esan basadas en informacon general daleo.
Esto se debe a que la informacbn con la que se cuenta de cada animal es escasa e
insu ciente, generandose de esta forma ciertas de ciencias. Por ejemplo, pat@ener
tiempos individualizados de rumia y pastoreo existen dispositivos que pueden ser
utilizados [2] pero en su mayora la informacon proporcionada es poco precisarga
el relevamiento, el diagrostico y la generacon de propuestas superadoras.

De manera tradicional, el monitoreo del comportamiento alimentario se ha lleva-
do a cabo mediante la observacon directa por parte del personal que se dedida a
geston de los rodeos [3]. No obstante, esta tarea es demandante en tiempaoigles
volverse inviable en la pactica. La tendencia a intensi car la produccon agrope
cuaria para satisfacer el aumento en la demanda de alimentos [4] y la competencia
por el uso del suelo con otras actividades agrcolas sugieren que habia un auatoe
importante en la escala de los sistemas de produccon animal en los poximos anos.
En este contexto, la posibilidad de contar con datos y generar informacontd#ada
a partir de los mismos se vuelven cada vez nas relevantes [3].

Por otro lado, disponer de informacon precisa y a lo largo de la vida de cada
animal en un sistema de produccon ganadero abre las puertas a un manejo indi-
vidualizado, impactando positivamente en cuestiones relacionadas como la salud,
produccon, reproduccon, cuidado y bienestar. En ese sentido desde hace algunas
tecadas se ha introducido el concepto de ganadera de precison (o PLF por suglas
en ingks), que se de ne como la geston de la produccon ganadera utilizando la tec-
nologa y los principios de la ingeniera de procesos [5]. La PLF abarca la utilizacon
de sensores, protocolos de comunicacon, algoritmos de inteligencia computacional
y el procesamiento de senales en distintos niveles con el objetivo de contriluim
manejo mas espec co y nas e ciente.

En el contexto de ganadera de precison, el monitoreo del comportamiento ali-
mentario brinda informacon crucial para la geston del rodeo y los recursos dispp
bles, as como para asegurar la salud y el bienestar animal. Existen dos actividade
diarias fundamentales que se relacionan con esto: la rumia y el pastoreo. Cada{per
do de estas actividades, que puede durar desde minutos hasta horas, se compone de
secuencias de eventos masticatorios. Estos eventos se clasi can esnguie, mastica-



con y movimiento compuesto (una combinacon de los anteriores) [6, 7]. Monitorea
la presencia de estos eventos permite obtener informacon muy valiosa sobrealad,
nutricon, reproduccon y bienestar animal [8]. Algunos ejemplos que dan cuenta de
esto son:

» La determinacon de los eventos masticatorios y la energa de los sonidos pro-
ducidos permiten estimar el consumo de materia seca [9].

= La reduccon en el tiempo de rumia puede estar relacionada con la presencia
de una enfermedad o afeccon [10, 11].

= Cambios en los tiempos de pastoreo y rumia permiten predecir si el animal
atraviesa estados de estes [12] o ansiedad [13].

= El monitoreo del tiempo de rumia permite detectar celo [14] y aproximar la
fecha de parto [15, 16].

En base a lo mencionado, surge el intees por el desarrollo de netodos auto-
maticos para registrar informacon individualizada. Para llevar a cabo esta taga se
han utilizado diversos tipos de sensores, siendo los nmas interesantes aquellos que
resultan no invasivos para el animal, dado que permiten obtener informaconutil sin
ocasionar dafos y sin intervenir con el comportamiento natural. Algunos ejemplos
de senales que se obtienen por medios no invasivos son las imagenes y videos, la
localizacon geoespacial, senales inerciales, de audio y de preson [17-25].

Los rumiantes son mamferos herbvoros que ingieren los alimentos en dospaa.
Primero el alimento es introducido a la boca, masticado, insalivado y tragado. En
segundo lugar, durante la rumia, el alimento se regurgita desde el rumen, para luego
ser re-masticado (momento en el cual se agrega nas saliva) y tragado rareente.
Esto da lugar a las dos principales actividades que realizan las vacas en relacon al
comportamiento alimentario: el pastoreo y la rumia.

En general, las vacas lecheras pasan diariamente de 3 a 5 horas pastoreando
(divididas entre 9 a 14 turnos), de 7 a 10 horas rumiando, 30 minutos bebiendo,
entre 2 y 3 horas en ordeno, y requieren aproximadamente 10 horas de repdso
tiempo de descanso [26].

La escala de resolucon nmas pequena del proceso de pastoreo es el boapdo,
esh claramente de nido por una secuencia de aprehensbn del pasto, mediante mo-
vimientos de la lengua y la mandbula, y el arranque con un movimiento de la cabeza
[27]. La frecuencia de bocados puede variar entre 0,75 y 1,2 Hz y depende de las
caractersticas de la boca del animal as como de la pastura [28]. En un aralisisas
detallado, el proceso que compone un bocado puede dividirse en distintas fases [27]:






Figura 1.2: Movimientos de apertura y cierre de la mandbula durante la rumia,
diferenciando cuando se inicia hacia la derecha (A) de cuando se inicia hacia la
izquierda (B). Adaptado de [32].



del evento en s a partir de la fase que lo compone es semejante a lo que octdure
rante el pastoreo, existen dos diferencias sustanciales respecto a la itasbn que
se produce durante la rumia:

= La frecuencia en los eventos presenta mayor regularidad, con un valor cecca
alHz.

= El animal se encuentra generalmente en condicon de reposo (parado o echado)
y no realiza movimientos de su cabeza o cuerpo relacionados con el proceso
de alimentacon. La Figura 1.2 presenta una ilustracon detallada de los movi-
mientos de masticacon durante esta actividad.

Considerando las actividades principales de alimentacon (pastoreo y rumia), se
estima que un bovino produce alrededor de 40.000 eventos diarios, con un 25%
durante el pastoreo y un 75 % durante la rumia [33].

1.2. Antecedentes

Alo largo del tiempo se han empleado diversos sensores con el objetivo de obtener
sefales que permitan reconocer actividades y eventos de intees en aeteodo de
la ganadera de precison. En el Anexo A se presenta una revison que explica el
mecanismo de ingesta de forraje en rumiantes, se analizan los principales sensores
propuestos en la literatura, detallando sus ventanas y desventajas.

Las imagenes y videos capturados desde una posicon favorable brindan infor-
macon muy util para el seguimiento del comportamiento de los animales [34, 35].
No obstante, principalmente en condiciones de pastoreo, pero tamben en sistsma
estabulados, el seguimiento y la trazabilidad se complican debido a los movimientos
y desplazamientos de los animales. Adenas, la deteccon y seguimiento individual
en estas senales representa un desafo a resolver [36].

Los dispositivos que brindan informacon geoespacial sonutiles para determinar
la posicon del animal y analizar su comportamientos de desplazamiento. Sin embar-
go, por s solos no son su cientes para monitorear con precison el compamiento
alimentario, ya que no permiten diferenciar con exactitud las actividades o evest
espec cos [37].

Las senales inerciales, obtenidas mediante aceleometros, magnebmetrés y
ginscopos han sido ampliamente utilizadas [38, 39], debido a las bajas frecuencias
de muestreo utilizadas (entre 1 y 100 Hz) lo que facilita su procesamiento poiste
y Su costo. Estas sefales permiten detectar y clasi car eventos maaicios aunque
tienen limitaciones como la di cultad para distinguir entre movimientos similares
y/o las interferencias de los movimientos de las orejas o de la cabeza no relaclosa
con la alimentacon.



Las senales aasticas producidas por los dientes y propagadas a trawes de los
huesos y cavidades de la cabeza del animal son una alternativa menos explorada
gue las senales inerciales. Uno de los principales inconvenientes es la contaminacon
por ruidos ambientales y el alto costo computacional debido a las frecuencias de
muestreo (por ejemplo, 22 kHz). A pesar de estos desafos, los sonidos praths
por los movimientos masticatorios proporcionan informacon valiosa en estagile-
matica ([6, 40, 41] permitiendo discriminar con mayor abilidad los tipos de eventos
masticatorios.

Porultimo, los sensores de preson ubicados en collares son otra de las propugsta
abordadas en la literatura [42, 43]. Sin embargo, tienen una capacidad limitada para
diferenciar entre los tipos de eventos y presentan numerosas di cultades piaas
en su colocacon y calibracon [44].

En resumen, cada tipo de senal tiene ventajas y desventajas. Para mejana
sistema autonmatico de monitoreo del comportamiento alimentario, se plantea como
hiptesis combinar senales complementarias de diversos sensores.

De esta manera y a modo de por ejemplo, al presentarse un ruido que ensucie
los datos capturados por un miciofono, la sefal inercial podra ayudar a clasi c&l
evento correctamente a pesar de la interferencia aastica.

Actualmente se ha iniciado el estudio de diversas senales como fuentes indepen-
dientes para el monitoreo de animales, pero es necesario explorar ecnicas derfus
de estas fuentes para lograr un desempeno nmas robusto y escalable en edosnar
cambiantes. En el contexto del reconocimiento (deteccbn y clasi cacp de eventos
masticatorios, los trabajos en el estado del arte son escasos.

Arablouei et al. [45] estudiaron la combinacon de datos inerciales (acelelome-
tro) con datos de posicionamiento satelital para clasi car actividades alimentas
en vacas. Extrajeron dos conjuntos de caractersticas, uno por catipo de senal y
exploraron la fuson de informacon tanto a nivel de caractersticas como aivel de
decisiones. En ambos casos los modelos utilizados fueron creados con ectriads
cionales, espec camente mediante redes neuronales de tipo percepton mulpea
Concluyeron que la combinacon de las senales mejora los resultados comparado
con su uso independiente. Cabe mencionar que el algoritmo lo detecta y clasi ca
actividades, pero no eventos individuales.

Enareas nas exploradas, como el reconocimiento del habla, de estados emativo
y actividades humanas [46-48], la fuson de informacon demosto ser bene ciosa

En cuanto a la creacon de sistemas autonmaticos capaces de reconocer giatar
eventos masticatorios y actividades, las ecnicas de aprendizaje autonaticon las
mas estudiadas [2]. Las propuestas mas utilizadas siguen un esquema chsico de reco-
nocedor por etapas: pre-procesamiento, extraccon de caracterdigy clasi cacon.

Sin embargo, se observan ciertas limitaciones en el aralisis de las senales 232}



y la clasi cacon de actividades [18, 23, 51]. Una de las principales desventajas que
presentan estos enfoques es la necesidad de especi car manualmente lasblesia
gue servian como entrada a los modelos. Esto introduce un desafo debido a que e
esta problemnatica en particular no existe un consenso respecto a que carestieas
utilizar [2].

Como respuesta a dicha limitacon, en el campo del aprendizaje profundo se ha
extendido el uso de redes convolucionales (CNN). Estas arquitecturas tienen co-
mo bene cio la capacidad de realizar un aprendizaje autormatico de caractersticas
mediante la adaptacon de los Itros o pesos que contiene lared. Lietal. [53] &va-
ron la utilizacon de CNN sobre representaciones tiempo-frecuencia para clasirca
eventos masticatorios en vacas lecheras a partir de senales awsticdgeniendo
resultados similares o superiores a los logrados con los esquemas tradicionalgs [53

Otro enfoque utilizado en este contexto son las redes recurrentes, que ponede
aprender las relaciones temporales existentes en los datos. La combinacometkes
CNN vy recurrentes ha sido aplicada satisfactoriamente en diversos problemas de
clasi cacon con senales aaisticas [54-56] e inerciales [57].

De acuerdo a lo expresado previamente, se evidencia una oportunidad de me-
jora no explorada aun en lo que respecta al reconocimiento de eventos nEsbD-
rios y actividades alimentarias mediante el uso de senales multimodales (es decir,
provenientes de mas de un sensor) explotando las ventajas de cada una de ellas.
Mas aun, otro aspecto que no ha sido estudiado hasta el momento es la genayaci
de arquitecturas profundas que sean capaces de fusionar dichas senales y aprender
caractersticas de manera aubnoma, para luego realizar un reconocimiento tes
eventos presentes en las mismas.

1.3. Objetivos

Objetivo general

El objetivo general de esta propuesta es desarrollar algoritmos para elamea-
cimiento de eventos masticatorios en vacas lecheras, combinando informaaim
sensores inerciales y micofonos mediante arquitecturas de redes neuronalesuprof
das.

Objetivos particulares

De acuerdo con la propuesta de trabajo y el objetivo general, se plantean los
siguientes objetivos espec cos:



= Construir una base de datos experimental de senales inerciales y aaisticas con
las respectivas etiquetas de referencia.

= Proponer, implementar y evaluar una arquitectura de red neuronal profunda
capaz de detectar y clasi car eventos masticatorios en sefales aassic

= Proponer, implementar y evaluar distintas arquitecturas de redes neuronales
profundas que fusionen informacon multimodal (inercial y aaistica) para de-
tectar y clasi car eventos masticatorios.

= Comparar las arquitecturas propuestas respecto a enfoques unimodales del
estado del arte, incluyendo netodos tradicionales y redes neuronales profundas.

1.4. Organizacon del documento

Esta tesis se encuentra organizada bajo el formato de Tesis por compilacon de
la siguiente forma:

= En este Captulo se ha descrito la problematica y la importancia de disponer
de informacon precisa del comportamiento alimentario del ganado vacuno. Se
desarrollaron conceptos clave para comprender el proceso de alimentacon de
los rumiantes, detallando las actividades de rumia y pastoreo y sus eventos
masticatorios. Adenmas, se presenb un resumen del estado del arte desde el
punto de vista de los sensores y las ecnicas mayormente utilizadas en esta
problematica, con una revison en mayor profundidad disponible en el Anexo A.
Finalmente, se de nieron los objetivos que clari can el aporte de esta tesis.

= En el Captulo 2 se detalla el abordaje de la problematica mediante la utiliza-
cbn de senales unimodales, puntualizando en las dos nas utilizadas: aaisticas
e inerciales. Se describen las particularidades de este tipo de senales, reali-
zando una profundizacon de los netodos utilizados en este caso. Se presenta
un nmetodo novedoso de reconocimiento (deteccon y clasi cacon) de evergo
masticatorios en senales aaisticas mediante la utilizacon de redes neuronales
profundas. Se analiza el uso de estrategias de aumentacon de datos para mejo-
rar los resultados. Porultimo, se describen los datos, experimentos y resulos
obtenidos mediante dicho netodo.

= El Captulo 3 presenta un abordaje del problema de reconocimiento de eventos
masticatorios mediante la utilizacon de senales multimodales y redes neurona-
les profundas. Se describen distintas arquitecturas multimodales planteadas en
este trabajo, las cuales proponen una fusbn de informacon a distintos niveles:
fuson de senales, fusbn de caractersticas y fuson de etiquetas. Finalmee,
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se presentan experimentos y resultados obtenidos mediante dichos netodos,
as como una comparativa con otros netodos del estado del arte.

El Captulo 4 aborda la utilizacon de tcnicas de transferencia de aprendizaje
como estrategia frente a la escasez de datos etiquetados, algo carsiite

en esta problematica, lo cual representa una desafo para el entrenamiento de
modelos profundos. Se detallan los experimentos realizados, los datos y los
modelos base junto con los resultados obtenidos.

Por ultimo, en el Captulo 5 se presentan las conclusiones espec cas de los
distintos puntos abordados en mayor detalle durante este trabajo, as como
las conclusiones generales. Como parte de esto, se explicitan las Ineas futuras
de investigacon que se desprenden de esta tesis.



2 Reconocimiento de eventos masticatorios
con netodos unimodales

En este captulo se aborda el reconocimiento de eventos masticatorios \&n
cas lecheras utilizando senales de ununico sensor. Se profundiza en dos sensores
conmunmente utilizados en la literatura, los aaisticos y los inerciales.

2.1. Senales aaisticas

2.1.1. Introduccon

La awstica es la ciencia del sonido, abarcando su produccon, transmison y efec-
tos provocados por el mismo [58]. El rmino sonido implica los feromenos en el aire
responsables de la sensacon de or y a su vez todo lo demas que se rige por prinsipio
fsicos aralogos. Es por esto que las perturbaciones con frecuencias deatisbajas
(infrasonidos) o demasiado altas (ultrasonidos) tamben se consideran sonido.

La obtencon de registros de sonido por intermedio de sensores se denomina
telemetra aaistica. En aquellos casos donde dichos registros estn relanados par-
ticularmente con variables de intees sobre determinados animales se denomina bio-
telemetra aastica [59]. El uso del sonido en estudios de rumiantes en pastoreo
comena hace decadas [60] y contirua siendo unarea de trabajo activa [6&2].

La forma mas extendida en la literatura para capturar sonidos relacionados con
el comportamiento alimentario en vacas lecheras ha sido la de colocar un momd
sobre la frente del animal apuntando hacia el interior de la cabeza [2]. De esta
manera, los sonidos emitidos por los movimientos generados por la mandbula del
animal son transmitidos a trawes de los huesos y el tejido blando de la cabeza y
capturados por el sensor (Figura 2.1).

Los eventos masticatorios descritos en la Seccon 1.1 generan distintosaidos,
gue un experto puede analizar para identi car el tipo de evento del que se trataat
sefales aasticas correspondientes a cada uno de los eventos producidos duent
pastoreo presentan una forma muy distintiva (Figura 2.2).

Milone et al. [7]desarrollaron un metodo computacionalmente exigente para de-
tectar y clasi car eventos masticatorios utilizando modelos ocultos de Markda-
sados en caractersticas del dominio espectral. Navon et al. [63]propusietonen-
foque de aprendizaje automatico para separar eventos verdaderos (sin ictason
espec ca) del ruido de fondo y el silencio, utilizando 4 variables descriptoras en el
dominio temporal. Chelotti et al. [64] propusieron un nmetodo denominad@€hew-
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Figura 2.1: Sistema de grabacon compuesto por un micofono ubicado en la frente
del animal y un grabador externo jado al bozal colocado en la parte superior del
cuello, detas de la cabeza.

Figura 2.2: Representacon de la senal awstica de los distintos tipos de etas
masticatorios presentes durante la actividad de pastoreo. Extrado de [33].
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Bite Real-Time Algorithm, un sistema secuencial para detectar y clasi car eventos
masticatorios hew bite y chew-bitg utilizando reglas heursticas y caractersticas
temporales. Posteriormente, los mismos autores desarrollaron un sistemadukn en
aprendizaje automatico llamadoChew-Bite Intelligent Algorithm (CBIA) [33]. Este
algoritmo acondiciona la senal (con Itros espec cos y submuestreo), detectos
eventos mediante umbrales adaptativos, extrae cuatro variables descriptorde ca-
da evento y clasi ca utilizando tcnicas de aprendizaje automatico chsicas (fas
como arboles de clasi cacon, maquinas de soporte vectorial o redes neuronslde
tipo percepton multicapa). Recientemente, Rau et al. [65]propusieron un agtmo
para el reconocimiento robusto de eventos masticatorios llama@bew-Bite Energy
Based Algorithm capaz de discriminar cuatro tipos de eventos masticatorioshew
en rumia, chew en pastoreo bite y chew-bite

Los sistemas automaticos de deteccon y clasi cacon basados en el aralisiel
sonido suelen realizar una etapa de preprocesamiento (por ejemplo, para mejorar
la relacon senal-ruido) y luego extraen caractersticas. La falta de unakicon de
extremo a extremo genera problemas potenciales, como la dependencia de siste-
mas y con guraciones espec cas de grabacon de sonido, y di cultad para explotar
informacon potencialmente valiosa no codi cada en las caractersticas crdas ma-
nualmente. A diferencia de las ecnicas tradicionales de aprendizaje autonatico, los
modelos de aprendizaje profundo pueden descubrir patrones y caractersticas auto-
maticamente a expensas de un mayor costo computacional.

Li et al. [53] compararon distintas arquitecturas de redes neuronales profundas
para clasi car eventos masticatorios. Su enfoque incluye una fase de preprocesa-
miento que extrae representaciones del dominio frecuencial a partir de las sexale
crudas. El ujo de trabajo completo para generar las entradas de los modelos consta
de los siguientes pasos: eliminacon de ruido de fondo mediante un Itro pasa banda,
eliminacon de datos no informativos basada en umbrales creados manualmente y
@lculo de coe cientes cepstrales en frecuencia de Mel.

Wang et al. [66] investigaron distintas arquitecturas de redes neuronales profun-
das para clasi car eventos masticatorios en ovejas. Este enfoque incluye lgedeon
de eventos mediante un netodo heurstico y su posterior clasi cacon utilizandano-
delos profundos. Evaluaron el uso de redes totalmente conectadas, convolucienale
y recurrentes. Al igual que [53], la entrada a las redes convolucionales yureentes
se obtiene calculando coe cientes cepstrales en frecuencia de Mel. En el caso de la
red totalmente conectada los datos constituyen la senal cruda del eventoedthdo.

De acuerdo a lo mencionado previamente, la utilizacon de redes profundas para
el reconocimiento (deteccon y clasi cacon) de eventos masticatorios a pa de
sefales aasticas es una Inea de trabajo prometedora. El resto del cajd se dedica
a presentar y detallar el primer trabajo desarrollado en esa direccon, describik la
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estructura del sistema propuesto, junto con los experimentos y resultados etitlos.

2.1.2. Redes convolucionales y recurrentes

Las Redes Neuronales Convolucionales (CNN, por sus siglas en inges) [67] son
una de las arquitecturas mas ampliamente utilizadas para problemas de clasi cacon
donde los datos de entrada provienen de fuentes no estructuradas, como inagenes
[68] o audio [69], por ejemplo. Estas redes suelen estar compuestas por vaapsas
de convolucon, y cada capa contiene uno o mas ltros. En la etapa de aprendizaje,
los pesos de los Itros (un conjunto de rumeros decimales arbitrarios utilizados en las
operaciones matenaticas de convolucon tradicionales) se adaptan para apiroar
las salidas utilizando estrategias de optimizacon como el descenso por el gratien
esto@stico y la retropropagacon [70]. Mediante este proceso, laspes son capaces
de aprender diferentes patrones de alto y bajo nivel sin necesidad de introducir
conocimiento espec co del dominio del problema al modelo.

En las CNN, las capas de convolucon se utilizan en combinacon con capas de
agrupacon (pooling), normalizacon por lotes y capas densas. Las capas gdeoling
aplican operaciones matemnaticas simples (como por ejemplo la obtencon del valor
maximo, algo que se denomina conmunmente commax pooling a un conjunto de
valores para reducir la dimensionalidad, y conunmente se utilizan justo desptles de
las capas de convolucon. Por otro lado, las capas de normalizacon por lotesaan
las entradas a un rango de valores conveniente para acelerar el procesontie-e
namiento. Finalmente, las capas densas se re eren a conjuntos de neuronas ocultas
completamente conectadas (FNN) con las salidas de las capas anteriores, praper
nando a la red la capacidad de adaptar ®@mo afectan la salida las representaciones
intermedias aprendidas por las convoluciones. Como mecanismo para introducir el
resultado de las capas de convolucon en las capas totalmente conectadas se sue
le utilizar la operacon de aplanado (atten en ingks), que consta en transformar
la salida de las capas de convolucon en un vector unidimensional. Una operacbn
frecuentemente utilizada en combinacon con las capas mencionadas anterianme
te (excepto en la normalizacon por lotes) se denomindrop-out Esta operacon
de regularizacon anula aleatoriamente conexiones de las capas durante la fase de
entrenamiento, con el objetivo de evitar el sobreentrenamiento del mod¢rd].

Las Redes Neuronales Recurrentes (RNN) [70] se utilizan ampliamente en una
variedad de problemas que involucran secuencias temporales [72, 73]. Como aspec-
to caracterstico, en las RNN las salidas de una capa son introducidas nuevamente
como entrada a la misma capa, lo que le otorga cierta capacidad de memoria a la
red y resulta provechoso en problemas donde la componente temporal es relevant
Se han desarrollado arquitecturas mas so sticadas en losultimos afnos para suger
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algunas limitaciones de las RNN chsicas. LaSated Recurrent Unit (GRU) estan
compuestas por varias neuronas (normalmente llamadas celdas), y cada celda utiliza
dos compuertas diferentes: reseteo y actualizacon [74]. Estas compusytajustadas
durante el proceso de entrenamiento, permiten que cada neurona controle elieq
librio entre cuanta informacon se utiliza de los estados anteriores y actualetas
redes GRU estn compuestas por varias celdas GRU colocadas de forma sesak
Una variante de una RNN propuesta por [75] se llama RNN Bidireccional. Esta red
introduce dos RNN icenticas en £rminos de arquitectura, una entrenada con se
cuencias temporales hacia adelante y la otra con las mismas secuencias hacia,ata
ambas conectadas a la siguiente capa de la red. Espec camente, la GRU bidireccio-
nal (BGRU) ha logrado resultados muy prometedores en la deteccon [76, 77] ylan
clasi cacon [78] de eventos presentes en senales de audio para problemakogoes.

2.1.3. Deep Sound : Un enfoque de extremo a extremo para de-
tectar y clasi car eventos masticatorios a partir de senales
aaisticas en ganado vacuno.

Este trabajo desarrollado como parte de esta tesis propone un nmetodo innova-
dor que permite realizar una deteccon de eventos masticatorios a partir densdes
aaisticas utilizando una combinacon de redes neuronales profundas.

Como inspiracon para la solucon planteada se han utilizado estudios previos
en los que distintas arquitecturas de redes neuronales profundas fueron propuestas
para problemas similares [54-56]. A partir de esto, se han implementado diversas
arquitecturas buscando obtener los mejores resultados en erminos de reconocitoien
de eventos masticatorios. En todos los casos, el sistema plantea un praxésnto de
extremo a extremo, lo que signi ca que las senales ingresan a la red sin ningun tipo
de tratamiento previo y se obtiene como resultado la prediccon correspondiente.

Las alternativas posibles fueron evaluadas desde una perspectiva teoricaey s
implementaron las mas prometedoras. De esta manera, la arquitectura propuesta
constituye un red unidimensional (1D) hbrida compuesta por capas convolucionales,
recurrentes y totalmente conectadas, denominadaeep Sound[79]. Al momento
de publicacon del trabajo y de acuerdo a lo que se pudo analizar de la literatura
existente, esto representa la primera aproximacon profunda de extremo a®mo al
problema del reconocimiento de eventos masticatorios a partir de senales agast.

En una descripcon general, la red recibe la ventana de tiempo jo extrada de los
archivos de audio originales sin ningun preprocesamiento previo ni fase de extranco
de caractersticas, y la clasi ca en una de las cuatro clases posiblesew bite, chew-
bite o no-event Por lo tanto, el netodo propuesto aborda los problemas de deteccon
y clasi cacon de eventos masticatorios al mismo tiempo.
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La estructura del modelo propuesto es la siguiente: una capa de entrada y va-
rias capas ocultas distribuidas en tres bloques principales correspondientes a CNN,
BGRU y FNN. Una visbn general se presenta en la Figura 2.3. La primera parte
representa el bloque CNN del modelo, que es una combinacon de capas convolucio-
nales 1D, operaciones dérop-out y capas demax pooling De esta manera, la red
es capaz de extraer caractersticas de bajo y alto nivel de los fragmenties audio
y realizar una reduccon dimensional al mismo tiempo. Al comienzo de este bloque,
una capa de reescalado adapta el rango de los valores de entrada. Tamben se atiliz
una operacon de atten para crear un vector unidimensional a partir de laultima
capa convolucional. El segundo bloque introduce una red recurrente, compuesta por
una capa BGRU. La idea de este bloque es capturar las dependencias temporales
en los datos. Elultimo bloque de la red implementa una FNN tpica con tres capas
densas y dos operaciones dkop-out Los bloques uno y tres se aplican de forma
tal que todas las capas incluidas en los mismos se mantienen invariantes a medida
gue se procesan todas las ventanas que pertenecen a una misma secuencia de entra
da. Todas las capas convolucionales utilizan la funcon de activacon unidad lineal
recti cada (ReLU por sus siglas en inges), mientras que las celdas de la BGRU uti-
lizan las funciones tangente hipertolica y sigmoide. Las dos primeras capas densas
utilizan como funcon de activacon RelLU, y laultima capa densa utiliza la funcon
softmax de forma que la suma de todas las neuronas sea un valor igual a uno.

2.1.4. Conjunto de datos

Los datos utilizados en este trabajo provienen de uno de los primeros conjuntos
de datos abiertos en este campo de estudio [80]. Los experimentos se reahzen
el Campo Experimental J.F. Villarino, de la Facultad de Ciencias Agrarias de la
Universidad Nacional de Rosario, ubicado en la localidad de Zavalla, provincia de
Santa Fe, Argentina. Las grabaciones corresponden a sonidos producidos poayac
lecheras en sesiones individuales de pastoreo realizadas durante un perodo des$ da
Los micofonos (Nady 151 VR, Nady Systems, Oakland, CA, EE. UU.) se colocaron
contra la frente de las vacas y se cubrieron con goma espuma para protegeNas
detalles sobre el diseno experimental esan disponibles en el artculo origirja0].

El conjunto de datos cuenta con 52 sefales de audio en formato WAV, mono, de
16 bits, y con una frecuencia de muestreo de 22.05 kHz. Cada senal contiene secue
cias de eventos masticatorios clasi cados enhew bite y chew-bite separados por
silencios. La duracon de las senales vara entre 19 y 152 segundos, con unachma
promedio de 62.76t 28.61 segundos. Dos expertos en comportamiento alimenta-
rio de rumiantes en condiciones de pastoreo identi caron independientemente cada
evento (incluyendo la etiqueta del mismo, el tiempo de inicio y n) mediante el ara-
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2.1.5. Aumentacon de datos

Una caracterstica propia del enfoque propuesto es el elevado rumero de paa-
metros que deben ser aprendidos o ajustados durante el proceso de entrenamient
En consecuencia, el uso de un conjunto de datos reducido puede conducir a un so-
breentrenamiento. En el contexto de la ganadera de precison, y el reconoiento
de eventos masticatorios en particular, obtener senales etiquetadas requige un
esfuerzo considerable. Para superar este problema, una de las ecnicas propsesta
en distintosambitos ha sido crear arti cialmente muestras sintticas a patit de las
senales originales [81, 82], algo que se denomina como aumentacon de datos. Si bien
estas ecnicas son aplicadas frecuentemente en problemas relacionados cagémes
[83], su aplicacon en senales aaisticas resulta igualmente factible yutil.

En este trabajo en particular, se ha propuesto la utilizacon de diversas tcnisa
de aumentacon de datos para generar muestras sineticas a partir de lasnsées
originales. El detalle de las ecnicas analizadas, as como los protocolos utilitzes
para aplicar las mismas puede ser consultado en la publicacon de referencia [79].
Durante la experimentacbn, se crearon tres sefales sinkticas a pade cada venta-
na extrada. El objetivo de esto fue explorar el efecto de este mecanismo afactar
signi cativamente el costo computacional en el proceso de entrenamiento.

2.1.6. Metricas para el reconocimiento de eventos en senalesus:
ticas

El problema de deteccon y clasi cacon de manera simulanea de eventos mas-
ticatorios a partir de senales de audio es sustancialmente diferente al enfoque de
dividir el problema deteccon y, posteriormente, clasi cacon basada en eveos$ pre-
viamente detectados [23, 65]. En el primer caso, la temporalidad juega un ralym
importante, ya que la necesidad de detectar adecuadamente el inicio y n de los
eventos afecta los resultados de la clasi cacon. A partir de esto, la genebacde
un modelo que se ocupa de detectar y clasi car eventos a la vez requiere el uso
de un mecanismo de validacon capaz de considerar aspectos relacionados con la
temporalidad, as como la precison de las etiquetas predichas.

Para evaluar el rendimiento de un sistema de reconocimiento de eventos masti-
catorios se ha propuesto utilizar un conjunto de herramientas estandarizadas deno-
minado sedeval [84, 85]. El pammetro collar de tolerancia temporal ha sido de 300
ms. Con el uso de esta herramienta, un evento masticatorio se detecta ectamente
si se cumplen tres condicioneg: el instante de inicio del evento predicho se encuen-
tra en el intervalo de nido por el inicio de referenciat el valor de tolerancia.ii)
el instante de nalizacon del evento predicho se encuentra en el intervalo de nido
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Tabla 2.1: Comparacon entre el metodo propuesto y otros algoritmos del &slo del
arte: CBIA y ResNet.

Precision " Recall " F1 score" Error rate # Eliminacon # Insercon #
Deep sound 78.39+ 4.09 86.60+ 3.08 82.27+ 3.42 0.29+ 0.06 0.06+ 0.02 0.17+ 0.05
CBIA 68.69+ 756 70.30+ 7.92 69.43+ 7.52 0.42+ 0.11 0.10+ 0.05 0.12+ 0.06

ResNet audio 43.99+ 12.96 54.99+ 23.35 47.9+ 17.16 0.97+ 0.27 0.3+ 0.21 0.52+ 0.2

cantidad deV P para chew bite y chew-bite respectivamente.

2.1.7. Experimentacon y resultados

Como metodologa de experimentacon, los modelos fueron evaluados utilizando
validacon cruzada sobre 10 particiones distintas. Cada particon estuvo compuas
por 5 0 6 senales de entrada, seleccionadas aleatoriamente del total de pidbdibles.

De esta manera, cada senal fue considerada en unaunica particon. Adenas, en
cada iteracon se reseno un 20 % de los datos para validacon. La separacide los
datos de entrenamiento y validacon se mantuvo ja e invariante entre los distins
experimentos.

El modelo propuesto,Deep Soungdfue comparado contra dos netodos seleccio-
nados del estado del arte. En particular, se compaiwo con el algoritmo CBIA 28
una implementacon de ResNet [87]. El primero de estos nmetodos fue seleccionado
como punto de comparacon debido a que ofrece los mejores resultados en el es-
tado del arte en el problema de deteccon y clasi cacon de eventos masticaios
(a diferencia de [53], donde solo se realiza la clasi cacon de eventos previamente
detectados). Por otra parte, se seleccioro la arquitectura ResNet po es uno de
los modelos profundos mas conocidos propuestos para la clasi cacon de imagenes y
alcanod los mejores resultados para tareas de clasi cacon de audio [87] entiteos
modelos profundos (tales como VGG [88], Inception [89] o AlexNet [90]).

Los resultados de esta comparacon se presentan en la Tabla 2.1 y se separan
por clase en la Tabla 2.2. Se puede observar mediante los resultados presentad®s g
existe una mejora signi cativa utilizando el modelo propuestBeep Soundp=0.002
sobre la netrica F1 score; utilizando la prueba de rango con signo de Wilcoxon) [91].
En general, se evidencia que los resultados de todos los netodos son superanes
la clasechew probablemente relacionado con el hecho de que esta es la clase predo-
minante. En cuanto a la netrica de eliminacon, Deep Soundaumenta la cantidad
de eventos detectados. Sin embargo, CBIA ofrece un menor rumero de insere®

Porultimo, en la Figura 2.6 se presenta un resumen de los resultados. En cuanto
a la metrica F1 score y precision, la arquitecturdDeep Soundutilizando ecnicas de
aumentacon de datos obtuvo los mejores resultados, mientras que ResNet aloaiz
valor mas bajo. Por otro lado, segun la netrica derecall, la arquitectura propuesta

20






en al menos un 10 % (micro F1 score)

Los detalles espec cos de la con guracon utilizada en etapas de experimenta-
con, as como la diversidad de arquitecturas distintas que fueron evaluadas pueden
encontrarse en la publicacon original, que se encuentra en el Anexo B. En dicho
apartado tamben se presenta una comparacon realizada sobre el costargmitacio-
nal entre el modelo propuesto y el algoritmo CBIA.

2.2. Semnales inerciales y magreticas

2.2.1. Introduccon

En los ultimos anos, con el desarrollo de los sistemas microelectrome@nicos
(MEMS, por sus siglas en inges), los dispositivos inerciales se han convertido en
una de las alternativas mayormente utilizadas en diversas problematicas, como por
ejemplo el reconocimiento de actividades humanas [92]. Estos dispositivos present
numerosas ventajas, como su tamano reducido, bajo consumo de energa, bagtoco
entre otras.

Las unidades de medicon inercial (IMUs, por sus siglas en ingks) se utilizan
principalmente para medir la aceleracon, orientacon y fuerza gravitatoria. Beden
dividirse en dos categorasj) los que cuentan con dos tipos de sensores, aceleome-
tros y giroscopios.i) los que incluyen aceleometros, giroscopios y magnebmetros
(siendo apropiado referirse a este tipo de sensores en particular como IMMldsy-
tial and Magnetic Measurement Unit3. El aceleometro se utiliza para medir la
aceleracon inercial, mientras que el giroscopio mide la rotacon angular. Ambo
sensores suelen tener tres grados de libertad para medir a lo largo de tres(e¥,

Z). Por su parte, el magnebmetro mide la direccon magretica, por lo que penite
mejorar la lectura del giroscopio [93].

Estos sensores se han utilizado ampliamente para monitorear las actividades del
ganado mediante la identi cacon de los comportamientos a partir de sus posturas,
as como de los movimientos de cabeza y cuerpo [2, 94]. Mediante el aralisis y
procesamiento de estas sefales se ha permitido discernir actividades como rumia y
pastoreo de otras (descanso, bebida, etc.) [95]. A pesar de esto, Su uso ga@ocer
eventos masticatorios es limitado.

Estos dispositivos han sido ubicados en distintas partes del cuerpo del animal
[2]. El lugar mas conun es el cuello debido a que su instalacon resulta sencilla y
en general no presenta inconvenientes con el comportamiento normal del anirAa
mismo tiempo, esta ubicacon proporciona informacbn sobre la posicon de la cabee
(en relacon con el suelo) y los movimientos que se realizan. Por ejemplo, ¢aimo
se explio previamente, en el caso de la rumia el animal permanece generalmente
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en reposo mientras que en pastoreo realiza continuamente movimientos en auke
nuevos bocados. El segundo lugar preferido es la mandbula dado que brinda infor-
macon directa sobre los eventos masticatorios. No obstante, a diferencialdeque
sucede con el cuello, en esta ubicacbn la instalacon y su posterior jacopresenta
algunas di cultades. La oreja es el tercer lugar mayormente utilizado porque tamfbi
resulta ficil de instalar y proporciona informacbn sobre la posicon (nuevante, en
relacon con el suelo) de la cabeza y los movimientos de la misma. Una desventaja
en este caso es que las senales capturadas se ven perturbadas por el motondien

la oreja, los cuales no estin directamente relacionados con la actividad alinmesnd
gue realiza el animal.

En lo que se re ere a la clasi cacon de las senales capturadas, se han propuesto
nmetodos heursticos que discriminan los eventos masticatorios y comportamtes
animales mediante reglas simples y umbrales [96]. Los netodos de aprendizaje auto-
matico han sido de los mas utilizados en la literatura [2], siendo aquellos que plantean
un enfoque supervisado los mas frecuentes. En este caso un aspectoctanstico
gue se puede notar entre los trabajos presentados es la diversidad de carsiiteis
o variables predictoras utilizadas como entrada a los algoritmos. La extraatale
las variables de entrada presenta numerosas variantes (tanto en el dominimp®ral
como en el frecuencial), evidenciando una falta de consenso respecto a clales son
aquellas que resultan mas convenientes en este contexto. La utilizacon setodos
de aprendizaje profundo ha aumentado recientemente debido principalmente a su
exito en otras aplicaciones [2].

A diferencia de lo que ocurre con las senales aaisticas, y en Inea con lo mencio-
nado previamente, las senales provenientes de sensores inerciales y magsetian
sido ampliamente estudiadas en el contexto de reconocimiento del comportamiento
alimentario en rumiantes. Es por esto que en la siguiente subseccon se realina
descripcon de dos netodos seleccionados del estado del arte que sean widias
posteriormente a modo de referencia.

2.2.2. Artculos de referencia

Alvarenga et al. [97] proponen un nretodo basado en ecnicas tradicionales de
aprendizaje autonatico sobre senales de acelelometros para reconocdivialades
en ovejas en perodos de corta duracon (1 a 5 segundos). Este netodermite
un monitoreo detallado del comportamiento ovino, util para diversas aplicaciones
como la geston de la alimentacon y el bienestar animal. Se clasi can 3 tipos de
actividades:bite, chewingy others Bite se de nb como el movimiento descendente
de la cabeza incluyendo la primera apertura de la boca para recoger el forrajetdnas
su corte. Chewing se describe como la rotacon de la mandbula inferior desples
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de un bite, sin importar la posicon de la cabeza (arriba o abajo)Others abarca
cualquier actividad no identi cada comobite o chewing

Se evalw la utilizacon de distintas ventanas temporales, siendo los valores ex-
plorados 1, 3 y 5 segundos. A partir de cada ventana extrada, se obtuvieron 44
estadsticos que surgen de calcular la media, el desvo esandar, el mnimo y gh-
ximo de los valores crudos de los distintos ejes (X, Y y Z), as como de 8 senales
obtenidas a partir de la senal original (como por ejemplo, elarea de magnitud de
la senal, energa, entropa, entre otras). Todas las variables de eatta en este caso
fueron extradas a partir del dominio temporal.

Para la creacon de los modelos de clasi cacon se utilizaronarboles de decisd
tradicionales, con una fase previa de seleccon de variables utilizando la importancia
relativa de todas las caractersticas extradas. Como criterio para detminar la
relevancia de las variables se entrero un modelo utilizando el algoritmtfandom
forest

La seleccon de esta propuesta como referencia se ba en que se utilizatarers
de tiempo acotadas, considerando este aspecto como fundamental. Las ventdeas
tiempo utilizadas en el resto de la bibliografa contemplan perodos de tiempo nmas
extensos debido a que se centran en la deteccon de actividades mas que en la
deteccon de eventos masticatorios, problenatica de intees en estads.

Por su parte, Bloch et al. [98] investigaron el uso de CNN para clasi car elroe
portamiento alimentario en vacas lecheras, utilizando senales inerciales capdasa
por un aceleometro, incorporando el uso de ecnicas de transferencia de aptezaje
(transfer learning). Las actividades clasi cadas fueron alimentacon, rumia y otras
(incluyendo cualquier otra actividad no comprendida en las anteriores).

En esta propuesta se compararon dos arquitecturas de redes profundas para
procesar las sefales de entrada. La primera con dos capas convolucionalesdseg
por una capa dedrop-out, una capa demax-pooling una operacon de atten y
2 capas totalmente conectadas de 100 y 3 neuronas, respectivamente. lgarsda
arquitectura plantea cuatro capas convolucionales en lugar de dos.

Se exploraron diferentes ventanas temporales: 5, 10, 30, 60, 90, 180, y 300
segundos, encontrando mejores resultados con ventanas cercanas a losgbhdes,
adecuadas para las actividades de intees debido a sus duraciones prolongadas.

El uso de modelos preentrenados mejoo los resultados solo cuando el conjunto
de datos utilizado para el entrenamiento era pequefo. Al utilizar todos los datos
disponibles, no hubo mejoras signi cativas.

Este trabajo se utiliz como netodo de comparacon porque, al igual que en
el artculo seleccionado previamente, explora ventanas de tiempo reducidas (algo
que no es frecuente en este tipo de sensores). La ubicacon de los sensorels
tipo de animal analizado tamben guardan relacon con lo explorado en esta tesis
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a diferencia de otros artculos encontrados en la bibliografa que proponen netlos
de aprendizaje profundo, pero presentan discrepancias en estos aspectos.
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3 Reconocimiento de eventos masticatorios
con netodos multimodales

En este captulo se abordaa el problema de reconocimiento de eventos maatic
torios en vacas lecheras mediante la utilizacon de senales provenientes de iplgs
sensores. Primero, se realizaa una introduccon alarea de fuson de inforacon v,
luego, se presentaran las soluciones propuestas en este trabajo.

3.1. Introduccon

Las ecnicas de fuson de informacon combinan senales de multiples sensores,
ya sean iguales (unimodales) o de distinto tipo (multimodales), en pos de obte-
ner mejores resultados frente a la utilizacon de ununico sensor. Estas ecris se
han utilizado ampliamente en reconocimiento de emociones [99], reconocimiento de
actividades humanas [100] y el cuidado de la salud [101].

La fusbn de informacon ofrece diversos bene cios segin el netodo utilizio.
Con sensores de un mismo tipo se pueden generan senales redundantes que permi-
ten robustecer la calidad nal de los datos obtenidos (como es el caso de la utilizacon
de multiples sensores inerciales en sistemas de navegacon); o bien se obtienen se-
fAales que capturan informacon de un evento o feromeno de intees desde distisita
opticas (por ejemplo, en la vigilancia de un inmueble con nultiples amaras de vi-
deo distribuidas fsicamente). Por el contrario, cuando se utilizan diferentes s de
sensores se obtiene una representacon mas rica de la realidad mediante la captura
de diversos principios fsicos. Un caso conun de esto es una estacon meteogita,
gue mide la temperatura, la presbn atmoskrica y las precipitaciones.

Existen diversos aspectos que hacen de la fuson de informacon una tarea desa
ante. Los datos generados por los diversos sensores generalmente pasgen nivel
de imprecison, lo cual depende del tipo de sensor y de sus caractersticas espas.

Los algoritmos de fusbn deben ser capaces de trabajar con estos inconveeg de
manera efectiva y de aprovechar la redundancia para reducir estos efectos, earlug
de verse danados por ellos. Adenas, otro desafo conmun es la incompatibilidad entr
los distintos tipos de datos, como el registro de senales a distintas freciescle
muestreo.

Una de las propuestas mayormente aceptadas para clasi car los sistemas de fuson
de informacon es la presentada por Liggins Il, Hall, and Llinas [102] . En esta
clasi cacon, se plantean tres niveles kasicos en los que la fusbn puede ocurriref
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La fusbn a nivel de decisiones combina predicciones de sistemas que analizan
informacon proveniente de ununico sensor [104]. El sistema intenta optimizar su
salida combinando hiptesis generadas por sistemas que generalmente son simples.
Esta es una idea similar a los netodos densamblespopularmente conocidos en el
ambito del aprendizaje autonatico. Para crear una salida nal, se pueden utilizar
enfoques tradicionales (como el voto por mayora), as como tamben motles de
aprendizaje autonmatico (como losarboles de decison o regreson logst&).

Los sistemas multimodales han sido ampliamente explorados en otrasareas, con
resultados superadores frente a aquellos que son unimodales. No obstante, para
la problematica espec ca en esta tesis no se han encontrado propuestas donde se
plantee la utilizacon de mnultiples sensores. Mas aun, la implementacon de redes
neuronales profundas que sean capaces de realizar la fuson de manera autonatica
constituye una alternativa prometedora que no ha sido estudiada hasta el momento.

3.2. Arquitecturas propuestas

Sequn los niveles de fuson previamente descritos, se proponen distintas arqui-
tecturas de redes neuronales profundas para este trabajo (Figura 3.2).

En la arquitectura de fusbn a nivel de datos (Figura 3.2-a), las senales de sonido,
aceleometro y giroscopio se concatenan en la etapa inicial creando unaunicaae~
Debido a las diferencias en el rumero de muestras por segundo de cada senal, los
datos de la IMU han sido remuestreados utilizando una interpolacon por valor mas
cercano para replicar la frecuencia de muestreo de la senal de audio. La arquitectur
se compone de un bloque de capas convolucionales con operacionesasepooling
y dropout, seguido de una capa GRU bidireccional y nalmente 2 capas densas.

La fuson a nivel de caractersticas se ha evaluado con dos arquitecturagyne-
puestas cada una de ellas por nultiples CNN: una opcon con 2 CNN independientes
(denominada2-head CNN) (Figura 3.2-b), mientras que en la otra opcon se utili-
zan 3 CNN @-head CNN) (Figura 3.2-c). En ambas arquitecturas, se construye una
representacon intermedia mediante una concatenacbon de caractersticaxtradas
autormaticamente a partir de las capas convolucionales. Dicha representacomgresa
a una capa GRU bidireccional, y nalmente se utilizan 4 capas densas.

Finalmente, la fuson a nivel de decisiones fue implementada por el modelo de-
tallado en la Figura 3.2-d. En esta arquitectura, se utilizan dos modelos base que
procesan senales de entrada de cada modalidad de manera independiente. Las se-
fales de audio son procesadas por la arquitectura propuesta en el artculo del Ane-
X0 B, mientras que las inerciales son analizadas por una estructura semejante a la
propuesta por Bloch et al. [98]. Las salidas de estos modelos se combinan con un
metaclasi cador que genera una decison nal.
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Por cada nivel de fuson, se evaluaron distintas variantes adenmas de las pre-
sentadas en la Figura 3.2. Para cada una de estas arquitecturas, estas waizes
incluyeron cambios en el rumero de capas, el tamano y la cantidad de ltros, la in-
cluson de capas intermedias y operaciones (comuax-poolingo dropout). Tamben
se probaron diferentes tamanos de ventana (300, 500 y 1000 ms), en bas#ualios
previos. Se exploraron distintas combinaciones de senales de entrada: a) todas la
senales disponibles; b) senales de audio, acelelometro y giroscopio; c) seraldie
y vector de magnitud de las senales de movimiento. Para la fuson a nivel de deci-
siones, se probaron distintas combinaciones de diferentes modelos base, incluyendo
el algoritmo CBIA [33] y el modelo de Alvarenga et al. [97]. A su vez, se explob e
uso dearboles de decisbn y perceptrones multicapa como metamodelos, y ecrsica
mas tradicionales como el voto por mayora.

En total se realizaron mas de 150 experimentos, detallados en la Secco®.3
Las arquitecturas presentadas anteriormente son aquellas que obtuvieros toejo-
res resultados de cada tipo para la netrica F1-score. En todos los cagdos mejores
resultados se obtuvieron con un tamano de ventana de 300 ms. Todas las capas con-
volucionales utilizaron ReLU como funcon de activacon, y todas las celdas de la red
recurrente implementaron la funcon tangente hipertolica y sigmoide. Finalmente,
las capas densas tamben utilizaron RelLU, excepto laultima capa donde se incluye
la funcon softmax.

3.3. Conjunto de datos

Los datos utilizados para comparar las distintas propuestas se obtuvieron a par-
tir de un experimento realizado en agosto de 2022 en el Campo Experimental.J.F
Villarino de la Facultad de Ciencias Agrarias de la Universidad Nacional de Rosa-
rio (FCA), ubicado en la ciudad de Zavalla, Argentina. El protocolo utilizado fue
evaluado y aprobado por el comit deetica de la FCA.

Se utilizaron tres vacas Holstein de aproximadamente 4 anos y 600 kg de peso.
Antes del experimento, fueron entrenadas en la rutina experimental. Se utiliz un
area de 1.200 i (20 m x 60 m) monitoreada por una @amara domo, ubicada a 30 m
de distancia.

Cada vaca llevaba un dispositivo de adquisicon de datos compuesto por un
miciofono externo (IP57 100 mm, -42t 3 dB, SNR 57 dB), un conector de 3,5 mm
y un tekfono Moto G6 (Android 8.0.0). Los dispositivos fueron colocados dent
de una caja de phstico resistente a la intemperie y fueron sujetados para evitd
movimiento interno, siguiendo una instrumentacon semejante a la de otros trabajos
[95]. Los micofonos fueron ubicados en la frente de la vaca y cubiertos conmgo
espuma para aislar el ruido del viento y protegerlos de otras fricciones. Lasasage
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incluida en el Anexo C.

3.4. Experimentacbn y resultados

De los 29 segmentos etiquetados, 24 se usaron para realizar una validacbiza-
day 5 paratest En dicha validacon se crearon 5 particiones de 4 o 5 segmentos cada
una, incluyendo siempre un segmento de rumia y el resto de pastoreo. La separacbn
de los datos se mantuvo constante en todos los experimentos.

Para calcular las netricas y determinar los resultados, se utilio el esquema
detallado previamente en la Seccon 2.1.6 donde se analizan las etiquetas junto con
las delimitaciones temporales del evento. Las netricas seleccionadas fueréh:
scorg precision, recall y error rate.

Todas las arquitecturas exploradas en este trabajo se evaluaron siguiendo el
mismo esquema de validacon, y se compararon aquellas que obtuvieron mejores re-
sultados para la netrica F1-score. El resultado de dicha comparacon se inttoce
en la Tabla 3.1. A su vez, en la Figura 3.4 se puede observar un gaco de ba-
rras agrupadas con los resultados obtenidos por cada arquitectura para las nags
seleccionadas.

La fuson a nivel de datos obtuvo el peor rendimiento en todas las netricas, lo
que sugiere que una fuson temprana de senales de diferentes modalidades representa
un desafo para el aprendizaje en estas arquitecturas.

Por otra parte, el nivel de fuson de caractersticas fue el que obtuvo majes
resultados para todas las netricas analizadas. En particular, el modelo propuesice
utiliza 3 CNN independientes obtuvo el mejor desempeno. A pesar de las diferencias
con la utilizacon de 2 CNN, se puede ver que ambas arquitecturas de fuson a nivel
de caractersticas alcanzaron resultados similares (p=0,4375; prueba de rangon
signo de Wilcoxon) [91]. Esto parece razonable, ya que la arquitectura subyacente
sigue siendo la misma, independientemente del rumero de capas.

Los desvos que se aprecian en la Tabla 3.1 sugieren que la variabilidad en los
resultados entre las diferentes particiones es baja, lo cual indica que los modelos
presentan cierta estabilidad respecto al entrenamiento sobre conjuntosdigos dis-
tintos. Esto di ere en el modelo que realiza fuson a nivel de decisiones, donde el
desvo estindar reportado es considerable.

Por otra parte, se puede destacar que incluso utilizando distintos pesos por clase
para contrarrestar el desbalance en los datos, los resultados preserdédarencias
entre una clase y otra. En los modelos de fusbon a nivel de caractersticas, general
la clase pite) obtuvo peores resultados, mientras que la clasehgéw) (rumia) los
mejores. Debido a que ambas clases se encuentran representadas por la misma ca
tidad de ejemplos en el conjunto de datos, queda en evidencia que estaultima clase
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Tabla 3.1: Resultados de la comparacon entre las distintas arquitecturas de fosi

de informacon, discriminando por clase y en general. En cada caso los resultados
representan el promedio y el desvo estndar para las 5 particiones de entremanto.

b: bite, cb: chew-bite ¢ (p): chew (pastoreo), ¢ (r): chew (rumia).

Caractersticas  Caractersticas

Datos 5 heads CNN) (3-heads CNN) ~ Decisiones
F1-score"
b 0403% 0.066 0581 0096 0.662% 0.006 0.469% 0.274

cb 0.624+ 0.035 0.797+ 0.005 0.811+ 0.027 0.733+ 0.145
c(p) 0.389+ 0.041 0.809+ 0.026 0.805+ 0.038 0.562+ 0.334
c() 0.013+ 0.022 0.870+ 0.049 0.827+ 0.146 0.670% 0.195
total 0.450+ 0.036 0.793+ 0.040 0.802+ 0.033 0.656* 0.207
Precision"
b 0.357+ 0.134 0.758+ 0.051 0.717+ 0.039 0.587+ 0.147
cb 0.517+ 0.033 0.717+ 0.084 0.747+ 0.052 0.663+ 0.183
c(p) 0.386+ 0.052 0.728+ 0.025 0.719+ 0.050 0.656+ 0.186
c() 0.062+ 0.085 0.856+ 0.026 0.866+ 0.029 0.676+ 0.192
total 0.430+ 0.045 0.742+ 0.046 0.749+ 0.038 0.660% 0.176
Recall "
b 0.528+ 0.090 0.488+ 0.130 0.618%+ 0.081 0.445+ 0.297
cb 0.788+ 0.058 0.908+ 0.022 0.890+ 0.010 0.839+ 0.074
c(p) 0.397+ 0.046 0.910+ 0.028 0.917+ 0.018 0.559+ 0.377
c() 0.007+ 0.013 0.887+ 0.081 0.822+ 0.216 0.674+ 0.202
total 0.474+ 0.033 0.852+ 0.031 0.864+ 0.029 0.658% 0.238
Error rate #
b 1.643+ 0.504 0.674+ 0.084 0.624+ 0.090 0.786+ 0.221
cb 0.950+ 0.094 0.471+ 0.149 0.418+ 0.077 0.669+ 0.437
c(p) 1.248+ 0.133 0.431+ 0.058 0.447+ 0.101 0.625+ 0.34
c() 1.053+ 0.045 0.262+ 0.086 0.302+ 0.197 0.662+ 0.401
total 1.015+ 0.107 0.337+ 0.064 0.327+ 0.050 0.513% 0.310
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Tabla 3.3: Resultados para las distintas opciones propuestas en el estudio de abla-
cbn comparadas con la arquitectura base (Figura 3.2 c), discriminando los valores
promedio obtenidos en el conjunto de validacon y en el conjunto de test.

Fl-score" Precision"” Recall" Error rate #
a Validacon 0.576 0.542 0.615 0.536
Test 0.686 0.660 0.713 0.388
b Validacon 0.155 0.182 0.156 1.144
Test 0.001 0.087 0.001 1.004
c Validacon 0.607 0.473 0.851 1.008
Test 0.574 0.437 0.838 1.146
d Validacon 0.738 0.690 0.795 0.427
Test 0.743 0.697 0.795 0.444
Base Validacon 0.801 0.749 0.861 0.325
Test 0.813 0.771 0.859 0.306

alcanzadas para las particiones de validacon as como los valores obtenidos pdra e
conjunto detest A partir de esto se puede observar que todas las partes del modelo
tienen su implicancia en los resultados nales alcanzados, y que la eliminacon de
alguna de ellas dana el rendimiento general del mismo. No obstante, los peores
resultados se obtuvieron con la opcon b), es decir, utilizandounicamente datos de
movimiento como entrada al modelo. Esta opcon, ademas, muestra problemas de
convergencia al intentar predecir el conjunto deest. Los resultados nas cercanos a
los conseguidos por el modelo base han sido los de la opcon d).

En cuanto a la diferencia entre los valores de validacon test se observaron
mejoras en varios casos, excepto en las opciones b) y c). Esto se explicgue la
cantidad de datos con los que se entrenan los modelos vard considerablememna;- s
do un 25 % mayor en el conjunto deest puesto que se utilizaron todos los segmentos
de la validacon cruzada. A su vez, se resalta tamben que los segmentoslundos en
el conjunto de test han sido extrados a partir del mismo trabajo de campo donde los
animales, los equipos y las condiciones experimentales se mantuvieron conssante
En caso de que alguna de estas condiciones vare, es posible que el rendimiento de
los modelos no sea el mismo. Este aspecto resulta de especial relevanciaipamygtse
sugiere como una Inea de trabajo futuro para garantizar la robustez y aplicabilidad
de los resultados en diferentes contextos experimentales.

En este captulo, se destaca la presentacon de distintas arquitecturas éieson de
informacon a partir de redes neuronales profundas para abordar el reconocimiento
de eventos masticatorios en ganado de pastoreo. La fusbn a nivel de cagasticas
ha sido la alternativa que mejores resultados permito alcanzar, combinando nulti-
ples CNN independientes, capas recurrentes y densas. En una comparativa consotra
ecnicas seleccionadas del estado del arte, se pudo observar que la fuson derinfo

36



macon representa una alternativa conveniente con mejoras cercanas @lPa (micro
F1 score). A su vez, el estudio de ablacon realizado permite comprender eldpa
de aporte de cada una de las partes del modelo de fuson a nivel de caractersticas.
En el Anexo C se agregan detalles mas espec cos de los experimentodizaalos
tales como los tiempos de inferencia para el estudio de ablacon y cuestiones de
implementacon. En dicho apartado se introduce tamben una comparativa entre
los distintos tamanos de ventana para el modelo de fuson de caractersticé3-
head CNN). Este aralisis adicional profundiza sobre mmo estos factores pueden
in uir en el rendimiento del modelo propuesto para el reconocimiento de los eventos
masticatorios.

3.5. Detalles complementarios de experimentacon

Las diferentes arquitecturas de fuson de informacon introducidas en la Sec-
con 3.2 fueron el resultado de un amplio conjunto de experimentos. En todos los
casos, la metodologa adoptada para ejecutar cada experimento fue la misma que se
detalla en la Seccon 3.3 para permitir resultados reproducibles, iguales condiciones
para todas las con guraciones propuestas y garantizar una comparacon equitagiv
Debido a la elevada cantidad de combinaciones que surgen al evaluar diferentes can-
tidades de capas, cantidad de neuronas o Itros en cada una de ellas y operaciones
intermedias (comodropout y max-pooling, el rumero de arquitecturas a explorar se
ha acotado. Para realizar esta seleccon se utilizaron como base propussta otros
autores que han demostrado buenos resultados en problemas similares. En cada caso
se realizaron pruebas preliminares para ayudar a de nir la estructura nal de cada
con guracon.

A continuacbn, se presentan las diferentes con guraciones evaluadas comot@a
de esta tesis, as como las senales de entrada y los tamanos de ventana utdza
realizando una separacon basada en el nivel de fusbn adoptado.

3.5.1. Fuson a nivel de datos

Las distintas combinaciones exploradas para procesar sefales de entrada con
nultiples canales se presentan en la Figura 3.6. Cada con guracon se ha probado
utilizando diferentes combinaciones de las senales de entrada y tamanos de venta-
na. Con respecto a las senales de entrada, se utilizaron tres opcionesetites: a)
aceleometro + giroscopio + magnebmetro + micofono; b) aceleometro + giros-
copio + miciofono; c) vector de magnitud del aceleometro + vector de magnitud
del giroscopio + micofono. En relacon al tamano de las ventanas se han ex@do
tres valores: 0,3, 0,5y 1 s. La superposicon entre dos ventanas causwas fue del
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camente para procesar un tipo de senal en particular. Todas las combinaciones se
describen en la Figura 3.9.

Se han evaluado tres alternativas principales como metamodeiNN, arbol de
clasi cacon y voto por mayora ponderado. En elultimo caso, los pesos sde nie-
ron en funcon del rendimiento de clasi cacon (F1 score) de cada modelo en un
subconjunto de datos de entrenamiento. Los modelos base tradicionales incluidos en
cada opcbn - Alvarenga et al. [97] y CBIA [33] - fueron entrenados utilizandeamo
variables de entrada las de nidas por sus autores en cada propuesta. Por su parte,
en las opciones a) y c) detalladas en la Figura 3.9, se han explorado dos alternativa
como senales de entrada para la arquitectura propuesta por Bloch et al. [98]aie-
leometro + giroscopio + magnebmetro; (ii) vector de magnitud del aceleoméro
+ vector de magnitud del giroscopio. Para este mismo modelo en la opcon e) solo
se ha explorado la utilizacon de aceleometro + giroscopio + magnebmetro. r
ultimo, la red neuronal profunda encargada de procesar la senal aaistica en cada
opcon - modelo Deep Sound[79] - ha utilizado como entrada la senal de audio sin
ningun tipo de pre-procesamiento previo.
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4 Transferencia de aprendizaje

Este captulo describe la utilizacon de la cnica de transferencia de aprendizaje
con el objetivo de mejorar los resultados de clasi cacon en el contexto decono-
cimiento de eventos masticatorios en vacas lecheras. En primer lugar se idtrcia
la problematica que aborda la transferencia de aprendizaje, para luego detallar los
experimentos realizados junto con los resultados obtenidos.

4.1. Introduccon

La utilizacon de tcnicas de aprendizaje automatico ha permitido obtener re-
sultados notables en numerosas problenaticas, llegando incluso a convertirse en la
herramienta por defecto al momento de proponer soluciones para muchas de ellas
[106]. En aquellos casos donde el aprendizaje se realiza de manera supervisada, se
requiere disponer de un conjunto de datos etiquetado para poder llevar a cabo el
entrenamiento de los modelos. En diversos escenarios de la vida real, este requisit
se vuelve un desafo debido a que recolectar y etiquetar los datos puede resultar una
tarea costosa en erminos ecoromicos, que necesite de una importante irsgaT en
tiempo, o hasta incluso puede ser inviable por las caractersticas del problema en
cueston. Esto es todava nmas importante en el contexto de las arquitguras pro-
fundas, debido a que la gran cantidad de palametros a ajustar requiere de enormes
cantidades de datos. En ese sentido, la utilizacon de ecnicas de transferencia
aprendizaje puede resultar muy bene ciosa.

Las ecnicas de transferencia de aprendizaje basan su teora en que el apreapiz
realizado en un dominio puntual (dominio de origen source domair) puede serutil
para resolver un problema en otro dominio (generalmente conocido como dominio
objetivo o target domain) siempre y cuando exista una relacon entre ellos [107]. Este
razonamiento se aplica en los seres humanos, por ejemplo si una persona aprendo a
andar en bicicleta poda utilizar parte de ese conocimiento para aprender a manejar
un ciclomotor, puesto que parte de las habilidades necesarias son semejantecfela
de tiempo y distancia con otros vehculos, equilibrio, entre otras).

Existen diversas clasi caciones para los nmetodos de transferencia de aprendizaj
Una de ellas [1] propone cuatro categoras segun el enfoque de la ecnica aplicada

» Basadas en instancias: proponen ajustar los pesos de los distintos ejemplos de
entrenamiento de acuerdo al grado de relacon que existe entre cada ejemplo
y el dominio objetivo (de esta forma todas las instancias son consideradas en
el alculo de la funcon de costo, pero se introduce un coe ciente que indica el
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grado de relacon entre ambos dominios - siendo mayor para los ejemplos del
dominio objetivo y menor en aquellos del dominio de origen).

= Basadas en caractersticas: se centran en realizar una transforn@cide los
datos para llevarlos del dominio original a un nuevo dominio, con el objetivo
de que esa representacon creada resulte en una tarea de aprendizaje mas
bene ciosa.

= Basadas en paametros (0 modelos): muchos netodos de aprendizaje automati-
co realizan el ajuste de los paametros del modelo partiendo de un conjunto de
valores de nidos de manera aleatoria. En esta categora de netodos de trans-
ferencia de aprendizaje, se plantea inicializar los pesos del modelo utilizando
los pammetros de otro modelo con una estructura igual o semejante entrenado
previamente en un dominio de origen. Incluso es conmun tamben que todos o
parte de estos paametros que fueron entrenados en el dominio de origen se
mantengan jos durante el entrenamiento en el dominio objetivo.

» Basadas en relaciones: plantean la extraccon de reglas o relaciones bgidel
dominio de origen para ser aplicadas en el dominio objetivo.

Otra clasi cacon ampliamente utilizada [107] analiza el estado de las etiquetas
de los dominios de referencia y objetivo:

» Inductiva: cuando se dispone de etiquetas en el dominio objetivo.

= No supervisada: si ningin dominio contiene datos etiquetados, pudiendo rea-
lizarse por ejemplo un aprendizaje de caractersticas de manera automatica
entre ambos.

= Transductiva: si solo el dominio de origen contiene sus datos etiquetados. A su
vez, cuando la distribucon de los datos di ere entre ambos dominios, entonces
la transferencia de aprendizaje es conunmente denominada adaptacon de do-
minio [108]. Otro tipo de problematica dentro de esta categora es la correcui
del sesgo de seleccon de muestra [109].

En el marco de las redes neuronales arti ciales profundas, los netodos de trans-
ferencia de aprendizaje basados en paametros surgen como una de las alternativas
mas utilizadas [110, 111]. En este contexto, la metodologa se re ere espeEmmente
a reutilizar completa o parcialmente una arquitectura de red entrenada previamente
en el dominio de origen para ser utilizada en la red que se entrena con los datos del
dominio objetivo. Este mecanismo, principalmente dentro delarea de procesamiento
de lenguaje natural, ha sido de nido por determinados autores y adoptado por la
comunidad como transferencia de aprendizaje secuencial [112].
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de diversas arquitecturas de redes neuronales profundas entrenadas en un conjunto
de datos obtenido con un sensor en particular, para predecir luego un conjunto de
datos diferente que ha sido capturado mediante la utilizacon de otro sensor del
mismo tipo pero con una orientacon diferente.

En base a lo que se ha podido relevar, las cnicas de transferencia de aprendi-
zaje constituyen una alternativa con bene cios potenciales para el reconocinten
de eventos masticatorios, siendo aun una alternativa poco explorada en retatia
las senales aaisticas y de movimiento. Adenas, en lo que respecta a arquitegs
profundas que realizan fuson de informacbn en un nivel de caractersticas, gtan-
tea la posibilidad de realizar un aprendizaje previo a partir de dominios de origen
independientes con el objetivo de mejorar los resultados en un dominio objetivo. La
combinacon de ambas estrategias (fusbn de informacon y transferencia deien-
dizaje) ha sido aplicada en problematicas como el reconocimiento de actividades
humanas alcanzando resultados prometedores [100], pero hasta el momento no se
han encontrado estudios donde se apliquen de manera conjunta en elarea de intees
para esta tesis. En base a esto, se plantea como objetivo en el restostie eaptulo
evaluar ecnicas de transferencia de aprendizaje inductivas y basadas en paame-
tros, es decir, si la realizacon de un entrenamiento previo en un dominio de origen
similar resulta bene cioso para el entrenamiento en el dominio objetivo (el cual se
ha trabajo a lo largo del captulo 3).

4.2. Modelo base

Enareas de investigacon menos exploradas que el reconocimiento de obgeta
disponibilidad de modelos pre-entrenados aplicables de manera directa es limitada o
incluso inexistente. Esto se di culta mas aun cuando se trata de problemas donde el
aprendizaje se realiza de manera multimodal. En lo que respecta al reconocimiento
de eventos masticatorios los modelos disponibles susceptibles de ser utilizados pre-
sentan diferencias notorias respecto al dominio de origen donde fueron entdasa
[118, 119]. En base a esto, para aplicar una transferencia de aprendizaje se ppb
seleccionar como arquitectura base una de las propuestas en el Captulo 3 y realiza
un pre-entrenamiento de las capas convolucionales en un dominio de origen seme-
jante. Para dicha eleccon se priorio aquel modelo que obtuvo mejores resultes
respecto a la netrica F1-score, resultando favorecida la arquitectura éieson a nivel
de caractersticas, donde se proponen 3 CNNs independientes, una por cada senal
de entrada (aceleometro, giroscopio y sonido).

Previo a la realizacon de los experimentos, se estudo el impacto en la cantdla
de datos disponibles en este modelo en particular. Con tal motivo, se utilizaron las
senales del conjunto de datos detallado en la Seccon 3.3. En primer lugar, se selec
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previamente, en este caso los animales se encontraban dentro de un sistemadie or
A0 voluntario. Se utilizaron 5 vacas Holstein y los registros se obtuvieron el&s
diferentes durante las 24 horas. Como dispositivo de grabacon se utilizaroraba-
dores digitales (Sony Digital ICD-PX312, Sony, San Diego, CA, USA), a los cuales
se les conectaron dos miciofonos direccionales ubicados en la frente del animal (uno
direccionado hacia el interior de la cabeza, y el otro hacia afuera).

Este conjunto de datos cuenta con largos tramos de rumia y pastoreo identi ca-
dos, y a su vez se encuentran etiquetados tramos mas reducidos a nivel de ®&n
masticatorios. El proceso de etiquetado y validacon se realind por dos expos en
comportamiento alimentario en rumiantes, detallando en cada caso el tipo de éeen
y la delimitacon temporal de los mismos. A partir de lo publicado, se utilizaron
10 senales etiquetadas de 5 minutos cada una, en formato WAV, mono, 16 bits y
con una frecuencia de muestreo de 44.100 Hz. Se pueden encontrar mas detalles del
diseno experimental y del conjunto de datos en la publicacon que se incluye en el
Anexo D.

4.3.2. Movimiento

En lo que respecta al dominio de origen seleccionado para la CNN encargada
de procesar los datos de movimiento, se opb por los datos utilizados en el arto
de Arablouei et al. [120] . Dicho conjunto de datos, denominado por los autores como
Arm20c contiene registros de aceleometros de 8 animales en condiciones de pastoreo,
registrados a una frecuencia de muestreo de 50 Hz. El aceleometro fue ubicadelen
cuello del animal, lo cual guarda relacon con los datos del dominio objetivo de este
trabajo. Los datos fueron divididos en ventanas de 5.12 s y etiquetadas manualneent
mediante la observacon de grabaciones de video. Las clases utilizadas fueron 5:
grazing walking ruminating/resting, drinking y others En total se registraron 11.961
ventanas.

4.4. Experimentacon y resultados

4.4.1. Modelos base

Para llevar adelante la experimentacon y evaluar el impacto de las ecnicas de
transferencia de aprendizaje en este contexto, se llewo a cabo en primer luglaen-
trenamiento de los modelos base. En lo que respecta al procesamiento de ladesena
de movimiento, se realizaron algunas adaptaciones necesarias debido a las caracte-
rsticas de los datos disponibles y las arquitecturas de los modelos base utilizados:

= Se entrero en el dominio de origenunicamente la CNN que procesa la senal
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de aceleometro, debido a que los datos disponibles contaban solo con este
sensor. La CNN encargada de procesar la senal del giroscopio fue inicializada
con pesos aleatorios.

= Por cada ventana disponible de 5,12 s se extrajeron sub-ventanas de 0,3 s sin
solapamiento, es decir, que por cada ventana original se obtuvieron 17 nuevas
ventanas. A cada una de ellas se le asigro la misma etiqueta que la ventana
original.

= La frecuencia de muestreo adoptada ha sido de 50 Hz.

Por el lado de la CNN capaz de procesar las senales de sonido, para la genera-
con del conjunto de datos a partir del dominio de origen se utilizaron las mismas
caractersticas que las del dominio objetivo. Por lo tanto, se generaroemtanas de
0,3 s de duracon a una frecuencia de muestreo de 6 kHz con un solapamiento del
50 % entre ventanas consecutivas.

A patrtir de los datos generados, cada red fue entrenada utilizando el algoritmo
Adagrad, la funcon de costosparse categorical crossentropy 2000 epocas. En el
caso de la CNN para movimiento se utilio un tamano del lote de 1000 muestras,
mientras que para la CNN de sonido dicho valor fue de 50. En ambos casos se
realizaron pruebas entre distintos valores candidatos para determinar el tamagh®
dicho hiper-paametro que ofreca mejores resultados.

4.4.2. Transferencia de aprendizaje al modelo propuesto

Una vez entrenados los modelos base en los dominios de origen respectivamente,
se llevo a cabo el entrenamiento del modelo propuesto. Para este caso,plesos de
las CNN de cadahead de dicho modelo fueron inicializadas tomando los valores de
los modelos base entrenados previamente, realizando de esta manera la transfierenc
de aprendizaje de un dominio a otro. Los pesos de las capas de la CNN encargada
de procesar la senal del giroscopio fueron inicializados aleatoriamente de acuakdo
esquema tradicional, tal como se describb previamente.

Para estudiar el impacto en la utilizacon de los pesos originales frente al re-
entrenamiento de los mismos en el dominio objetivo, se realizaron distintos expe-
rimentos. En cada uno de ellos se de nb el umero de capas convolucionales del
modelo base que podran ser entrenadas nuevamente (contabilizando desde sata
hacia adelante), dejando el resto de capas invariantes durante el procesortecaa-
miento. La Tabla 4.1 introduce los resultados por cada variante para un conjunto de
netricas de clasi cacon. En dichos experimentos se utilizz como dominio objetivel
conjunto de datos detallado en la Seccon 3.3, tal como menciorp previamente, utili-
zando la metodologa de validacon que se describo en la Seccon 3.4 y manteniendo
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Tabla 4.1: Resultados promedio y desvo esandar por cada particon de acuerdo al
rumero de capas convolucionales donde los pesos fueron entrenados nuevamente e
el dominio objetivo, CA para aceleiometro y CS para sonido.

CA CS F1 score" Precision" Recall " Error rate #

Base 0.451+ 0.221 0.440+ 0.200 0.469+ 0.233 0.885+ 0.187
0.481+ 0.060 0.490+ 0.056 0.474+ 0.068 0.809+ 0.059
0.475+ 0.049 0.487+ 0.037 0.468+ 0.074 0.841% 0.052
0.456+ 0.045 0.467+ 0.027 0.447+ 0.066 0.832+ 0.049
0.472+ 0.087 0.482+ 0.087 0.463+ 0.088 0.827+ 0.143
0.480+ 0.092 0.492+ 0.100 0.471+ 0.088 0.838+ 0.165
0.499+ 0.148 0.501+ 0.139 0.499+ 0.157 0.796+ 0.209

ONEFPEFLPEFLO
DO WNEFEO

las mismas particiones en cada iteracon. Las diferencias respecto a dichos axpe
mentos reside en que debido a las caractersticas de los conjuntos de datos de los
dominios de origen los experimentos realizados en esta seccon fueron sitizaaun
solapamiento entre ventanas (previamente se utiliz un 50 %) y con una frecuencia
de muestreo de las senales de movimiento de 50 Hz (respecto a los 100 Hz de nidos
anteriormente).

De acuerdo a lo presentado, en todos los casos se observan mejoras iaea
una transferencia de aprendizaje respecto a la utilizacon del moddasesin ningun
entrenamiento previo, es decir, utilizando una inicializacon de pesos completamente
aleatoria en el entrenamiento sobre el dominio objetivo. El experimento quistavo
un mejor desempeno en todas las netricas analizadas ha sido cuando todas lasscapa
de la CNN de sonido han sido entrenadas nuevamente, mientras que ninguna de las
capas de la CNN del aceleometro. Esto podra estar relacionado con el dmade
relacon que existe para cada senal entre el dominio de origen y el dominio objetiv
pudiendo indicar una mayor cercana en el caso de los datos de movimiento. Por
otra parte, la cantidad de datos presentes en cada sefal en cada instantéietapo
podra estar relacionada con la necesidad de realizar una adaptacon en el dominio
objetivo. Dicho de otra forma, a mayor cantidad de informacon disponible, existe
una mayor oportunidad de aprender caractersticas espec cas que sean de utilidad
para realizar una clasi cacon nmas precisa.

Por otro lado, tamben se puede observar que al realizar una transferencia de
aprendizaje los resultados arrojan un desvo esandar menor. Si se analiza, ggm-
plo, el caso donde todas las capas de ambas redes permanecen invariantes dugante
entrenamiento en el dominio objetivo, se puede ver que el desvo esandar comgar
do con el modelo base se reduce a un 27 % para la netrica F1 score, de 0.221 a 0.06
ocurriendo algo semejante en el resto de netricas analizadas. Este congroiento
parece razonable debido a que la cantidad de paametros entrenables del modelo
se reduce, y por ende la capacidad de aprender nuevas caractersticas esjasca
partir de cada senal disminuye en consecuencia.
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Como concluson, se puede destacar que en el contexto del reconocimiento de
eventos masticatorios a partir de senales aaisticas y de movimiento, la utilibac
de ecnicas de transferencia de aprendizaje puede ayudar a obtener una clasi cacon
mas precisa y con menor variabilidad entre distintas sefales. La experimeniac
inicial reportada en este trabajo puede ser extendida explorando fuentes de datos
alternativas provenientes de otros dominios de origen que guarden relacon cdn e
dominio objetivo y puedan contribuir positivamente a la problematica planteada. Si
bien en este trabajo se ha optado por priorizar un conjunto de datos relacionado
con la deteccon del comportamiento alimentario en rumiantes, en el ambito de
reconocimiento de actividades humanas existen diversos conjuntos de datos abserto
[121-123] que podran serutiles en el contexto de este trabajo.
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5 Conclusiones

En esta tesis se ha investigado la deteccon autonatica de eventos mastmaos
en vacas lecheras mediante la aplicacon de redes neuronales profundas capaces de
fusionar informacon de multiples sensores. Se abord el problema de manera inte-
gral, comprendiendo en primer lugar el feromeno de estudio, realizando un aralisis
completo de las soluciones existentes de acuerdo a los sensores mayormente utiliza-
dos y destacando los bene cios e inconvenientes de cada uno de ellos. Este trabajo
se ha plasmado en un artculo de revison realizado de manera interdisciplinaria con
el grupo de investigacon, integrado por expertos de distintasareas deonocimiento
(Anexo A).

Las senales aasticas han sido ampliamente estudiadas para el monitoreo alimen-
tario en rumiantes, pudiendo encontrar distintos netodos tradicionales de aprendiza-
je automratico en la bibliografa. En esta tesis y cumpliendo con el objetivo partidar
rumero 2 planteado en la Seccon 1.3, se ha propuesto una arquitectura novedosa
de red neuronal profunda que combina distintos tipos de capas para realizar un
procesamiento de extremo a extremo de este tipo de senales (Seccon 2.1.&.
resultados obtenidos durante la experimentacon demostraron que este enfogae
sulta bene cioso en este contexto, logrando un rendimiento superador en ermside
reconocimiento de eventos frente a otros netodos del estado del af&=ccon 2.1.7).

Debido a las ventajas y desventajas de cada sensor, la utilizacon de nultiples
sensores complementarios surge como una alternativa prometedora frente @ssis
unimodales. Sin embargo, los estudios centrados en tcnicas de fuson en estba
to eran escasos. A partir de esto, en esta tesis se proponen distintagudecturas
para fusionar sefnales aasticas e inerciales a distintos niveles (Seccon.3.®f ex-
perimentos realizados en relacon al objetivo particular 3 (Seccon 1.3k fuson de
informacon a nivel de caractersticas mediante arquitecturas neuronales pitondas
con capas convolucionales independientes por cada sensor ha demostrado sduta so
cbn que permite alcanzar mejores resultados (Seccon 3.4). Los estudiosaigacon
indicaron que la utilizacon de capas recurrentes que permitan modelar la depen-
dencia temporal en la secuencia de los datos resulta relevante en este comtek
su vez, se concluye que las aasticas ofrecen un mayor poder discriminatorio lgse
inerciales. Las arquitecturas propuestas han superado a otros enfoques unimadale
del estado del arte, dando respuesta al objetivo particular rumero 4 (Seccdn3),
pudiendo demostrar de este modo que la fusbn de informacon resulta conveniente
en el contexto de este estudio.

Para estudiar las ecnicas de fusbn de informacon en esta tenatica, tal@mo se
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planteo en el primer objetivo particular de esta tesis (Seccon 1.3), ha sido negario
crear un conjunto de datos pertinente (Seccon 3.3). En colaboracon oel grupo de
investigacon, se llevaron a cabo todas las fases necesarias: a) disehexgerimento
en campo, con guracon y testeo de los dispositivos de grabacon; b) realiazat de
los experimentos en campo; c¢) seleccon y validacon de segmentos; d) e&tado y
veri cacon de datos. Como resultado se construyo uno de los primeros conjuntos de
datos que combinan senales aasticas e inerciales con la correspondiente delioita
de cada evento.

Una limitante frecuente en este problema es la falta de datos etiquetados para
entrenar los modelos. En este sentido, la transferencia de aprendizaje resulta una
alternativa conveniente aplicada en numerosos escenarios con resultadostipos.

En esta tesis experimentos preliminares han demostrado que estas ecnicas [se-

ne ciosas en este contexto (Seccon 4.4). La fusbn a nivel de caracsticas o de
decisiones resulta conveniente para aplicar estos mecanismos, debido a que los datos
pueden ser reutilizados a partir de conjuntos independientes incrementando as el
universo de datos susceptibles de ser analizados.

5.1. Artculos

Los resultados obtenidos durante la realizacon de la presente tesis fueronianv
dos a diversas revistas cient cas internacionales:

= Ferrero, M., Vignolo, L., Vanrell, S.R., Martnez-Rau, L.S., Chelotti, J.O.,
Galli, J.R., Giovanini, L.L., Runer, H.L..\A full end-to-end deep approach
for detecting and classifying jaw movements from acoustic signals in grazing
cattle”, Engineering Applications of Arti cial Intelligence, vol. 121, 2023.

= Ferrero, M., Martnez-Rau, L.S., Chelotti, J.O., Vignolo, L., Galli, J.R., Gio-
vanini, L.L., Ru ner, H.L..\A multi-head deep fusion model for cattle foraging
events recognition using sound and movement signal&ngineering Applica-
tions of Arti cial Intelligence , 2024. En revison.

= Chelotti, J.O., Martnez-Rau, L.S., Ferrero, M., Vignolo, L., Galli, J.R., Pla-
nisich, A.M., Ru ner, H.L. & Giovanini, L.L. .\Livestock feeding behavior: A
tutorial review on automated techniques for ruminant monitoring"Biosystems
Engineering vol. 246, 2024.

= Martnez-Rau, L.S., Chelotti, J.O., Ferrero, M., Utsumi, S. A., Planisich, A.M.,
Vignolo, L., Giovanini, L.L., Runer, H.L. & Galli, J.R.. \Daylong acoustic
recordings of grazing and rumination activities in dairy cows'Scienti ¢ Data,
vol. 10, 2023.
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5.2. Trabajo futuro

Tal como se mencioro en la Seccon 3.2, se exploraron numerosas arquitecsura
de redes neuronales profundas para realizar la fusbn de informacon a partir de las
senales disponibles. No obstante, aun queda un conjunto considerable de combina-
ciones o alternativas que podran ser exploradas en lusqueda de perfecciolus
resultados de clasi cacon alcanzados. Los mecanismos de atencon emergen como
una alternativa prometedora.

Un aspecto no abordado en esta tesis es la implementacon de los algoritmos pro-
puestos en un dispositivo. Debido a que kardware disponible suele tener limitacio-
nes, resulta interesante analizar la posibilidad de reducir la cantidad de paamesro
de los modelos de forma que sean nas e cientes computacionalmente. Espec camen-
te, se considera que estudios donde se intente medir el impacto de reducir paametros
en erminos del rendimiento del modelo podran ser provechosos. La utilizacon de
tcnicas de destilacon de conocimientoKnowledge distillatior) donde se entrene un
modelo mas simple para imitar el comportamiento de los modelos propuestos podra
ser una opcon interesante [120].

Esta tesis demosto que la fuson de informacon resulta bene ciosa en el dominio
estudiado. No obstante, las senales utilizadas pueden ser extendidas incluyendo otro
tipo de sensores como pueden ser las amaras de video. De esta forma, y desde un
punto de vista pactico, se podra extender mas aun la robustez del sistema énte a
la presencia de alguna falla en alguno de los sensores. Por otra parte, la fuson de in-
formacon se ha planteado aqu como una alternativa para mejorar los resutias en
la tarea de reconocimiento de eventos masticatorios. No obstante, la disponibilidad
de nultiples sensores abre las puertas al diseno de algoritmos que puedan realizar
un monitoreo continuo del animal de manera nas precisa e inteligente, combinando
la informacon de multiples sensores pero no de manera simulanea. De este modo,
aguellos sensores que requieren de mayores recursos pueden activarse en ioendic
nes espec cas y permanecer desactivados en otras circunstancias donde no se lo
requiera (por ejemplo, al detectar que el animal se encuentra en descansgose).

Finalmente, frente a la escasez de datos etiquetados la utilizacon de ec-
nicas semi-supervisadas podran aportar bene cios. Arquitecturas de tipo amt
codi cadores (auto-encoder$ podran ser utiles para aprender nuevas representa-
ciones a partir de los datos de entrada. Dichas representaciones podran cauost
una ventaja desde dos aspectos: a) favorecer una transmisbn de datos de maner
mas e ciente al obtener representaciones con una menor dimensionalidad (pudien-
do realizar el procesamiento en un dispositivo que no se encuentre ubicado en el
animal); b) permitir alcanzar mejores resultados en rminos de reconocimiento de
eventos masticatorios.
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Anexos

Referido a los artculos incluidos en los anexos B y C.

= Ferrero, M., Vignolo, L., Vanrell, S.R., Martnez-Rau, L.S., Chelotti, J.O.,
Galli, J.R., Giovanini, L.L., Ru ner, H.L..\A full end-to-end deep approach
for detecting and classifying jaw movements from acoustic signals in grazing
cattle”, Engineering Applications of Arti cial Intelligence, vol. 121, 2023.

= Ferrero, M., Chelotti, J.O., Martnez-Rau, L.S., Vignolo, L., Pires, M., Galli,
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Applications of Arti cial Intelligence , 2024. En revison.
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= Chelotti, J.O., Martnez-Rau, L.S., Ferrero, M., Vignolo, L., Galli, J.R., Pla-
nisich, A.M., Ru ner, H.L. & Giovanini, L.L. .\Livestock feeding behavior: A
tutorial review on automated techniques for ruminant monitoring"Biosystems
Engineering vol. 246, 2024.

= Martnez-Rau, L.S., Chelotti, J.O., Ferrero, M., Utsumi, S. A., Planisich, A.M.,
Vignolo, L., Giovanini, L.L., Runer, H.L. & Galli, J.R.. \Daylong acoustic
recordings of grazing and rumination activities in dairy cows'Scienti ¢ Data,
vol. 10, 2023.
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tor de tesis Dr. S. R. Vanrell. Los abajo rmantes avalan esta declaracon.
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Anexo A

Livestock feeding behavior: A tutorial
review on automated techniques for
ruminant monitoring
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Anexo B

A full end-to-end deep approach for
detecting and classifying jaw
movements from acoustic signals in
grazing cattle
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Abstract

Monitoring the foraging behaviour of ruminants is a key task d improve
their productivity and welfare. During the last decades, sesral monitoring

approaches have been proposed based on di erent types of sgassuch as
pressure-based, accelerometers and microphones. Amorgnth microphones
have been one of the most promising options because they agtausignals
provide comprehensive information about the foraging bekur. In this

work, a fully end-to-end deep architecture is proposed in der to perform

both detection and classi cation tasks of masticatory even in one step, re-
lying only on raw acoustic signals. The main bene t of this noel approach is
the substitution of handcrafted preprocessing and featurextraction phases
for a pure deep learning approach, which has shown better perfaance in re-

lated elds. Furthermore, di erent data augmentation techniques have been

Email address: mferrero@sinc.unl.edu.ar  (Mariano Ferrero)
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evaluated to address the data shortness for models develagmt) typical in
this eld. The results demonstrate that the proposed architeture achieves
a F1 score value of 79.82, which represents an increment clesd 8% with
respect to other state-of-the-art algorithms. Moreover, tb proposed data
augmentation techniques provide further performance enheements, emerg-
ing as interesting alternatives in this eld.

Keywords: Deep learning, data augmentation, acoustic monitoring,

precision livestock farming, ruminant foraging behaviour

1. Introduction

Speci ¢ changes in animal behaviour are directly related tds physical
conditions (Frost et al., 1997), therefore tracking thesehanges comprises an
essential task of livestock management monitoring. Traddnally, it has been
done by manual observation, which is labour-intensive and teasible in some
practical scenarios. With the advances in communication aninformation
technologies, new automatic and non-invasive methods aeoto boost data
collection and processing, simplifying herd managementdies (Neethirajan,
2020).

Monitoring ruminants' foraging behaviour is a critical and tallenging
task. When long-term analyses are performed (ranging fronegeral minutes
to hours), two main activities must be distinguished: rumiation and graz-
ing. These activities are build-up on di erent jaw movement (M) events:
bites, chews and chew-bites (Ungar et al., 2006; Milone et alQI2). Bites
re ect the apprehension and severance of forage, and chewse therbage

comminution. A combination of them in the same jaw movementsi called
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a chew-bite event. Monitoring the number of these events helps provide
useful information regarding animal health, nutrition stdus, welfare and for-
aging activities (De Boever et al., 1990). For example, a csistent reduction
in rumination activity might indicate the presence of healh disorders or dis-
eases (Calamari et al., 2014; Paudyal et al., 2018).

Di erent sources of information have been used in the last dades to
detect and classify JM events (Andriamandroso et al., 2018onteiro et al.,
2021). Initially, the proposed strategy was based on obsation (in-situ or
video recordings), switches and jaw strap adjustment (Bal¢tL958; Penning,
1983; Matsui and Okubo, 1991). This complex and fault-pronelstion heav-
ily depends on experts and is not possible to automate it, bej unfeasible
in large herds (Milone et al., 2009).

Other methods that recognise JM events rely on pressure sersmounted
in a halter. The RumiWatch system (Itin and Hoch GmbH, LiestaJ Switzer-
land) is comprised of a pressure sensor and a 3D accelerométegather
data produced during JM. This data is later analysed by a softwa that
discriminates between chews produced during rumination, etvs produced
during feeding and grazing bites (Rombach et al., 2019). Albugh this sen-
sor reached good performance under di erent conditions (Rska et al., 2016;
Werner et al., 2018), their main limitation is the requiremat of human inter-
vention for calibration, making infeasible it use in commeial farms (Riabo
et al., 2022). Additionally, several practical issues haveeen reported in the
use of halters (Nydegger et al., 2011) such as frequent dareaghen applied
in loose housing systems.

On the other hand, diverse motion sensors located in di ereqiaces of the
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animal's body have been used to determine long-term actiigs (rumination,
grazing, resting, among others) rather than JM events (Fogty et al., 2020;
Balasso et al., 2021; Riabo et al., 2022).

Bite events count has been addressed using pattern matchiteghniques
from 1D accelerometer (Tani et al., 2013), 3D accelerometé®udshoorn
et al., 2013; Giovanetti et al., 2017) and inertial measureemt unit (Andria-
mandroso et al., 2015). Despite the fact that motion sensopovide inter-
esting options to automatically count feeding JM (low samjhg frequency
and comprehensive data), the distinction between di erentytpes of events
represents a challenging task from these signals and propatidation on di-
verse pasture and larger duration trials is still required@ing et al., 2022).
The sensitivity of this kind of sensors might introduce erra and misclassi-
cations due to unrelated movements with JM events (ear wigghg or head
turns). Furthermore, position displacements of the motiorsensor a ect the
JM event recognition, and they are di cult to prevent in free-ranging condi-
tions (Kamminga et al., 2018; Li et al., 2021a).

Acoustic sensors are useful for the recognition of JM everitsfree-ranging
environments. The use of microphones allows for capturing trls®unds pro-
duced by the teeth and propagated through the bones, cavieand soft tis-
sues of the cattle's head. The analysis of these signals is aulit task due
to the presence of environmental sounds (noises) and the higomputational
requirements. Beyond that, they are usually preferred ovepressure and
movement sensors because the acoustic signals capture mofermation in
order to perform JM events classi cation (Ungar et al., 2006Martinez-Rau

et al.,, 2022). Milone et al. (2012) developed a computationaemanding
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method to detect and classify JM events using hidden Markov ndels on
spectral-domain features. Navon et al. (2013) proposed a amne learning
approach to separate true events (without speci c classi dson) from back-
ground noise and silence. Chelotti et al. (2016) proposed thehew-Bite
Real-Time Algorithm, which de ned a sequential system for defcting and
classifying chews, bites and chew-bites using heuristic raland temporal fea-
tures. In a later work, searching for better results, the saenauthors proposed
a system based on machine learning called Chew-Bite IntelligeAlgorithm
(CBIA) (Chelotti et al., 2018). Recently, Martinez-Rau et al. (2022), pro-
posed an algorithm for robust recognition of JM events callieChew-Bite
Energy Based Algorithm. It is capable of discriminating fourevent types:
bites, chew-bites, rumination chews and grazing chews.

Automatic detection and classi cation systems based on sod analysis
usually perform a preprocessing stage (e.g., to improve séd-to-noise-ratio)
and then execute some sort of feature extraction to feed daitato the classi -
cation models. The lack of an end-to-end solution introducegveral potential
troubles, such as dependency on speci ¢ sound recordingtsyss and con g-
uration, as well as di culties to exploit potentially valua ble information not
encoded in manually created features. Li et al. (2021c) imiduced a compar-
ison of several deep learning (DL) architectures to clasgiiM events using
a preprocessing phase where frequency-domain representadiare extracted
from raw signals. The complete work ow proposed by these aubhs, to gen-
erate the inputs of neural networks models includes the folwing steps: back-
ground noise removal using a band-stop lter, uninformatie data removal

based on manually created thresholds and Mel-frequency cepkcoe cients



sinc(i) Research Institute for Signals, Systems and Computational Intelligence (sinc.unl.edu.ar)

M. Ferrero, L. D. Vignolo, S. R. Vanrell, L. Rau, J. O. Chelotti, J. Galli, L. Giovanini & H. L. Rufiner; "A full end-to-end deep approach for detecting and classifying jaw movements from acoustic signals in grazir

Engineering Applications of Artificial Intelligence, Vol. 121, 2023.

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

calculation. Compared with traditional machine learning tebniques, the use
of DL models brings the opportunity to automatically discoer patterns and
features from data at the expense of higher computational sis.

Based on the analysis of previous research it is possible tate that DL
models have been used only to classify JM events. Thereforee tapplication
of DL models to perform JM events recognition (which involvedM events
detection and the posterior classi cation of them), has nobeen explored
yet. Additionally, the rest of the traditional alternative s (such as the CBIA
system) heavily depend on manual feature extraction methgdind arbitrarily
de ned pre-processing steps. Promising results presenteg b et al. (2021c)
highly motivate the study of DL architectures to tackle the Imitation of JM
events recognition.

In this paper, a truly end-to-end approach is proposed to poess raw
audio signals toward the detection and the classi cation adM events (bite,
chew and chew-bite). The proposed DL strategy combines the pemof con-
volutional networks for feature learning with the time modehg capabilities
of recurrent units, to implementdetection and classi cation tasks in one
step. Several architectures have been explored and compared toimt out
the bene ts and limitations of the proposed approach. Addibnally, di erent
data augmentation techniques have been evaluated to impmvthe generali-
sation capabilities of the proposed approach. Experimentagsults show the
bene ts of the application of the proposed deep architectes over traditional
machine learning approaches. The main contributions of thisaper are the
following: a) a novel deep-learning model that combines caslutional and

recurrent neural networks is presented. It automaticallydarns the features
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representations and the temporal dependencies between Jiests from raw
audio signals. b) The proposed model is able of solving the JMemts detec-
tion and classi cation tasks in one step from raw from acougt signals; and
nally c) di erent data augmentation techniques were analygd to undertake

the data-shortness problem.

2. Material and methods

In this article, a novel deep-learning architecture calle®eep sound is
proposed. It is based on the combination of two types of neuraetworks:
Convolutional Neural Networks (CNN) (Lecun et al., 1998) and Bcurrent
Neural Networks (RNN) (Rumelhart et al., 1986). In the folleving sections,
a brief introduction to these architectures is provided. The, a detailed

description of the proposed method is presented.

2.1. CNN and RNN

Convolutional Neural Networks (CNN) (Lecun et al., 1998) are e of
the most widely used architectures for classi cation problas where input
data comes from unstructured sources - images (Kokalis et,a2020) or au-
dio (Ramirez et al., 2022), for example. They are usually coroped by
several convolutions layers, each one containing one or raolters. In the
learning stage, lters' weights (used in traditional convéution mathematical
operations) are adapted in order to approximate outputs usg optimisation
strategies like stochastic gradient descent or back-progation (Rumelhart
et al., 1986). By doing this, the layers are capable of leang di erent high

and low-level patterns without domain knowledge supplied.
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In CNN, convolutional layers are used in combination with poahg, batch
normalisation and dense layers. Pooling layers apply singpmathematical
operations (such as maximum extraction) in order to reduceimiensionality,
and they are commonly used after convolutional layers. On ¢hother hand,
batch normalisation layers scale the inputs, to the desiredalues, to accel-
erate the training process. Finally, dense layers corresmbto a at set of
hidden neurons fully connected (FNN) with the outputs of preious layers,
providing to the CNN with the ability to adapt the e ect of interm ediate
representations, learned by convolutions, on the output. T relation be-
tween convolution with other layers is created using a atteimg operation,
which transforms the output of convolution layers into a veatr. An impor-
tant operation used in these layers (except for batch normahtion) is called
drop-out , which introduces random crops between layer connectionsrehg
the training phase to avoid model over- tting (Hinton et al., 2012).

Recurrent Neural Networks (RNN) (Rumelhart et al., 1986) a& broadly
used in a wide variety of problems involving temporal sequeas (Lim et al.,
2019; Li et al., 2021b). RNN connects layer outputs as inpute® the same
layer, enabling temporal data ow more e ciently across thenetwork. More
sophisticated architectures have been developed in recemiars to overcome
some RNN limitations. Gated Recurrent Units (GRU) are compsed of sev-
eral neurons callectells, each one uses two di erent gates: reset and update
(Cho et al., 2014). These gates, tuned during the training press, allow
every neuron to control the trade-o between how much inforration is used
from previous and current states. GRU networks are composed several

GRU cells placed sequentially. A variation of a RNN proposeby Schuster
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and Paliwal (1997) is called Bidirectional RNN. This networkintroduces two
identically RNN in terms of architecture, one trained with time sequences for-
wards and the other one with the same sequences backward, botmnected
to the next layer of the network. Speci cally, bidirectiond GRU (BGRU)
achieved very promising results in sound events detectiohy et al., 2018;

Meng et al., 2022) and classi cation (Zhu et al., 2020).

2.2. Deep sound

Di erent variations of several deep architectures were stued for this
problem, based on previous research in related elds (Khanseet al., 2021;
Bahmei et al., 2022; Petmezas et al., 2022). The alternativegere evalu-
ated from a theoretical perspective and the most promisingnes were im-
plemented. Thus, a hybrid one-dimensional (1D) CNN-BGRU netark ar-
chitecture is proposed, namedeep sound. To the best of the authors'
knowledge, this represents the rst deep end-to-end approration to the
problem of JM events detection and recognition from acoustisignals. The
network receives the sound windows extracted from the origihaudio les
without any prior preprocessing or feature extraction phaseand classi es
them into one of four possible classes: chew, bite, chew-bitedano-event.
Therefore, the proposed method tackles the problems of JM exaletection
and classi cation at the same time.

The proposed model structure is given by: an input layer and geral hid-
den layers distributed in three main blocks correspondingptCNN, BGRU,
and FNN. An overall schematic of the proposed model is preded in Fig-
ure 1(a), while a detailed description of the architecture ishowed in Fig-
ure 1(b). The rst part of Figure 1(b) represents the CNN block éthe model,

9
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which is a combination of 1D convolutional layers, dropout agrations, and
max pooling layers. This way, the network is capable of extréing low- and
high-level features from audio chunks and performing dimsionality reduc-
tion at the same time. At the beginning of this block, a re-sdmg layer
adapts the range of input values for implementation purpose A atten op-
eration is also used to create a raw vector from the last corlutional layer. A
complete de nition of layer con gurations, such as numberplters and lter
sizes, is provided in the gure. The second block in Figure 1Jbntroduces a
recurrent network, composed of a BGRU layer with 128 cells. Thaurpose
of this block is to capture time dependencies in the data. Thest block
of the network implements a typical FNN with three dense layer and two
dropout operations. Blocks one and three are placed into tendistributed
wrappers, allowing the same layers to be applied to each windowtbe in-
put signals. This means that the same set of connection weighis trained
and used in these blocks for every time window. All convoluti@h layers
use the activation function recti ed linear unit (ReLU), whilst the cells of
the BGRU use hyperbolic tangent and sigmoid. The rst and seca dense
layers perform both ReLU, and the last dense layer uses theftsmax func-
tion for classi cation. All layers (convolutional, recurrent and dense) use the
Xavier initialisation method (Glorot and Bengio, 2010) andbias terms were
initialised to zero.

The main limitations of the proposed method are: a) a considable
amount of labelled data is needed for training, b) the intengetability of the
method and its outputs is limited (Arrieta et al., 2020; Hoxlallari, 2022), and

c) a considerable amount of processing is required in the enénce phase.

11
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2.3. Acoustic dataset

2.3.1. Original dataset

The data used in this work is one of the rst open datasets in tisi eld of
study (Vanrell et al., 2020). The eldwork to obtain this dataset took place
at the Campo Experimental J.F. Villarino, Facultad de CienciasAgrarias,
Universidad Nacional de Rosario, Zavalla, Argentina. The oerdings include
sounds produced by dairy cows in individual grazing sessiocenducted over
a 5-day period. Microphones used to record audio signals (Nad51 VR,
Nady Systems, Oakland, CA, USA) were located on the cow's foredd and
covered with rubber foam. Further details about experimentadesign could
be found in the dataset article (Vanrell et al., 2020).

A total of 52 raw audio signals (WAV audio les, mono, 16-bits 22.05
kHz) are available!. A summary of the dataset contents is presented in Ta-
ble 1. Each audio signal consists of sequences of JM eventstebj chews,
and chew-bites separated by silence (ranging from 19 to 152average du-
ration 62.76+ 28.61 s). Two di erent experts in ruminant foraging behaviou
independently performed the identi cation of each JM (inaliding event la-
bel, start, and end time) by analysing videotapes and sounds the same
time. Agreement results were 100% for bites, 98.2% for chevesid 99.1%
for chew-bites. There were 2.7% of insertions and 0.9% of dedes. Thus,
the total segmentation and classi cation accuracy was 936. Both experts

worked together to achieve a nal decision in case of disagment.

!Direct URL to data: https://github.com/sinc-lab/dataset -jaw-movements

12



sinc(i) Research Institute for Signals, Systems and Computational Intelligence (sinc.unl.edu.ar)

M. Ferrero, L. D. Vignolo, S. R. Vanrell, L. Rau, J. O. Chelotti, J. Galli, L. Giovanini & H. L. Rufiner; "A full end-to-end deep approach for detecting and classifying jaw movements from acoustic signals in grazir

Engineering Applications of Artificial Intelligence, Vol. 121, 2023.

255

256

257

258

259

260

261

262

264

265

266

267

268

269

270

271

Table 1: Summary of audio les grouped by pasture and height.

Pasture Height Chews Bites Chew-Bites Overall duration
Alfalfa  Tall 416 148 322 14 min 26 s
Alfalfa  Short 260 179 123 12 min 42 s
Fescue Tall 487 100 238 14 min 03 s
Fescue  Short 454 94 217 13 min 13 s
Total 1617 (53%) 521 (17%) 900 (30%) 54 min 24 s

2.3.2. Data preparation

Since the delimitation of most of the labels in the original dtaset was
inaccurate with respect to the actual JM events, an improvenm to label
bounds has been proposed in the present work. Conducting auasinspec-
tion of original signals and labels, it is possible to noticthat there is not a
perfect time delimitation between JM events presence andtiestamps. Fig-
ure 2 shows some examples where over estimations of JM eventsatian
are introduced. To tackle this situation, time event delimiers have been
adapted using a label erosion method based on signal envelg@mputation
and selected thresholds. The events start timestamp was maove the po-
sition where the signal envelope reaches a certain threshiokimilarly, this
process was repeated in the opposite direction with the evesnd timestamp,
generating a time shift respecting the original label.

The threshold is de ned as follows: after JM event envelope caillation,
the maximum value is obtained and multiplied by a factor adaed to the
di erences between event characteristics. Table 2 introdes start and end

factors applied to di erent event classes.

13
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Original audio signals have been recorded at 22.05 kHz. Irder to reduce
dimensionality and computational costs, all les were dowranpled to 6 kHz.
In addition to this, original audio signals were divided indb small chunks
of data using sequentially ordered windows. Dierent window se&s have
been evaluated during the initial experimentation, consering the average
duration of JM events, and the value of 300ms produced the he®sults,
with a hop length of 150 ms. The average duration of the JM events 330
ms (= 150 ms), which means that two consequent windows might be needed
to represent one JM event. To assign a label to a particulargal window, a
minimum overlapping of 40% with a JM event label is required,garanteeing
that if only a small part of a window corresponds to a JM event ointerest

(bite, chew or chew-bite) it is tagged as 'no-event'.

2.3.3. Data augmentation

A distinctive characteristic of the proposed approach is #ganumber of pa-
rameters to be learned or tuned during the training processConsequently,
the use of a small amount of data may lead to over tting. In thecontext of
precision livestock farming, and JM events recognition ingsticular, getting
more annotated signals requires great e ort and resourceso bvercome this
problem, data augmentation techniques are traditionally mployed to arti -
cially create synthetic samples from original ones (Nannt al., 2021; Bahmei
et al., 2022). Despite that data augmentation is well-knowrof image-related
problems (Shorten and Khoshgoftaar, 2019), custom technigs are usually
required when working with audio signals.

When new samples are created from existing data, two factsalid be

considered:i) the types of perturbations applied on original data to crea a

15
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di erent one, but still usable synthetic audio signal (namechere augmen-
tation technique ), and ii) how to apply them to every training sample
(augmentation protocol ). Several augmentation techniques have been ex-
plored in early experimentation (including but not limited to loop, pitch shift,
time stretch and percussive). Finally, six data augmentabin techniques were

selected:

Resynthesis by Linear Predictor Coe cients (LPC): given an inpu
signal, the LPC is estimated, randomly perturbed, and nallyused to

generate a new signal using a resynthesis process.

Reverse: a copy is created from original values by doing a kaard

pass.

Random crop: randomly pick a very small fraction (1%) of comtuous

values from the input signal and turn them to zero.

Background noise: add white noise to the original signal, umgj a signal-

to-noise ratio of 10 dB.

Amplitude change: increase or decrease signal amplitude aycertain
decibel amount. Positive values stand for increases, whileegative

stands for amplitude decrease.

Frequency lters: apply a second-order Butterworth high-pss or low-
pass lIter to the input signal. The high-pass and low-pass Ites have

a cut-o frequency of 500 Hz and 100 Hz, respectively.

On the other hand, two di erent augmentation protocols were ¢sted:

16
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Random: pick one augmentation technique and use it to genéeaa

synthetic signal.

Serial: create a pipeline serialising all de ned augmentain techniques
in order to apply them one by one. This way the input to the rst tech-
nique is the original audio signal and its output is fed to thesubsequent

technique.

During experimentation, three synthetic signals were créad from every
single input sample when de ning an augmentation protocol. Tése values
were selected in order to explore the e ect of this component thibut signif-

icantly a ecting the computational cost.

2.4. Experimentation methodology

2.4.1. Model selection approach
For all experiments, the models were evaluated using 10-daross-validation

(CV). Every fold contains 5 or 6 input les, randomly selectedrfom the total
of 52 available. In this way, every input le was included in aly one fold.
In addition to this, 20% of the 9 folds used for training on evy iteration
were reserved for validation. The assignment of sound les the train and
test sets in each fold was xed across di erent experiments. Ehnumber of
windows in test sets was 216& 360 (proportion per class: 5 1% bites -
18 £ 1% chews - 14t 4% chew-bites - 63 4% no-event). The number of
windows in train and validation sets changed from one experimeto another
due to the use of di erent data augmentation con gurations. The training
samples were weighted in order to tackle classes imbalanoe@ding to the

following expression:
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CWe = Nmax =N; (1)

where cw is the class weight of instance of classc, nnax IS the number
of instances of the majority class anah. is the number of instances of class
c. Finally, the experiments were set-up with a total of 1500 emhs with
early stopping (50 epochs tolerance), Adam (Kingma and Ba, 20) as the
optimizer, the batch size was xed to 10, 0.001 as the learrgnrate, and
categorical cross entropy as loss function. Default valuegere used for the

remaining parameters.

2.4.2. Evaluation metrics

The dynamical problem of simultaneous detection and classiation of JM
events using raw audio signals is substantially di erent fnm the approach of
dividing the problem into JM event detection and subsequentlassi cation
based on previously detected events (Chelotti et al., 2018; Miamez-Rau
et al., 2022). In the former, the temporal component plays aevy important
role, since the need to properly detect JM event's onsets amdsets a ects
the results of the classi cation. Based on this, the generiain of a model
that deals with detecting and classifying events at once regas the use
of a validation mechanism that is capable of considering asgis related to
temporality, as well as predicted labels accuracy.

To evaluate JM events detection and classi cation performaes, the
sed_eval standardised toolbox was used (Mesaros et al., 2D21 is a trans-
parent and broad library to evaluate sound event recognisexystems. The

toolbox was designed for the task of sound event recognitiomhich involves
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locating and classifying sounds in audio recordings, estiting onset and o -

set for distinct sound event instances and providing a texal descriptor for
each. This matches the task presented in this work, where soudil events
classes are chew, bite and chew-bite. A temporal tolerance l{ag of 300 ms
was used. This value was determined based on preliminary exipgentation

considering two main aspects: 1) the collar should be smalkan the aver-

age event duration (330 ms) in order to ensure overlap betweeeference and
predicted window. 2) it should avoid undesired overlap betwaedwo adjacent
events (with an average separation between two adjacent etgmf 726 ms).
The selected value meets both criteria.

With the use of sed_eval toolbox, a reference JM event is carctly de-
tected if two conditions are met:i) The start timestamp of the predicted JM
event is located in the interval de ned by reference onset tolerance value.
i) The end timestamp of the predicted JM event is located in the terval
de ned by reference o sett tolerance value. Figure 3 introduces a graphical
representation of how this toolbox works.

Based on before mentioned evaluation toolbox, several wktlown metrics

have been used:

TP
TP+ FP’

TP
TP+ FN’
2 precision recall
precision + recall
S+D+1
N

precision =

recall =

F1 score=

error rate =
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2.5. Experimental setup

The design and implementation of the proposed model were deysed
using Python 3.6.2 and TensorFlow-GPU 2.6.2. Di erent utilities from the
Python library scikit-learn 0.24.2 have been used, such asbkl encoders
and k-fold extraction. Augly (Papakipos and Bitton, 2022),a Python data
augmentation library, was used to apply some of the previolysmentioned
augmentation techniques (background noise, amplitude chge and frequency
lters). Experiments were performed using an Intél Core—i7-8700 3.20GHz
CPU, 64 GB RAM and 24 GB NVIDIA GeForce RTX 3090 GPU. A Titan
XP GPU was also used for model exploration, preliminary expienentation

and hyperparameter tuning.

3. Results

During the optimisation process, a total of 39 experiments ave tested,
aiming to nd the best model architecture con guration consdering varia-
tions in the CNN part of the model (block 1 in Figure 1). The most pomising
and standard hyper-parameters combinations (such as the mber of layers,
number of lters, and dimension of lters) have been consided for this
exploration. All experiments used the 10-fold CV method desbed in Sec-
tion 2.4.1. Layers con guration from most representative xperiments are
described in Figure 4, and their respective recognition nelés are presented
in Table 3. In terms of performance, architecture (c) exhibeéd the high-
est F1 score value. Moreover, this model also reached the lstverror rate.
Therefore, it is possible to establish that architecture (cton gures the best

combination explored, considering numbers of layers, nummbof Iters and
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Table 3: Recognition results of the proposed model for di eent layers architectures on
the CNN block. For every experiment, average values and starard deviation of 10-folds

CV are presented.

Precision " Recall " F1 score" Error rate # Deletion # Insertion #

(a) 63.13% 6.53 79.81+ 6.06 70.45+ 6.26 0.54+ 0.12 0.07+ 0.03 0.34+ 0.07
(b) 7191+ 5.26 85.77+ 3.37 78.19+ 4.33 0.39+ 0.08 0.05+ 0.02 0.25+ 0.06
(c) 7372+ 492 87.16 + 274 7982 + 3.70 0.37 + 0.08 0.05 + 0.01 0.24 =+ 0.07
(d) 73.38+ 5.30 85.92+ 3.81 79.12+ 4.46 0.37+ 0.09 0.06+ 0.02 0.23+ 0.06

Table 4: Evaluation of the impact of the RNN block in the proposed model. For each

experiment, the average and the standard deviation of 10-fidl CV are presented.

Precision” Recall " F1 score" Error rate # Deletion # Insertion #

Deep sound 73.72 £ 492 87.16 £ 274 79.82 £ 3.70 0.37 + 0.08 0.05 £+ 0.01 0.24 = 0.07
Deep sound (no RNN)  48.77+ 3.89 82.55+ 3.64 61.26+ 3.79 0.95+ 0.14 0.07+ 0.03 0.77+ 0.12

»29 Of the impact of using several data augmentation techniquesnd protocols
w0 Were carried out using the proposed Deep sound (c) architace. Table 5
s introduces the results of di erent experiments using isol&d augmentation
«32  techniques (in order to measure the individual impact) andambining many
w3 Of them at the same time with a particular augmentation protool. The

s protocol combined the three best individual techniques bad on its F1 score
«5  (background noise, random crop and amplitude (+2 dB)) to fan a top 3

16 augmentation technique. This combination has been testeding serial and
s7 random protocols. The highest F1 score (p=0.006; Wilcoxongied-rank
w3 test) (Wilcoxon, 1945) was reported using the top 3 augmertian techniques
19 With serial augmentation protocol.

440 Finally, a contrast between the proposed model and other s&of-the-art
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Table 5: Results of the proposed model using di erent augmetation techniques and pro-
tocols. For each experiment, the average and the standard dgation of 10-fold CV are

presented. The number of copies generated per original sanmmlwas xed to three.

Augmentation Augmentation .

technique protocol Precision” Recall F1 score” Error rate #
No augmentation - 73.72+ 492 87.16 £ 274 79.82+ 3.69 0.37+ 0.08
LPC - 7188+ 4.72 86.67+ 2.64 78.54+ 3.69 0.40+ 0.08
Background noise - 76.83 5.61 85.71+ 3.46 80.96+ 4.37 0.32+ 0.09
Random crop - 77.28+ 7.72 86.31+ 3.72 81.43+ 5.63 0.32+ 0.12
Amplitude (+2 dB) - 76.14 + 5.33 86.60+ 3.89 80.98+ 4.37 0.33+ 0.08
Amplitude (-2 dB) - 74.24 + 6.45 86.18+ 3.33 79.68+ 4.78 0.37+ 0.10
High-pass lIter - 70.63 + 557 85.25+ 3.82 77.19+ 4.59 0.42+ 0.09
Low-pass Iter - 66.64 = 8.37 83.80+ 4.99 74.09+ 6.83 0.50+ 0.17
Reverse - 72.9G: 5.91 86.78+ 2.61 79.16x 4.38 0.39+ 0.09
Top 3 Serial 78.39 = 4.09 86.60+ 3.08 82.27 + 3.42 0.29 + 0.06
Top 3 Random 77.04x 545 87.06x+ 3.19 81.67+ 3.99 0.32+ 0.08

methods has been carried out. In particular, the algorithmalled Chew-Bite
Intelligent Algorithm (CBIA) (Chelotti et al., 2018) and an im plementation
of the ResNet proposed by Hershey et al. (2017) for raw auditassi ca-

tion were compared using the same evaluation toolbox and mies. The
CBIA method was selected because it 0 ers the best results ofagt-of-the-
art in the detection and classi cation of JM events problem (nlike Li et al.

(2021c), where only classi cation is performed) for chew, ldtand chew-bite
labels. Moreover, as the authors mention in their work, the Let al. (2021c)
proposal does not o er improvements in terms of classi catio rates with

respect to Chelotti et al. (2018) approach. The ResNet architture was
selected because it is one of the best well-known DL models posed for
image classi cation and reached the best results for audi¢assi cation tasks

(Hershey et al., 2017) among other DL models (such as VGG (Sinyan and
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Table 6: Comparison between the proposed method and other ste-of-the-art algorithms,

CBIA and ResNet architecture.

Precision" Recall " F1 score" Error rate # Deletion # Insertion #

Deep sound 78.39 + 4.09 86.60 + 3.08 82.27 + 342 0.29 + 0.06 0.06 + 0.02 0.17+ 0.05
CBIA 68.69 + 7.56 70.30+ 7.92 69.43+ 7.52 0.42+ 0.11 0.10+ 0.05 0.12 + 0.06
ResNet audio  43.99+ 12.96 54.99+ 23.35 47.9+ 17.16 0.97+ 0.27 0.3+ 0.21 0.52+ 0.2

Zisserman, 2014), Inception (Szegedy et al., 2016) or AlestN(Krizhevsky
et al., 2017)).

The results of this comparison are presented in Table 6 and septed by
class in Table 7. Deep sound refers to the best architecturercguration
(architecture (c)), trained using top 3 (background noisetandom crop and
amplitude increase +2 dB) serial augmentation protocol. Itan be seen that
there is a signi cant improvement using the proposed algahim (p=0.002
based on F1 score; Wilcoxon signed-rank test) (Wilcoxon, 49). Despite
this, results from all methods are higher for chew events, gioably related to
the fact that this is the most predominant class. Regarding&letion metric,
the proposed algorithm increases the number of ground truéwvents detected.
However, CBIA presents a smaller number of insertions than ¢hproposed
algorithm.

Finally, a summary of the di erent approaches is introducedn Figure 5.
In terms of F1 score and precision, the proposed architecu(Deep sound)
using augmentation techniques obtained the best results, efeas ResNet
architecture led to the lowest value. On the other hand, basgeon the re-
call metric, the proposed architecture without augmentatio techniques pre-

sented the best results and ResNet produced the worst. It iogsible to note
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Table 7: Class based results obtained for the proposed archdtture and other state-of-the-

art algorithms, CBIA and ResNet architecture.

Class Precision” Recall " F1 score"
Bite 73.59+ 8.49 76.10+ 9.16 74.27+ 6.52
peep Chew 82.56+ 6.32 90.61+ 3.58 86.33t 4.78
sound Chew-Bite 73.81+ 840 86.53+ 4.38 79.31+ 5.24
Bite 48.77+ 10.72 66.41+ 10.37 55.06+ 7.48
CBIA Chew 77.30+ 6.59 76.69+ 5.72 76.77+ 4.60
Chew-Bite 70.77+ 15.06 60.78+ 18.09 63.74+ 16.65
ResNet Bite 36.72+ 20.8 55.18+ 23.95 42.6+ 20.7
audio Chew 51.31+ 26.02 52.6+ 34.18 48.91+ 28.54

Chew-Bite 41.62% 12.97 62.94+ 20.09 46.87+ 11.95

that ResNet also exhibited higher deviations in all preseatl metrics.

4. Discussion

4.1. End-to-end model architecture

Based on the presented results, the use of a deep end-to-emgraach
provides the model the capacity to learn relevant internal @presentations
starting from raw signals. Manual feature computation and dxaction are
di cult tasks, which involve a deep understanding of the studed phenomena
as well as the capacity to apply that knowledge properly. Thisirhitation
is overcome in the proposed model, resulting in a signi cantnprovement
compared with traditional machine learning algorithms. It 8 important to
highlight that the use of recurrent layers introduces a sulbantial bene t to

the model architecture. The use of di erent gates allows thesayers to learn
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probably represents a considerable increment compared tther traditional
methods. However, the use of convolutional layers preverdsigger increase
in this number with respect to other neural network architeaires, which use
mainly dense layers.

The evaluation with di erent data folds shows a considerable le¥ of de-
viation in the performance metrics. This e ect might be due to he fact that
several signals are particularly di erent from the rest in tems of duration
(shorter) and JM events distribution (most of the present eents correspond
to the same class along the signal). The recognition performze decreased

on those signals in all performed experiments.

4.2. E ect of learning from synthetic data

In order to increase the size of the dataset available for tirang in each
fold, eight di erent data augmentation techniques were propsed and anal-
ysed (Table 5). Results showed that a subset of them allowete model to
improve the recognition performance in terms of F1 score. Wh analysing
precision and recall separately, it is possible to note thahtroducing syn-
thetic data to the training process reduces the number of detted events
in general. Despite this, for some techniques there was anpgrovement in
the precision of predictions. The results highlight the impdance of using
augmentation techniques to increase the generalisationpaity of the model.

Some individual techniques showed a positive impact on thegormance,
while others showed no impact or even a negative impact. The tedques of
both low- and high-pass lters and reverse degraded the perfoance com-
pared to the no augmentation approach. In contrast, when adalgy back-

ground noise or random crops, the model presented improveme regarding
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recognition results.

A comparison between proposed protocols and individual tegiques high-
lighted that generating new samples by applying a selectiaof the best in-
dividual techniques, in a sequential one-by-one pipelines more convenient

than randomly picking one of them.

4.3. Comparison against existing methods

Results presented in Table 6 and Table 7 exhibit a considerghdmprove-
ment of the proposed method against the CBIA and ResNet methedn
terms of recognition performance. The results obtained by ¢hResNet are
poor in this context. This may be mainly due to the fact that the model
was originally intended to process images, and it lacks caphties to learn
from temporal sequences as needed for this particular prebi. It is impor-
tant to note here that results reported by Chelotti et al. (20B) are a ected
by the use of a di erent tool to compare ground truth values agast model
predictions. In this case, the temporal alignment of both ents (real and
predicted) is considered using a gap or collar. By doing thifor example, a
sequence of events predicted in the correct order is not cateyed successful
if the temporal localisation does not match. Consequentlyt is possible to
state that the comparison method proposed in this study is nme rigorous
and appropriate for problems of JM event detection and claissation.

In terms of computational costs, the proposed method invods a total of
464,919,007 oating point operations (FLOPS) in order to anlgise one second
of the signal. The details about estimation of these costs apeesented in the
Appendix A. This number represents an increase in the calcuians needed
against the CBIA (1.000:1), which needs 398,860 FLOPs to prosesne sec-
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ond of the signal. This value was estimated using the calculahs reported
by the authors for the version (Least Mean Squares lIter and MdlLayer

Perceptron) and sampling frequency (22.05 kHz) used in theaplementation

conducted here. Although the proposed method represents excrease in the
number of operations, the improvements obtained with respeto more ac-

curate recognition results represent a considerable advage in the context
of applications where real-time operation is not required. Tédnkey advantage
of the proposed method is its ability to accurately classifyM using raw au-
dio signals, without any previous de nition of sound feature to be analysed
by the system. In this stage, the computational cost of algghms is not

relevant compared with their ability to extract the appropriate information

without an expensive , handcrafted and generally non-optal feature engi-
neering stage. This fact implies that this type of model can baesed in the
development stages of a system when relevant features for J&tognition of
the sound are explored.

The interpretability of a proposed solution is another subjet that must be
analysed from a practical point of view. In this sense, the miebd presented
in this paper poses a disadvantage when compared to traditimshmethods
that use "white box" models.

On the other hand, when algorithms must be deployed on 10T syams,
computational cost is a central issue since they must minige the use of
energy. This type of operational condition requires that algrithms must be
optimised from the processor's perspective, minimising ¢hamount of energy
and memory as well as the notation used to represent the infoation. In

this way, handcrafted feature algorithms might require lesimplementation

30



sinc(i) Research Institute for Signals, Systems and Computational Intelligence (sinc.unl.edu.ar)

M. Ferrero, L. D. Vignolo, S. R. Vanrell, L. Rau, J. O. Chelotti, J. Galli, L. Giovanini & H. L. Rufiner; "A full end-to-end deep approach for detecting and classifying jaw movements from acoustic signals in grazir

Engineering Applications of Artificial Intelligence, Vol. 121, 2023.

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

e ort in these scenarios. The price paid is the time and work regred to
develop the system.

Concerning other DL methods, Li et al. (2021c) reported 88.88.9 and
88.8 for F1 score, precision and recall respectively. Everotigh these values
seems to overcome the proposed Deep sound architecture ia tiassi cation
task, detection is disregarded in that study. Moreover, tharitations of the
approach proposed by Li et al. (2021c), plus the evaluationetrics proposed
here, should be considered in order to perform a direct compon between
both methods. Finally, it is important to note that results reported by Li

et al. (2021c) slightly outperformed or was comparable to CBI.

5. Conclusions

In this study, a novel end-to-end architecture for detectio and classi ca-
tion of ruminant masticatory JM events was presented and el@ated with
real data. The model combines two well known neural network tygs into a
single model, generating a CNN-RNN nal architecture. Di erat numbers
of convolutional layers in the CNN block of the network have kan explored.
The highest recognition performance (micro F1 score up to B3%) was ob-
tained using 4 pairs of convolution (plus dropout) layers. Té use of data
augmentation has been evaluated, which resulted in an imprement of recog-
nition performance (almost 2.5% in terms of micro F1 score) weh using a
selected subset of techniques to generate synthetic sanspléfhe proposed
architecture outperformed a previous method (CBIA) by at leat 10% (micro
F1 score) and a ResNet implementation by more than 30% (micFl score).

On the other hand, the proposed architecture automaticallgxtracts features
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from raw signals, which introduces very promising results whecompared to
traditional methods that use manually created characterigs.

Future research will focus on the optimization of computatioal cost of
the proposed method, and the analysis of its impact on recagon results.
The interpretation of learned features and their correspordg qualitative
analysis will be part of future works. Finally, an exploratim of transfer
learning, semi-supervised learning and related approacheill be studied in

order to evaluate other alternatives for small quantities folabelled data.
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Appendix A. Computational costs

The amount of operations required for processing one secondanidio
signal were estimated at a sampling frequency of 6 kHz, a tinvendow of
300 ms and a hop length of 150 ms. The procedure used to estimtiese
calculations is similar to the one used in Chelotti et al. (2@) in which
additions and multiplications count as separated operatits. The model
architecture presented in Figure 4 (c) was used here for coanson purposes.

In the rst block of the proposed model, the following layers were con-
sidered: re-scaling, 1D convolution and max pooling. FLOPsquired for
activation functions were also considered. Dropouts weresdarded because
these layers only applied during training, and no calculatns were considered
for the atten operation. The cost of each of the convolutionblayers were

estimated using the following expression:

2 CG K H W GCp (A.1)
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where C; and C, represents the input and output channelsk the kernel
size,H and W the size of the output feature map. According to this, the
total number of FLOPs in the rst block of the model is 272.235113.

In the second block of the model, FLOPs involved in reset and dpte
gates, activation functions and output generation were caidered for every
unit. The total number of FLOPs required is 191.363.413.

Finally, in the last block of the model, the FLOPs required indense layers
as well as activation functions were considered. The cost &foh dense layer

were estimated using the following expression:

2 1 0O (A.2)

where | and O represent the number of input and output neurons, re-
spectively. The total number of FLOPs in the last block of the mdel is
1.320.180. In summary, the total number of FLOPs in order to rcess one

second of signal is 464.919.007.
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Abstract

1 Monitoring feeding behaviour is a relevant task for e cient rerd management
> and the e ective use of available resources in grazing cattl@he ability to

s automatically recognise animals' feeding activities thrnagh the identi cation

« of specic jaw movements allows for the improvement of diet foulation,

s as well as early detection of metabolic problems and symptenof animal
s discomfort, among other benets. The use of sensors to obtasignals for
7 such monitoring has become popular in the last two decades. dlmost fre-
s quently employed sensors include accelerometers, micropks, and cameras,
o each with its own set of advantages and drawbacks. An unexploradpect is
10 the simultaneous use of multiple sensors with the aim of conmting signals

1 in order to enhance the precision of the estimations. In thidirection, this
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work introduces a deep neural network based on the fusion ofaastic and
inertial signals, composed of convolutional, recurrent @hdense layers. The
main advantage of this model is the combination of signals tbugh the au-
tomatic extraction of features independently from each othem. The model
has emerged from an exploration and comparison of di erent neal network
architectures proposed in this work, which carry out informion fusion at
di erent levels. Feature-level fusion has outperformed datand decision-level
fusion by at least a 0.14 based on the F1-score metric. Moregva compar-
ison with state-of-the-art machine learning methods is prested, including
traditional and deep learning approaches. The proposed mddgelded an
F1-score value of 0.802, representing a 14% increase coradaio previous

methods.
Keywords: Deep learning, information fusion, convolutional neural

networks, recurrent neural networks, precision livestockarming, ruminant

foraging behaviour.

1. Introduction

In the context of precision livestock farming, obtaining acurate knowl-
edge about the feeding behaviour of grazing livestock is essal for improv-
ing management decisions. Valuable information can be olmad by moni-
toring cattle behaviours (Andriamandroso et al., 2016). Thevailability of
precise information for each animal in a livestock produain system enables
individualised herd management. This has a positive impactnovarious as-
pects of livestock management, including feeding, healtreproduction, care,

and welfare.
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With regard to the monitoring of feeding behaviour, two prirctipal ac-
tivities may be considered: grazing and rumination. Each ped of these
activities may last from minutes to hours and consists of sagnces of spe-
ci ¢ jaw movement (JM) events that allow their accurate ideni cation and
tracking. These events are classi ed as bite, chew, and chewebfa combina-
tion of the two previous events) (Laca and WallisDeVries, ZW; Ungar et al.,
2006; Milone et al., 2012). Monitoring the occurrence of thesvents and
activity periods allows for the estimation of dry matter inteke (Galli et al.,
2006), the detection of the presence of a disease or condit{@alamari et al.,
2014; Paudyal et al., 2018), the prediction of states of sgg (Herskin et al.,
2004) or anxiety (Bristow and Holmes, 2007), and approximatg the calv-
ing moment (Buchel and Sundrum, 2014, Clark et al., 2015), toame a few
examples.

Continuous direct observation of cattle behaviours represts a challenge,
especially when dealing with a signi cant number of animals diributed
across extensive areas. This challenge has driven researto ithe use of
sensors for monitoring relevant livestock behaviours. Maus types of sen-
sors have been proposed, allowing for di erentiation betwedhose which are
positioned on the animal (commonly referred to as "wearald®) and those
situated externally. The former has been the predominant clae in the lit-
erature, with motion sensors being the preferred option, folved by acoustic
sensors (Chelotti et al., 2023a; Andriamandroso et al., 20168/Nhile the use
of a single sensor has been the most extensively studied aggoh, the com-
bination of signals from multiple sensors has yet to be fullgxplored. This

represents an advantage in this problem due to the ability tthave comple-



58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

82

mentary information to reduce environmental noise, make t system more
robust to failures, and improve detection capabilities, awng others. This
promising approach can be addressed through the use of datesibn strate-
gies.

In the context of information fusion, three main levels of aktraction are
frequently employed in situations where data comes from migle sensors.
These are data fusion, feature fusion, and decision fusiongHand Llinas,
1997; Qiu et al., 2022). Data fusion level refers to the prermae combina-
tion of acquired signals from sensors to create a unique sigrwith several
channels, regardless of whether pre-processing is perfodnoe not. In this
context, a common approach consists of the creation of mutiodal signals
by stacking raw signals. On the other hand, the feature-fusn level involves
extracting representative values of each signal (usuallysing xed-size win-
dows) and then constructing a vector of xed-dimension elemés. The main
idea is to combine information from all available signals ithis single repre-
sentation, generating some independence between specirogerties of each
signal (Spinsante et al., 2016). Feature generation can beanual (i.e. follow-
ing a feature engineering approach) or automatic (i.e. sddarned features in
a deep learning approach). Finally, the decision-level fia builds a system
that combines predictions from underlying systems, each afhich analyses
information from a single sensor (Garcia-Ceja et al., 2018)Consequently,
the system endeavours to optimise the output by combining @electing hy-
potheses generated by simpler systems, in accordance with amparable
methodology to ensemble methods (Dietterich, 2000). To @t a nal deci-

sion, traditional approaches could be employed (such as moaty voting) in
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addition to machine learning models (for instance decisiomees or logistic
regression).

This paper presents a multi-head convolutional neural netwk (CNN) -
recurrent neural network (RNN) approach for the recognitio of JM events
in grazing cattle. The approach fuses information from acotis and iner-
tial measurement units (IMU) signals at the feature level witlbut any prior
preprocessing or feature extraction. The proposed model iapable of de-
tecting and classifying JM events simultaneously, distingshing between ve
di erent classes. An investigation into the e cacy of di erent information
fusion architectures has been conducted to identify the ojptal con guration
for enhancing recognition results in this context. Furthenore, the proposed
method has been subjected to empirical evaluation and bemohrked against
a range of state-of-the-art alternatives. Experiments weneerformed to show
the superiority of multimodal approaches over unimodal sotions and to il-
lustrate the advantages of deep architectures over tradithal machine learn-
ing approaches.

The main contributions of this publication are the following:a) It presents
a multi-head CNN-RNN model that performs information fusionat the fea-
ture level; b) It proposes and evaluates di erent architecttes of deep neural
networks that perform data fusion at di erent levels; c) It examines the ef-
fectiveness and accuracy of the proposed solution by comipay the obtained
results with those obtained by state-of-the-art methods; ah nally d) It
presents an ablation study to analyse the bene ts of each gaof the pro-
posed model. The structure of the remaining parts of the artie is as follows:

Section 2 introduces a short overview of the state-of-thetaregarding auto-
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matic monitoring of ruminant feeding behaviour. Section 3 ekcribes the
proposed feature-level fusion model as well as other fusienel architectures
proposed and analysed. In Section 4 the dataset used is didi Section 5
is dedicated to the experimentation including a descriptio of the adopted
methodology. Several comparisons are also presented irsteection. Finally,

conclusions, limitations, and future research lines arestiussed in Section 6.

2. Related work

In the last decades, ruminant feeding monitoring has attrded scienti c
attention due to the existing challenges and potential berts from a practical
point of view. Machine learning algorithms are proposed as a ams of
creating systems capable of working in this context. This s&an describes
the recent developments in ruminant feeding monitoring argsing the most
common sensing principles adopted.

Motion sensors allow for the identi cation of speci ¢ ruminait behaviours
based on changes in body posture. The principle of motion serg and
its location on the animal determines which movements can beamitored.
Accelerometers have been the most studied sensor (Aquilatial., 2022), due
to their low cost, compact size and low power consumption (Cluodti et al.,
2023a). Another advantage of the signals captured by this rssor is the low
computational cost required for processing them, as they efate at sampling
frequencies below 100 Hz. In the context of ruminant feedimgonitoring, the
use of motion sensors has been primarily focused on detegtactivities such
as rumination, grazing, and drinking (Aquilani et al., 2022 However, their

use for speci cally detecting JM events poses challengesadto the limited
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discriminatory power of the signals captured for this purpse (Chelotti et al.,
2023a). A variety of approaches have been explored, inclaodithe use of
accelerometers (Tani et al., 2013; Oudshoorn et al., 2013pBh et al., 2023),
accelerometers and gyroscopes (referred to as IMUs) (Andriandroso et al.,
2015; Li et al., 2022), and accelerometers, gyroscopes, andgnetometers
(referred to as inertial and magnetic measurement units) {u et al., 2023).

In free-grazing conditions, acoustic sensors have been dssirated to
be a valuable tool for monitoring feeding behaviour (Ungarteal., 2006).
Microphones positioned on the animal's forehead are able tapture sounds
produced by the teeth, transmitted through the bones, caviés, and soft
tissues of the head (Laca et al., 1992; Galli et al., 2020). Theformation
captured in these signals allows for the precise recognitiamf JM events
(Chelotti et al., 2018; Martinez-Rau et al., 2024), as well asrazing and
rumination activities (Chelotti et al., 2023b). However, tre challenge in
exploiting these signals lies in the presence of environni@nnoise and the
computational requirements to process them. Furthermoreghe volume of
information generated in a given time period is greater thathat produced
by motion sensors.

With regard to the development of an automated system capablof clas-
sifying JM events and feeding activities, machine learningechniques have
been extensively studied (Chelotti et al., 2023a). The most nomonly used
approaches follow a classic pattern recognition pipelin@re-processing, fea-
ture extraction, and classi cation (Bishop, 2006). Nevetteless, certain limi-
tations have been observed in the classi cation of JM even{€helotti et al.,
2018; Martiskainen et al., 2009; Greenwood et al., 2017) aneetling activ-
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ities (Chelotti et al., 2020; Giovanetti et al., 2017). One othe principal
limitations of these approaches is the necessity to manuwakpecify the input
features of the machine learning models. In this particulgpsroblem, this in-
troduces a challenge because there is no consensus on whiatufes should
be employed (Chelotti et al., 2023a).

As an attempt to address this issue, within the eld of deep lgaing,
the use of CNNs has emerged. These architectures are capablawbmat-
ically learning features by adapting the lIters or weights ontained in the
network. Li et al. (2021) evaluated the use of CNNs on time-fgeiency rep-
resentations of acoustic signals to classify JM events in ida cows. The
reported results are comparable or superior to those obtad through tra-
ditional schemes (Chelotti et al.,, 2016). Wang et al. (2021)xplored the
use of di erent deep neural network architectures to clasgifJM events in
sheep from audio les. The proposed approach detects JM eveniising a
heuristic method and subsequently performs classi cationsing deep neural
networks. Speci cally, the use of fully-connected neuraletworks (FNNSs),
CNN, and RNN is evaluated. The input to the CNN and RNN is obtained
by calculating Mel-frequency cepstral coe cients. In the cae of the FNN,
the input data consists of the raw signal corresponding to thpreviously de-
tected event. Ferrero et al. (2023) proposed a full end-tayd approach which
combines FNN, CNN and RNN to recognise JM events from acoussgnals.
The model input constitutes signal chunks extracted using &d-length time
windows. The comparison with other state-of-the-art methods aeonstrated
a clear improvement over traditional approaches. The use oédp neural net-

works has also been applied to inertial signals in the conteaf recognising
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feeding activities (Peng et al., 2019; Pavlovic et al., 202WWu et al., 2022;
Bloch et al., 2023), with promising results.

Architectures that have yielded very good results in relatéproblems such
as attention mechanisms (Topaloglu et al., 2023; Aydogmusa., 2023), have
not been applied in this context. One explanation for this mabe due to the
scarcity of labeled data, which may be an impediment to train mdels with
these characteristics.

The utilisation of independent sensing principles for the nrotoring of
feeding behaviour has been extensively addressed. Howgtlee integration
of diverse complementary information sources to achieve aome robust and
scalable performance in dynamic real-world environments & promising and
underexplored area of study (Chelotti et al., 2023a). The usd multimodal
systems has been demonstrated to be bene cial in other areascluding
speech recognition (Mroueh et al., 2015), emotional statec@gnition (Tzi-
rakis et al., 2017), and human activity recognition (Nweketeal., 2019).

Arablouei et al. (2023) proposed a method that combines an @derom-
eter with global navigation satellite system (GNSS) data to lassify feeding
activities in cows. The solution involves rst extracting a seof features from
inertial signals and another set from GNSS signals. Subseqly, informa-
tion fusion is explored at feature and decision level. A FNN ag used to
construct the classi cation model. The reported results deonstrate that in-
formation fusion leads to superior outcomes compared to umodal systems.

The evidence presented in this section indicates the existenof an un-
tapped potential for enhancing JM events recognition. This @ential based

on the utilisation of multimodal signals, which allows the exjpitation of
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the advantages o ered by each sensing principle. Furthermey another as-
pect that has not been studied thus far is the generation of dp learning
architectures capable of merging these signals and autonously learning
features, subsequently enabling the recognition of the JM/ents present in
them. Results reported in the literature Ferrero et al. (202) suggest that
the combination of convolutional and recurrent architecttes emerges as a

promising line of research on this problem.

3. Methodology

This section describes a multimodal deep learning architeoe based on
the combination of three types of neural networks: CNN (Lecueat al., 1998),
RNN (Rumelhart et al., 1986) and FNN (Bishop, 2006). In the flbowing,
a brief introduction to these architectures is provided. The, a detailed
description of the proposed method is presented. Lastly, lwegr proposed

architectures which perform fusion at di erent levels are atsintroduced.

3.1. CNN, RNN and FNN

FNN refers to a traditional neural network architecture in whch each
node belonging to a layer is connected with all nodes of the preus layer.
This architecture has been used in classi cation and regréss problems
(Bishop, 2006). There are usually three types of layers inading input, hid-
den and output layers. While the neurons of the input layer qgresent the
features provided to the network (input data or outputs fromother networks),
each neuron of the hidden and output layers represents a passing element

that combines the output of incoming connected neurons ugira non-linear
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activation function. The overall formal representation fora single hidden
layer network is expressed in Eq. 1.
! !

& QY (1)
0

Yie(x; w) = s woh o wDx o+ w
i=1 i=1

Herein, yx denotes the output of the neurork based on the input vector
x of sizeD and a set of weightsw, h denotes the activation function ofM
neurons in the hidden layer, whereas represents the activation function
of the output neuron. The strength of the connections betweeneurons in
FNNs (w in Eg. 1) is controlled using weights, which are optimised durg
the training process to adapt the model outputs to a set of deed values
(Bishop, 2006).

CNNs (Lecun et al., 1998) are one of the most widely used architares
in recent decades. These networks usually consist of sevarahvolutional
layers, and each layer contains one or more lters (a set oflatrary decimal
numbers) to produce an output feature map of its inputs. In te learning
stage, the weights of the Iters (used in traditional convaltional mathemat-
ical operations) are adjusted to approximate the outputs usg optimisation
strategies as described above for FNNs. By doing this, theykxs are capa-
ble of learning di erent high- and low-level patterns without plicit domain
knowledge. In the eld of information fusion, several sub-natels (usually re-
ferred to as heads) could be independently applied to inputgnals to extract
relevant features from them. In the case of a one-dimensidi§aD) CNN with
n heads, the expression of the output value at position i in feature mapm

at layer | of headc can be denoted by Eq 2.
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X1 |
z8M = h X wem (2)
j=0

Here, h indicates the activation function for the kernel of sizeF and
weightsw;, and x represents the signal a ected by the kernel.

In CNNs, convolutional layers are complemented by other tyyseof layers,
such as pooling, batch normalisation, and dense layers. Hog layers per-
form simple mathematical operations on patches of the feat maps, such
as extracting the maximum value, to reduce the dimensionafi of the input.
Batch normalisation layers, on the other hand, perform inpustandardisa-
tion to speed up the network training process. Dense layerseaequivalent
to hidden layers in FNNs and allow the network to adapt the intrmediate
representations learned by the convolutions to e ectivelyniuence the nal
output. The connection between convolutional and dense lageis estab-
lished by a attening operation to convert the output of the mnvolutional
layers into a 1D vector.

Although FNNs can be used in problems with sequential or timeeses
data, they present certain challenges that make them inapppriate in these
scenarios. To address this limitation, RNNs emerged (Runtelrt et al.,
1986). In this architecture, layer outputs are connected asputs to the
same layer. A variation of a RNN known as Bidirectional RNN (Sws-
ter and Paliwal, 1997). This variant adds a copy of the proposgenetwork
trained on the reverse data sequence. Both independentlyatned RNNs are
then connected to the next layer of the network.

Early RNN architectures have certain drawbacks related to thebility

to learn e ciently from long sequences and new alternativebave been pro-
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n= Wy+r, Whhi 1) + by (5)

hi=(1 h)) n+z hg o (6)

Herein, x; represents the input vectorh, the output vector, and z, n; and

ry are the update, new and reset gate vectors, respectively amne t. and

represent the activation functions, wherea¥Vv and b are the parameters
matrices and the bias vector of each gate, respectively. Biectional GRUs
(BGRUSs) have shown promising results in sound events detemti (Yihan
et al., 2021) and classi cation (Zhu et al., 2020).

Stochastic gradient descent and backpropagation (Rumeltiat al., 1986)
are very common algorithms to perform parameter optimisatn in neural
networks. In this context, arti cial neural networks tend to over t training
data. To reduce the possibility of this, a dropout operations used. This
regularisation technique introduces random cuts betwee@yer connections

during training (Hinton et al., 2012).

3.2. Proposed model architecture

Several deep neural network architectures could be propdge merge the
available acoustic and motion signals in this problem. Heran architecture
has been chosen that is capable of extracting features fromch signal inde-
pendently and combining them into a common feature space &teire-level
fusion) by using CNNs. The rationale behind this choice lies ithe fact that
architectures performing feature fusion have proven benaal in related prob-

lems where combining data from di erent types of sensors is neiged (Son
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and Kang, 2023; Tan et al., 2024, Islam et al., 2023). Furthermne, since each
signal captures particular properties of the phenomenon afterest using a
di erent sensing principle (sounds of the JM events, and disgcement and
rotation of the animal head), it is expected that extractingspeci c features
from each of them will be advantageous compared to generatiggsingle
signal with multiple channels.

To solve the problem of JM events recognition (which impliesedection
and classi cation), a hybrid multimodal network architecture is presented,
composed of multi-head 1D-CNN, RNN and FNN. To the best of ourrtowl-
edge, this study represents one of the rst multimodal appmrches to the
problem of JM events recognition using acoustic and IMU sigigea The input
to the network is represented by frames, which are extractedoin the raw
signals using xed sliding time windows without any prior prepocessing or
feature extraction. The model classi es each window into onef ove pos-
sible classes: bite, chew-bite, grazing-chew, ruminatiohewv and no-event
(to represent the absence of any particular JM event). Hengcéhe proposed
method addresses the challenges of both detecting and ciésg JM events
simultaneously.

An overall graphical representation of the proposed modebmposed of
three blocks is presented in Figure 2. The model processes rdkai of input
signals computed using a time window duration of 300 ms, with @% over-
lap between consecutive windows. The rst block introduces a rtizhead
CNN combining three independent 1D CNNs. This block extracts Vo and
high-level features from acoustic and movement signals iygendently and

performs dimensionality reduction at the same time. Each hdaof the CNN
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is composed of a normalisation layer (or re-scaling in the dio head), a se-
guence of 1D convolutional layers, followed by a max poolidgyer. A atten

operation is also used in each head, and those values are Igaloncatenated
to create a unique 1D feature vector representation. The sewbblock intro-

duces a RNN, consisting in a BGRU layer of 256 cells, givingghmodel the
ability to capture temporal dependencies present in data. Tnlast block of
the model introduces a FNN, which combines information in dese layers and
predicts class probabilities for each input window. The rst ad third blocks

are enclosed within time-distributed wrappers so that the saenlayers and
parameters are applied to each window of the input sequencdse recti ed

linear unit (ReLU) was used for all convolutional layers, whst the cells of
the BGRU use hyperbolic tangent and sigmoid. All dense laygiof the FNN
use ReLU as well, except for the last dense layer, which use® thoftmax
function for the nal classi cation. The total number of parameters of the

model is 11,704,478.

3.3. Di erent information fusion strategies

As mentioned in Section 1, there are three main levels at whidata
fusion can take place: data, features, and decisions. Whilee proposed
model performs feature-level fusion using a multi-head CNMther architec-
tures that perform fusion at data and decision levels have be proposed and
explored as well.

The best-performing model architectures for the dierent legls of sig-
nal fusion were determined in each case (Figure 3). In partlar, for the
feature-fusion level, a variation of the proposed model witB-heads CNN is

included. Several models were evaluated for all fusion lé&vdy varying the
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number of layers, the size and quantity of Iters, and the inlusion of inter-
mediate layers and operations, such as max pooling or dropgdtor example,
the use of dropout operations has been evaluated in all artdgtures but it
only improves at data-level fusion). Dierent sizes of the widow used to
extract data from input signals were also studied. Based ongvious studies,
durations of 0.3, 0.5 and 1 s were selected for comparison\#lenga et al.,
2020; Ferrero et al., 2023). Di erent combinations of inputignals were also
evaluated, using: a) all available raw signals; b) raw audicaccelerometer
and gyroscope signals; ¢) raw audio signal, and acceleroerednd gyroscope
vector's magnitude calculated using Eq.7

q -
sz L+ @)

In the data-level fusion architecture (Figure 3-a), signal from sound,
accelerometer and gyroscope are concatenated at the inlitstage creating a
single input to the classi er. Due to di erences in the numberof samples in
each signal, the data from the IMU has been resampled in ordes tatch
the sampling frequency of the audio signal.

Feature-level fusion has been evaluated using a multi-he&NN on two
main approaches: i) a 2-head CNN (Figure 3-b), which uses one CNof
all data from an IMU sensor; and ii) a 3-head CNN (Figure 3-c), whh
represents the proposed model presented in Section 3.2. loth cases, an
intermediate representation is constructed by doing a coatenation of auto-
matically extracted features from convolutional layers.

Decision-level fusion was explored implementing two baseodels which

process input signals from each sensor independently (Figu8-d). Audio sig-
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nals were processed using the architecture proposed by lezor et al. (2023),
whereas the proposed architecture by Bloch et al. (2023) wasad to process
inertial signals. The output probabilities of these modelsra then introduced
to a meta classi er to take a nal output decision. Combinatians of di erent
base models were also evaluated, including the former twodeamodels, and
those proposed by Chelotti et al. (2018) (called Chew-Bite Intiggent Algo-
rithm (CBIA)) and by Alvarenga et al. (2020). Decision trees ad multilayer
perceptrons were explored as meta classi ers, as well asditeoonal methods
such as majority voting. In all cases, model weights have beénitialised

randomly.

4. Dataset

In this section, a description of the dataset used for evaltiag the pro-
posed architecture is presented. An explanation of the assated data col-

lection methodology, devices and annotation procedure if¢sa included.

4.1. Dataset description

The eldwork to collect the dataset occurred on 1th August 202 at the
Campo Experimental J.F. Villarino, Facultad de Ciencias Agraas, Univer-
sidad Nacional de Rosario (UNR) located in the city of Zavadl, Argentina.
The area of 450 hectares is made up of several research and potige sub-
systems, which are representative of the activities in the @a of in uence
(pork, dairy, beef and crops). In particular, the dairy subgstem can be
characterised as a medium-sized, intensi ed pastoral-bes dairy farm with

140-165 milking cows, with an individual daily production of 2-27 | of milk.
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The protocol used to conduct the experiment has been evaludt@and ap-
proved by the Committee on Ethical Use of Animals for Researchf the
UNR.

The paddock area was approximately 1.200 m2 (20 x 60 m) and was
fully enclosed with fences. This place was covered with natuisged peren-
nial grasses (with dominance of Lolium sp, Festuca sp and Cyrmd sp).
The experimental cows were free to graze within the paddock, atidey had
permanent access to a watering trough.

This area was permanently monitored by an outdoor dome vide@mera
positioned at a lateral distance of 30 metres from the paddodo assist
during the labelling process. Figure 4 introduces a satediview of the dairy
facilities with references to the most important places forhte experiment. In
addition, two observers with knowledge of animal behaviour nrmaially logged
the main behaviours and signi cant activities on spreadslats throughout
the experiment. Data have been obtained from three 4-yealdolactating
Holstein cows weighing 570-600 kg. All cows were tamed and trad in the
experimental routine before the nal recordings. Each anial was equipped
with an acquisition data device consisting of an external miophone (IP57
100 mm, -42 3 dB, SNR 57 dB) plugged via 3.5 mm jack to a Moto
G6 smartphone!. Each device was xed inside a plastic box and secured
to prevent internal movements. This same instrumentation ha been used
in another similar study (Andriamandroso et al., 2017). Miocophones were

located on the cow's forehead and covered with rubber foam twmlate them

!Moto G6 smartphone speci cations.
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4.2. Data annotation

From the collected signals, a total of 29 segments were caigf chosen
for annotation with a duration of 9 minutes and 31 seconds on exage and
a standard deviation (SD) of 1 minute and 57 seconds. Becausiethe high
time demand for the labelling process, a representative sséi of signals was
selected. A total of 4 hours, 36 minutes and 1.4 seconds haeeh annotated.
The size of the generated dataset represents a signi cant niease compared
to other datasets used in previous studies (Vanrell et al.,020; Martinez-
Rau et al., 2023). Each segment corresponds to a particulaeténg activity
(grazing or rumination) and is composed of a sequence of gupsriodic JM
events.

Two experts in ruminant foraging behaviour independentlydbelled the
JM events (including event label, start, and end time) by wathing and lis-
tening to the acoustic signal. Agreement result was 97.63% average. Both
experts worked together to achieve a nal decision in case disagreement.

Based on previous studies (Martinez-Rau et al., 2022a), founutually-
exclusive labels were considered: bite, grazing-chew, rumaiion-chew and
chew-bite (a compound movement which is composed of a chewdakd by
a bite when the animal closes its jaw). Rumination-chew and grang-chew
are events that di er primarily in the feeding activity in which they occur.
In the case of rumination, the animal is generally in a statefaest (standing
or lying down) and only chew events are present. During grazjnthe cow
Is typically foraging for food (walking, searching, tearig o plants) so the
movement of its body and head is recurrent. Chews alternate withites, or

they are even combined (chew-bite). Another di erence betwaegumination-
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Table 1: Number and duration of annotated jaw movements (JM) events from acoustic

signals before windows extraction.

Duration [s]
IM Number )
Mean Min  Max

Bite 2,234 0.33 0.084 0.115 0.926
Chew-bite 6,605 0.436 0.087 0.187 0.961
Grazing-chew 6,905 0.323 0.066 0.144 0.665
Rumination-chew 2,751 0.341 0.051 0.167 0.806
Overall 18,495 0.362 0.092 0.115 0.961

chew and grazing-chew events is the energy of the signal netem by the
acoustic sensor, being higher in the case of grazing (Cheiatt al., 2020)
(Martinez-Rau et al., 2022b). The number of labelled samplesif each JM

event in the dataset and duration statistical values are psented in Table 1.

5. Experiments, results and discussions

In this section, the methodology selected to drive the expenentation
is explained, and the results and discussions of performexperiments are

presented as well.

5.1. Experimental settings

From the total of 29 signal segments, 24 were used for modelestion
purposes. All models were trained and evaluated using a Sdaross vali-
dation (CV) scheme with each fold containing 4 or 5 segments. Hadold
contains 1 segment from a rumination period and the rest frograzing inter-

vals. This relation between grazing and rumination was proped to balance
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the number of JM events. While grazing includes grazing-ciws, bites and
chew-bites, rumination only contains ruminating-chews. Theemaining 5
segments were separated for test purposes, meaning the eatbn of the
generalization capability of the model performing the besin validation sets.
The separation of data into di erent sets was conducted beforthe experi-
mentation stage, and these sets remained constant througltdhis stage. In
order to solve class imbalance, the weights of training sates were adapted

according to Eq. 8.

N
Wi = l:;:X (8)

whereW;; is the weight of instancei associated with clas€; N is the

number of instances of the majority class anlll. is the number of instances
of classc.

For uni cation process during the training process, all windws extracted
from each signal were converted into smaller sequences ofxanumber of
windows. Based on this, each example provided to the model cwts of a
sequence of L windows. Dierent values have been evaluated fdrig pa-
rameter and L=46 emerged as the one that obtained the best 1t in
preliminary experiments. The length of the original signalricluded in each
sequence varies according to the window size, being for exam@.9 seconds
for a window size of 300 ms with 50% overlap. A padding operatiovas used
to complete the missing windows in those shorter sequencesécassary.

All the necessary code was developed using Python versionB1R. Sev-
eral utilities from Python library scikit-learn 1.2.2 have leen used, in partic-

ular label encoders, k-fold extraction, grid search and thenplementation of
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traditional machine learning algorithms (such as decisiotrees). Tensor ow
2.12.0 was used to de ne and train the neural networks arcl@ttures. Exper-
iments were performed using an Intel Corei7-8700 3.20GHz CPU, 64 GB
RAM and a dual NVIDIA GPU con guration composed of 24 GB GeFore
RTX 3090 and 24 GB RTX A5000.

For training, the Adam optimiser (Kingma and Ba, 2014) was ch&en,
utilising a total of 1400 epochs with an early stopping tolerece of 50 epochs.
The batch size was set to 5, and categorical cross-entropy wasployed as

the loss function. Default values were retained for the renrang parameters.

5.2. Evaluation metrics

The process of JM events recognition involves initially det#ing the event,
i.e., recognizing the onset and o set, and subsequently, &gsing a class to
the event. In this scenario, detection errors directly impet the classi cation
task. Based on this, the problem addressed in this work reqas the use of

an evaluation methodology that takes into account both aspgs.

The sed_eval toolbox (Mesaros et al., 2016, 2021) has been selected to

calculate the performance during experimentation. This tddhas been used
in numerous studies related to event recognition in soundsSé¢rizel et al.,
2020; Ferrero et al., 2023; Venkatesh et al., 2022). Furthreore, it is a com-
prehensive open-source toolbox that implements a range oktrics suitable
for the objectives set in this work.

Given a reference event, the criterion used by the tool to ceiler a predic-
tion generated by a system as correct includes three conditis: a) the onset
of the predicted event must fall within the interval de ned by the onset of

the reference event tolerance value (300 ms)b) the o set of the predicted
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2 precision r Il
F1 score= = Precision reca (11)
precision + recall

S+D+1
Error rate = N (12)

where TP denotes true positive FP false positive,FN false negative S
substitutions (correct detected JM events in system outpubut incorrectly
labelled), | insertions (detected JM events for the system output that dmot
exist in the ground truth) and D deletions (ground truth JM events that
are not detected). Metrics were computed for each class indlually as well
as for the overall multi-class. The overall metrics considghe multi-class
imbalanced condition by computing micro (class) averagess¢kolova and
Lapalme, 2009). Micro average computation implies that P, FP and FN
are obtained by summing up samples through all classes. Foisiance, the
term TP is ultimately represented asl Py + TP + TP, + TPy, denoting
the number of true positives for grazing-chews, ruminationhews, chew-bites,

and bites, respectively.

5.3. Fusion level comparison

An evaluation of the classi cation performance of the condered level
fusion architectures from Figure 3 is presented in Table 2. Ehinformation
fusion scheme that achieved the best results was the featuesel in all anal-
ysed metrics. In particular, the proposed model with 3-headSNN scored
the best based on the overall F1-score. In addition, the ds@n level model
outperformed the data level architecture. For all metricsdata-level fusion

presented the lowest performance. Particularly remarkablis the incapacity
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of this architecture to recognise associated ruminatiorhiews events. This
might suggest that an early integration of signals from di eent modalities

represents a challenge in the automatic feature learninggeess of the neural
network.

Although the structures of both feature-fusion level archéctures are sim-
ilar, the 2-head CNN architecture obtained slightly inferio results. Apart
from that, the use of magnetometer signals does not appearpoovide bene-
ts over using only the accelerometer and gyroscope signalthis is probably
related to the fact that the execution of JM events does not he a relation
with changes to any particular location, something that is ma&sured by this
sensor. In fact, the performance of the model drops when usitigs signal,
due to the need to process data that apparently does not comtadiscrimi-
native power in this context.

When comparing the recognition performance for individualM event
classes, worse results were obtained with the minority cladste), even with
the use of di erent weights per class to counteract the data ibalance. These
results are consistent with previous studies (Martinez-Rau al., 2022a; Fer-
rero et al., 2023).

Overall, there is a reduced variability in the metrics (F1-sore, precision
and recall) obtained across the rst three fusion levels, @cating stability
in the performance of the models (Figure 7). The decision lduaodel is an

exception because SD between the folds is signi cant.

5.4. E ect of time window size

The performance of the proposed model has been evaluated foeknt

sliding input window sizes. Table 3 introduces the results ug) three di erent
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Figure 7: Comparison of the results obtained by di erent fusion levels based on the overalls

F1-score, precision and recall.
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Table 2: Information fusion architectures (Figure 3) results based on F1-score, precision,
recall and error rate. In all cases, the average and the SD acss validation sets during

the 5-fold CV phase are reported.

Data level Feature level Feature level Decision level
(2-heads CNN) (3-heads CNN)
F1-score "
Bite 0.403 0.066 0.581 0.096 0.662 0.006 0.469 0.274
Chew-bite 0.624 0.035 0.797 0.005 0.811 0.027 0.733 0.145
Grazing-chew 0.389 0.041 0.809 0.026 0.805 0.038 0.562 0.334
Rumination-chew 0.013 0.022 0.870 0.049 0.827 0.146 0.670 0.195
Overall 0.450 0.036 0.793 0.040 0.802 0.033 0.656 0.207
Precision "
Bite 0.357 0.134 0.758 0.051 0.717 0.039 0.587 0.147
Chew-bite 0.517 0.033 0.717 0.084 0.747 0.052 0.663 0.183
Grazing-chew 0.386 0.052 0.728 0.025 0.719 0.050 0.656 0.186
Rumination-chew 0.062 0.085 0.856 0.026 0.866 0.029 0.676 0.192
Overall 0.430 0.045 0.742 0.046 0.749 0.038 0.660 0.176
Recall "
Bite 0.528 0.090 0.488 0.130 0.618 0.081 0.445 0.297
Chew-bite 0.788 0.058 0.908 0.022 0.890 0.010 0.839 0.074
Grazing-chew 0.397 0.046 0.910 0.028 0.917 0.018 0.559 0.377
Rumination-chew 0.007 0.013 0.887 0.081 0.822 0.216 0.674 0.202
Overall 0.474 0.033 0.852 0.031 0.864 0.029 0.658 0.238
Error rate #

Bite 1.643 0.504 0.674 0.084 0.624 0.090 0.786 0.221
Chew-bite 0.950 0.094 0.471 0.149 0.418 0.077 0.669 0.437
Grazing-chew 1.248 0.133 0.431 0.058 0.447 0.101 0.625 0.340
Rumination-chew 1.053 0.045 0.262 0.086 0.302 0.197 0.662 0.401
Overall 1.015 0.107 0.337 0.064 0.327 0.050 0.513 0.31
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Table 3: Performance of the proposed model with 0.3, 0.5 and 1 8me windows, each

with a 50% overlap.

F1-score" Precision " Recall " Error rate #

03s 0.802 0.033 0.749 0.038 0.864 0.029 0.327 0.05
0.5s 0.507 0.254 0.496 0.238 0.524 0.263 0.769 0.245
ls 0.297 0.229 0.314 0.207 0.295 0.233 1.006 0.119

s1  encompass four combinations, integrating audio and moventesignals using

se2 Doth traditional and deep neural network methods:

593 1. The CBIA is a pattern recognition method that processes acstic sig-

594 nals to perform event detection using thresholds, featurexeaction
595 over the detected event and then classi cation using a FNN (GhHotti
596 et al., 2018)

597 2. The Deep Sound architecture combines convolutional, recent, and
598 fully connected layers to recognise (detect and classifyiJevents using

599 sliding windows (Ferrero et al., 2023).

600 3. The traditional approach proposed by Alvarenga et al. (2@ processes

601 motion signals using sliding windows, and a speci ¢ feature gimeering
602 process is proposed for the classi cation of short-duratioactivities in
603 ruminants for each window.

604 4. The deep architecture proposed by Bloch et al. (2023) costs of CNN

605 and FNN to recognise feeding activities in ruminants using ation
606 input signals.
607 All selected methods have been trained and validated usingpg same
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dataset partitions that were used for the exploration of thdusion level ar-
chitectures.

The average and SD values for the di erent validation partitims during
the 5-fold CV process are shown in Table 4. It can be seen that falt anal-
ysed metrics, the proposed model outperforms all unimodalethods, while
the Deep Sound and CBIA models are in second and third performee
rank, respectively. Regarding the unimodal approaches, e¢he is remark-
able improvement in acoustic methods (CBIA and Deep Sound) epared
to movement-based methods (Alvarenga and Bloch). This ackwtedges the
previous statement regarding the advantages of sound overertial signals
to recognise JM events. On the other hand, even though the usé deep
architectures o ers better results in sound processing, th@pposite occurs in
the case of signals extracted from the IMU.

Di erent input signal alternatives were evaluated for the malel proposed
by Bloch et al. (2023), including the use of raw signals, theatculation of
magnitude vectors from each signal, and the use of band-paders (as
described by the authors) as well as their omission. The retilobtained
in all cases were worse than those reported in Table 4 (wherestlamming
Iter proposed by the authors was included and all the raw sigals were used
as input).

As previously mentioned, for movement-signals-based opiis is it note-
worthy that the deep learning models underperform the clagsmodels. This
suggests, in conjunction with the results reported by Alvargga et al. (2020),
that a more exhaustive exploration of deep architectures #t allow automat-

ically obtaining more representative variables from dataauld be bene cial.
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Table 4: Overall results obtained for the multi-head CNN-RNN fusion proposed model

and selected state-of-the-art algorithms.

F1-score" Precision" Recall " Error rate #

Alvarenga et al. (2020) 0.251 0.015 0.188 0.015 0.381 0.008 1.977 0.129

Bloch et al. (2023) 0.125 0.009 0.123 0.012 0.127 0.007 1.615 0.067
CBIA 0.606 0.066 0.627 0.063 0.587 0.072 0.499 0.074
Deep Sound 0.704 0.025 0.650 0.030 0.767 0.020 0.453 0.052
Proposed model 0.802 0.033 0.749 0.038 0.864 0.029 0.327 0.05

5.6. Ablation study and test performance

In order to evaluate the capabilities of each component in ghproposed
model, four di erent ablation experiments have been conduetl. The archi-
tectures explored in those experiments are introduced indfiire 9 highlighting
the di erences with the proposed model. Two of them were focus®n the
input blocks: Figure 9 c.1) the proposed model without IMU heagland Fig-
ure 9 c.2) the proposed model without sound head. These expeegints are
important from a practical point of view. During the executicn of a multi-
modal system, if one of the inputs is lost or has strong intesfence, the per-
formance could be severely a ected. In this situation, it is ften convenient
to discard one of the inputs. In the context of this applicatn speci cally,
this is commonly seen in environments where animals are cord (barn).
In these cases, the signal-to-noise ratio of the sound is laue to the noise
and reverberations and it is often convenient to discard tkidata and only
consider motion data. The execution of experiments with contfled noise in
future studies will allow an evaluation on which signal is mostonvenient to
be used in these scenarios, noisy sound or IMU signals.

The remaining two experiments were focused on specic blocksd the
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Table 5: Performance of the ablation study including four architectures and the proposed
model for cross validation folds and test set. Inference timeefers to calculations to process

1 minute of signal. V: Validation. T: Test. PM: Proposed model.

Fl-score" Precision"” Recall" Errorrate # Parameters Inference time (s)#

Y, 0.576 0.542 0.615 0.536

¢l 1 oese 0.660 0.713 0.38g 11678470 0215 0.031
Y, 0.155 0.182 0.156 1.144

c.2 T 0.001 0.087 0.001 1.004 11,605,214 0211 0.014
\Y, 0.607 0.473 0.851 1.008

¢.3 T 0.574 0.437 0.838 1.146 298,142 0133 0.008
\% 0.738 0.690 0.795 0.427

c.4 T 0.743 0.697 0.795 0.444 11,531,998 0.209 0.009
\% 0.802 0.749 0.861 0.325

PM T 0.813 0.771 0.859 0.306 11,704,478 0217 0.034

set. It can be observed that in all cases, the elimination ofspeci ¢ part from
the proposed model worsens the performance, pointing outahall parts play
an important role and have an impact on the nal architecture

The worst results were exhibited by option c.2), that is, usig only motion
data. These results were expected because, in the particulease of JM
events recognition, sound signals o er more discriminatiyeower than motion
signals (Chelotti et al., 2023a). This option also shows conggnce issues
when trying to predict the test set. Furthermore, the concepbf option c.1)
(considering only the sound input) achieves similar resutin the test set to
those indicated in the CNN-RNN acoustic method (Ferrero et gl2023).

The nal dense layers of the FNN are responsible for generagjrthe nal
output of the model by combining the features obtained in therevious layers.

Removing this set of layers reduces the overall performanctéthe model, as
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can be seen in results achieved by option c.4). This option aetied the best
performance of the four ablated models (except for recall wigeoption c.3)
reported the higher values), but still underperformed the mposed model.
Moreover, given the large number of parameters of the propasmodel, the
removal of all recurrent layers simpli es the model and coiderably reduces
the risk of over tting. When removing these layers - option ¢1) -, the model
performance was also highly damaged, thus con rming the ingptance of
the temporal component in this problem. To the best of our kneledge,
no specic study conrms the temporal dependence of this pm@menon.
However, there are works based on Hidden Markov Models and ddegarning
that provide some evidence in this direction (Milone et al.,@12; Ferrero et al.,
2023).

Regarding the di erence between the values obtained in vakdion and
test, except for options c.2) and c.3), some improvementseaobserved in
the test performances. This may be caused because the amouhtdata
with which the models are trained varies considerably, beingb%o larger in
the test set. It is important to highlight that the test data set includes
signals extracted from the same eldwork, where the animalssquipment
and experimental conditions were the same. If any of theserzhtions vary,
the performance of the models may not be the same. This aspexbf special
interest and should be studied in future studies.

With respect to the inference times in Table 5, ten executiaper method
were run on the same hardware, and the average and SD times teghict 1
minute of signal are reported. From this comparison, it candconcluded that

recurrent layers represent the biggest impact in terms of ghprocessing time
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of the proposed model, directly a ected by the total number oparameters
included in the block with RNNs layers. Inference times remaed at similar
levels without considerable di erences between the proposetbdel and the

rest of the options.

6. Conclusions

In this study, a multi-head CNN-RNN was introduced for JM evehde-
tection and recognition in grazing cattle. The model include acoustic and
IMU signals as inputs. The proposed architecture was comparedth several
di erent proposals among the three main data-level fusion sdtegies: data
level, feature level and decision level. Variations in theumber of layers,
kernels, CNN heads and kernel sizes were evaluated during #ploration.
Additionally, di erent combinations of input signals were tested.

The results suggest that the proposed model for feature-léviision is
the more appropriate strategy in this context, using an indeendent CNN
head for each input signal, achieving an average micro Flese of 0.802.
The contribution of each part of the model was also assesseddgresented
in an ablation study. Additionally, the e ect of di erent wind ow sizes was
analysed, showing a clear advantage when using a size closeh® average
duration of the JM events (or even smaller). The proposed moldelearly
outperformed e state-of-the-art methods by at least 10% (o F1-score).

This study pioneers research into the e ectiveness of inforrtian fusion
strategies for the detection and recognition of JM events igrazing cattle.
The results demonstrate that the use of both sound and motiongnals pro-

vides a clear advantage over unimodal solutions. The di cult in obtaining
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larger labelled data sets depict a challenge in this problenThe exploration
of techniques to help overcome this problem, such as transfearning or the

use of semi-supervised approaches, will be evaluated in frguworks.
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ABSTRACT

Monitoring livestock feeding behavior may help assess animal welfare and nutritional status, and to optimize pasture manage-
ment. The need for continuous and sustained monitoring requires the use of automatic techniques based on the acquisition
and analysis of sensor data. This work describes an open dataset of acoustic recordings of the foraging behavior of dairy
cows. The dataset includes 708 h of daily records obtained using unobtrusive and non-invasive instrumentation mounted on
ve lactating multiparous Holstein cows continuously monitored for six non-consecutive days in pasture and barn. Labeled

recordings precisely delimiting grazing and rumination bouts are provided for a total of 392 h and for over 6,200 ingestive and
rumination jaw movements. Companion information on the audio recording quality and expert-generated labels is also provided
to facilitate data interpretation and analysis. This comprehensive dataset is a useful resource for studies aimed at exploring
new tools and solutions for precision livestock farming.

Background & Summary

Advances in information and communication technologies enabled the development of precision livestock farming (PLF)
systems with potential applications to improve farm operational ef ciency and animal weftaerer the last three decades,
PLF has grown substantially, attracting farmers, operators and industries around the‘wiigdy PLF developments include
methodologies to enable the individual monitoring of livestock feeding behavior, which might be used to detect changes in
animal welfare with direct insights into animal nutrition, health or performaric&Vearable sensors are the most common
data acquisition method to monitor feeding behavforAccelerometers and inertial measurement units determine head and
neck movements and have been used mainly in con ned environffiéhtsAcoustic sensors are typically preferred over
motion sensors in free-ranging conditiéh#o classify different animal jaw movements (JNS}” and feeding behavio? 1°.
Furthermore, distinguishing different types of JMs is useful for delimiting grazing and ruminatiorf bastsmating dry
matter intake, and discriminating different feedstuffs and pfarits

The acoustic monitoring of foraging behavior is an engineering task that requires robust solutions capable of tolerating noise,
interference and disturbané&e The opportunities to use acoustic methods for practical farm-level management and animal
research are ampfe but the limited availability of public/open acoustic datasets could hinder new and relevant résearch
To the best of our knowledge, there are only two open datasets of cattle acoustic sounds. The rst dataset contains 52 audio
recordings of JMs of dairy cows grazing on two contrasting forage species at two sward fieifhésother dataset provides
270 samples of cattle calls, also called cattle vocalizatfotls

This work presents a dataset of audio recordings of chewing and biting sounds of dairy cows along with their corresponding
event identi cation labels. The dataset is organized into three grodps.ircludes 24-h audio recordings of continuously
monitored dairy cows grazing in pastures or visiting the dairy milking barn. A total of 708.1 h were recorded, from which
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462.0 h corresponded to sounds registered in a free-range pasture environment. Annotations of the grazing and rumination
bouts are provided for each of the cows. Periods during which the dairy cows were inside the dairy barn are also inidicated. (

It contains two audio les of 54.6 min of grazing and 30.0 min of rumination, with the corresponding labels for JMs. Experts
identi ed and labeled 4,221 ingestive JMs and 2,006 rumination JMs produced during grazing and rumination, respectively.
(iii ) 1t provides a comprehensive description of the different types of JIMs and animal behaviors, and speci ¢ information about
the audio recordings. The dataset presented here has been previously used to create automatic machine-learning algorithms for
detecting and classifying different J&s*° and for classifying grazing and rumination activitié$'=3. This dataset could be

used to improve the recognition rate, generalization ability, and noise robustness of existing algorilsmell as to develop

novel algorithms that combine acoustic signals with other sources of information

Methods

The eld study took place from July 31 to August 19, 2014, and was conducted at the W. K. Kellogg Biological Station's
Pasture Dairy Research Center of Michigan State University, located in Hickory Corners, Michigan, US (GPS coordinates
42 24°21:8°N 85 24°08:4°0W). The procedures for animal handling and care were revised and approved by the Institutional
Animal Care and Use Committee of Michigan State Universi§2£17 020 00) before the start of the experiment. As
described by Watt et &F, animals were managed on a grazing-based platform with free access to the robotic milking system.
Voluntary milking 3:0 1:0 daily milkings) was conducted using two Lely A3-Robotic milking units (Lely Industries NV,
Maassluis, The Netherlands). Permissions for milking were set by a minimum expected milk yield of 9.1 kg or a 6 h milking
interval. Thus, milking frequency varied across cows according to milk yield. Dairy cows were fed a grain-based concentrate at
1 to 6 kg per kg of extracted milk (daily maximum 12 kg/cow) during milking and through automatic feeders located inside
the dairy milking barn. The neutral detergent ber (NDF), net energy for lactation (NEL), and average crude protein (CP) of
the grain-based concentrate pellet supplied (Cargill Inc, Big Lake, MN) were 2.05 Mcal/kg dry matter (DM), 99.4 g/kg DM,
and, 193.0 g/kg DM respectively. Cows were allowed 24-h access to grazing paddocks with a predominance of orchardgrass
(Dactylis glomerata), tall fescu&@lium arundinacepand white clover Trifolium repen$, or perennial ryegras$.¢lium

perenng and white clover. Two allocations of 15kg/cow of fresh pasture were offered daily, from 10:00 to 22:00 and from
22:00 to 10:00 (GMT-5), resulting in an average daily offer 080 kg of DM/cow. Allocations of fresh ungrazed pasture were
made available at opposite sides of the farm (south and north) to entice cow traf ¢ through the milking shed. Thirty readings of
sward height (SHx) along each paddock were conducted by a plate meter to estimate pre-grazing and post-grazing herbage
biomass to ground leveY(Y = 125x;r2 = 0:96). This equation was also developed and veri ed for similar swards. Across the

16 paddocks used in this study, the average pre-grazing herbage biom&38was802kg DM/ha (192 2:5cm SH) and

the average post-grazing herbage biomassi886 281kg DM/ha (11:2 2:2 cm SH). Composite hand-plucked samples

from the 16 paddocks were used to determine the 48 h in vitro digestibility of DM (IVDMD) (Daisy Il, Ankom Technology
Corp.), the acid (ADF) and neutral detergent ber (NDF) (Fiber Analyzer, Ankom Technology Corp., Fairport, NY), the crude
protein (CP) (4010 CN Combustion, Costech Analytical Technologies Inc., Valencia, CA), and the acid detergent lignin (ADL)
content of consumed forages. The values of DM expressed in terms of g/kg for IVDMD, CP, NDF, ADF and ADL were
781 30,257 20,493 45,187 25,33 8, respectively.

For this study, 5 lactating high-producing multiparous Holstein cows were selected from a herd of 146 Holstein cows and
used to non-invasively acquire and record acoustic signals over 24-h periods. Speci ¢ characteristics of individual cows are
provided in Tablel. Individualized 24-h audio recordings were conducted on July 31, and August 4, 6, 11, 13 and 18, 2014,
respectively. Recordings were obtained following a 5 x 5 Latin-square design (@absng 5 independent monitoring
systems (halters, microphones and recorders) that were rotated daily across the 5 cows and throughout 6 non-consecutive
recording days. This desigh was decided to control for differences of sound data associated with a particular cow, recording
systems or experiment day. On the rst day, each recording system was randomly assigned to each cow. On the sixth day, the
recording systems were reassigned to cows using the same order that was used on the rst day. No training in the use of the
recording systems was deemed necessary before study onset. Recording problems were encountered with the recording system
number 2. On the rst day, the recording trial had to be stopped a few hours before completion because the recording system
was unfastened from the cow. This trial was considered valid and was not repeated. On the sixth day, the recording system
failed to register any sound because the microphone connector was disconnected from the recorder. This trial was repeated on
the next day (August 19) to complete the recordings of the sixth day. Changes in the order and completion of recording trials
should be considered when designating trial days as a random variable in the experimental design. The weather conditions
during the study were registered by the National Weather Service Station located at the Kellogg Biological Statidf).(Table

Each recording system consisted of two directional electret microphones connected to the stereo input channels of a digital
recorder (Sony Digital ICD-PX312, Sony, San Diego, CA, USA). A 1.5 V AAA alkaline battery powered the digital recorder.
The digital recorder saved the data in a 4 GB micro secure digital (SD) card (SanDisk SDSDB-004G-B35 SDHC, Western
Digital, Milpitas, CA, USA). This instrumentation was enclosed in a weather proof protective case (1015 Micron Case Series,
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Pelican Products, Torrance, CA, USA) mounted to the top side of a halter neck strap) (Ege microphone was positioned

facing inwards to capture the bone-transmitted vibrations and pressed against the forehead of the animal, while the other
microphone faced outwards to capture the sounds produced by the animal. To achieve better microphone contact, hair of the
central forehead area was removed using a sharp clipper. The microphones were held in the desired position by using a rubber
foam and elastic headband attached to the halter. This design prevented microphone movements and allowed the insulation of
microphones from environmental noise caused by wind, friction and scratcfies

After the morning milking session, the study cows were automatically separated into a holding pen. They were then
restrained using head lockers to install recording systems equipped with new batteries and empty SD cards. As each cow
completed the 24 h of continuous recording, they were manually guided to the head lockers to remove the recording systems.
The date and relevant information of the recording systems and cows were kept in a logbook. A similar process was repeated
on every trial day following the Latin-square design. In each recorder system, the two microphones were connected randomly
to the stereo-input channels of the recorder at the beginning of trials. This information was not logged. Experienced animal
handlers, who had extensive experience in animal behavior, data collection and analysis, directly observed the focal animals
for blocks of 5 min each hour. Observation of foraging behavior, the time the equipment was turned on and other relevant
parameters were documented and registered in the logbook. The handlers also checked the correct placement and location
of recording systems on the cows. Observations were conducted at a distance from the animals to minimize disruptions of
behavior.

The label les were generated by two experts with extensive experience in animal behavior understanding and digital
analysis of audio signald?%3C, The labeling was performed by an expert and the results were reviewed by another expert.
The experts were guided by the logbook and used Audacity softwaves @udacityteam.org ) to observe the sound
waveforms and to listen to sounds to identify, classify, and label data into animal behavior categories. Annotations of interest
that experts could not acoustically identify, such as the installation and removal of recording systems, were labeled by using the
logbook registers. Although the experts matched all label assignments, there were some small differences in the start and/or
end times (timestamp) of some labels. In those cases, both experts revised the labels together until they reached a mutual
agreement. Additionally, as previously mentioned, the two microphones of each recording system were randomly connected
to the stereo-input channels of the recorder throughout the trials. As a consequence, the stereo-input channels are swapped
across the audio recordings. To address this, the experts listened to segments of grazing activity and barn location for all audio
recordings and marked the one-to-one correspondence between the stereo-input channels and the two microphones (facing
inwards and outwards of the forehead of the animal). However, establishing the proper microphone correspondence for some
audio recordings was not straightforward due to the similar or wide variation in the channels. The experts made their decision
based on a nal mutual agreement.

Twenty-four-h recordings were registered in two settings: indoors, while cows visited the dairy milking barn and outdoors,
while cows had free access to grazing pasture. During the continuous acoustic monitoring of cows, the animal handler annotated
the rumination and feeding activities inside the milking barn in the logbook. However, the experts did not label these activities
because the presence of acoustic noise in the audio recordings made it dif cult to ensure their proper delimitation. The main
focus of the experiment was to collect acoustic signals of foraging behavior while cows grazed in free-range conditions.

A total of 6,227 ingestive and rumination JMs were individualized, delimited and labeled by the experts, following the
same approach and criteria used for labeling the animal behavior categories. This is a complex task that requires signi cant
processing time and expertise in audio signal processing and inspection. Therefore, the start and end timestamps of the JMs
could be subjective and may vary from the true bounds of the JMs in the audio les. To address this potential bias, an additional
group of JMs' timestamps was generated using a Python script. This script automatically adjusts the start and end boundaries
of the JMs de ned by the experts, without changing the JM label. Adjusted timestamps are determined based on the sound
intensity during the JMs when it exceeds a threshold level. This threshold level is de ned using the sound intensity during the
pauses that occur between consecutive JMs.

Moreover, a pattern recognition JMs classi er algoritfirhas been used to automatically create JMs' timestamps and
labels in all grazing and rumination bouts of the daily recordings. The algorithm inputs were the channel corresponding to
the facing-inward microphone of the audio recording and the outputs were a series of label les. The algorithm labels three
types of JMs in terms of chews, bites and chew-bites. A post-processing algorithm was applied to have four types of JMs by
dividing the chews into chews during grazing and chews during rumination. The JMs label les were not veri ed by the experts.
Therefore, these les may contain possible identi cations of JMs that did not exist, misidenti cations of JMs that do exist,
and/or incorrect JM labels.

Data Records

The data is available at Figshé&re The audio recordings were saved in MPEG-1 Audio Layer Il (MP3) fotfmaith a
sampling rate of 44.1 kHz, providing a nominal recording bandwidth of 22 kHz and a dynamic range of 96 dB. The recordings
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were made in stereo, using one microphone per channel with a resolution of 16 bits at 192 kbps. This con guration made it
possible to save up to 48 h of audio on the SD card with a battery autonomy of 55 h ensuring the desired 24-h recording with a
good margin. The digital recorder automatically crops and generates a new MP3 le if the current audio recording is longer
than 6 h. Thus, 24 h audio recordings are partitioned into 4 parts of approximately 6 h each.

The dataset is organized into three distinct groups @igs follows:

1. Daily recordings: It contains 30 ZIP les that correspond to the different recording trials of this study (6 days and 5 cows).
Each ZIP le comprises 24 h of audio recordings and the corresponding activity label and automatically generated JM
label les (Fig.2). A total of 708.1 h are included in the 133 audio recordings, consisting of 246.1 h registered indoors
while cows visited the dairy milking barn, and 462.0 h registered outdoors while cows remained at pasture. The 133 label

les are a list of timestamps indicating the start and end of identi ed animal behaviors and other annotation remarks.
Labels of animal behavior categories include grazing and rumination in standing and lying-down positions, among others.
Other annotation labels indicate that the animal is in the barn and the time of installation and removal of the recording
systems. The JM label les specify two types of informatioi):a(list of timestamps indicating the start and end, and

type of JMs; {i) a list of timestamps with the middle location and type of JMs.

2. JMs: It consists of a ZIP le containing 2 WAV audio les and label les of JMs. The WAV les correspond to a grazing
and rumination bout extracted from channel 1 of the "'D3RS4ID2909P3.mp3' le, lasting 54.6 and 30.0 min, respectively.
Each WAV le has three associated label les in each format (TXT and CSV le extension):

» A le generated by the experts indicating a list of timestamps (start and end) and a label with the type of JMs.

» Alabel le indicating a list of the middle location (single mark) and the type of JMs. This le was created using a
Python script that computes the middle locations as the average of the starts and ends speci ed by the experts.

» Alabel le generated with a Python script indicating a list of automatically adjusted timestamps (start and end)
and the type of JMs labeled by the experts.

The former label les are also provided for direct usage with the "D3RS4I1D2909P3.mp3" le.

3. Additional information:

» The "BehaviorLabelsDescription.pdf' le provides a comprehensive description of animal behavior categories,
including the registered annotations and the criteria used by the experts to determine the start and end of each
behavior.

» The "IJMDescription.pdf' le explains the marks and characteristics used to distinguish the different ingestive and
rumination JMs produced during grazing and rumination activities, respectively.

» The "MP3Audiolnformation.xIsx' le provides three worksheets with detailed information on the audio recordings.
Information consists of the corresponding trials of the Latin-square design (day, cow and recording system), date,
audio duration, sound quality, registered animal behaviors, audio channels, and companion comments.

Technical Validation

The interruptions of regular JMs performed rhythmically in grazing and rumination activities can be used to delimit their
bouts?. In this study, interruptions of consecutive JMs greater than 90 s were considered to delimit the grazing and rumination
bouts. The duration of the grazing and rumination bouts is shown ir3Fig§mall interruptions between two consecutive
grazing bouts could be associated with an animal distraction or animal walking to a distant feeding patch. The great sensitivity
to interruptions of regular JMs generates multiple short grazing bouts that can be aggregated into longer grazing meals, making
it useful to estimate minute to hourly grazing time budgets. Thus, about 40% of the grazing bouts last less than 25 min (see
Fig. 3), while a typical grazing meal lasts more than'#.hAbout 85% of the rumination bouts lasts less than 75 min (Big.
The waveform and spectrogram of audio signals during grazing and rumination are shownliamidgrig.4, respectively.
The bottom panel of Figl shows a zoom-in of the waveform region produced during the pause required for swallowing and
regurgitating the feed cud between two consecutive chewing pé&ti6da more detailed explanation of grazing and rumination
activities is provided in the le 'BehaviorLabelsDescription.pdf'.

The 6,227 JMs labeled by the experts correspond to 2,006 chews during rumination (32.2%), 1,136 chews during grazing
(18.2%), 578 bites (9.3%), 2,507 chew-bites (40.3%) and 6 possible non-labeled JMs (<0.1%). This indicates a ratio of chew
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actions to bite actions performed during grazing of 1.18 (see Equatisupporting previously reported restftsThe number
of chews (), bites (Ng) and chew-bitesNcg) produced in a grazing bout can be used to determine the chew-per-bite ratio
(Res) as:

_ No+ Neg
Ns+ Ncg

Examples of the waveforms and the average spectral characteristics of the different types of JMs are shownAn Fig.
more detailed explanation of the JMs is provided in the “JMDescription.pdf'.

To evaluate the sound quality of the audio recordings obtained from the continuous monitoring of dairy cows, only the
active grazing and rumination bouts were examined. Initially, the experts conducted a subjective analysis by listening to random
segments of each grazing and rumination bout and con rmed that the corresponding activities were aurally discriminated from
the background noise. This statement was further con rmed through a quantitative analysis of these bouts using the JMs'
timestamps automatically generated with the JMs classi er algorithm. For each audio recording, two quality indicators of JMs
were individually calculated for grazing and rumination using previously established paratheters

The rst parameter, the JM modulation index (MI) is useful to locate the JMs. The Ml is a measure based on the difference
between the audio signal intensity produced during the JMs and the background noise. Given that the JMs are performed
rhythmically every 1 s during grazing and rumination, the Ml was computed as:

I:\)C:B (1)

Migm = JMintra  JMinter = IMintra + IMinter 2 [0; 1] 2

whereJMintra andJMinter are the mean audio signal intensity produced during JMs and mean audio signal intensity produced in
the short-pauses between consecutive JMs respectively, and de ned as:

1

IMnra= +— a *[KIW[K] ©)
||ntra k=1

1 4

Ther= - & XKL WK) @
inter =1

wherex[K] is the audio signal, is the length in samples of the audio sign@l;a andliner are the total number of samples with
and without JMs, respectively, amgK] is a logical function indicating the presence of a JM in lkith sample.

The second parameter is the signal-to-noise ratio (SNR). This parameter indicates the extent to which the background noise
affects the sound produced during JMs, thus helping to differentiate between JMs associated with chews, bites and chew-bites.
To compute the SNR, the sound produced during JMs must be isolated from the background noise. A multiband spectral
subtraction algorithm assuming uncorrelated additive noise in the audio recordings was used to estimate a noise-fkp signal
and a noisy signai[k]**. The SNR is computed as follows:

SNRdB) = 10iog él§2[k] 10log élﬁz[k] 2R (5)
k=1 =1

=

Examples of audio recordings with high- and low-quality sound are available at Gitlgds:(/gitlab.com/
luciano.mrau/acoustic_dairy cow_dataset/-/tree/master/data/sound_quality ). Their waveforms
are presented in Figh and6. The higher theMl;y and SNR values, the better the audio recording quality. The frequency
distribution of the estimated values Il 3,y and SNR for both rumination and grazing computed over the 133 audio recordings
of continuous monitoring are shown in Fig. Fig 7. shows a considerable variation in thi;\ values of rumination and
grazing. TheMlyy values of rumination tend to be smaller than Mk, values of grazing. This indicates that the JMs
produced in rumination (exclusively chews) are more dif cult to distinguish from the background noise. This is partly due to
the lower intensity of the rumination JMs compared to the ingestive JMs, as shown ihdfid.Fig.5. We hypothesize that the
lower intensity in rumination is because of the high moisture content of the ingested3httdtig 7 shows that the ingestive
JMs produced during active grazing are less affected by background noise than the rumination JMs produced during rumination.
This could be due to the difference in the energy spectral density of the JMs produced in grazing and rumination compared to
that of the background noise
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Quantitative differences between the two channels of the audio recordings have been measured in teivhsytie
SNR values. Tablé presents th#l;y values computed for grazing and rumination in each daily recording. The slash-separated
values represent thdl ;v for grazing and rumination. The less the difference inNHgy values of channels 1 and 2 of a
determined daily recording, the greater the similarity in the signals. Eaplesents the SNR values in an analogous way to
table4. In particular, the smalMIjy and SNR values of the channel corresponding to the inward-facing microphone from the
recordings of day 1 - cow 5, day 3 - cow 3 and day 3 - cow 5 are associated with poor sound quality.

Usage Notes

Audio editing software, such as Audacity or Sonic VisualiSénww.sonicvisualiser.org ), can be used to work with

this dataset. The MP3 and WAV les, along with their corresponding label les, can be imported. The multiple label les
associated with each audio le (delimited by the experts, delimited automatically or with one central mark) can also be imported
simultaneously for comparison or other speci c user interests.

The "MP3Audiolnformation.xlIsx' is a spreadsheet le that provides speci ¢ information on the audio recordings obtained
from the continuous monitoring of dairy cows. The sheet called “Audio le properties” describes the Latin-square design
for this experiment, which could be useful to analyze variations related to animals, experimental days or recording systems.
Additionally, the correspondence between the direction of the microphones (inwards/outwards) and the channels in the audio
recordings elaborated by the experts is also indicated. It should be noted that some errors may have occurred in the channel
assignment due to the diverse sound quality detected across audio recordings. Any observations or particularities presented in
the audio recordings are also mentioned. The sheet named “Cattle activities” speci es the kind of animal behavior categories
and annotations presented in the audio recordings. This enables users to lter activities of interest.

Audio recording qualities vary greatly due to differences in microphones and recording channels. We hypothesize that these
variations were caused by differences in microphone response, microphone setup at the onset of recordings, and microphone
movement during recordings. The sheet named “Audio quality” shows the values of the quality parameters for the audio
recordings, using a background color scale from green to red to indicate high- and low-quality sound, respectively. This enables
users to choose the optimal audio recordings or apply signal enhancement techniques, among other options. We recommend
listening to the audio recordings in stereo or mono, depending on their preferred comfort and result, as this can vary from user
to user due to differences in hearing capacity and audio signal intensity. We suggest listening in stereo for audio recordings with
high-quality sound and listening only to the channel corresponding to the microphone facing inward for those with low-quality
sound, as indicated in the "AudioDescription.xlIsx' le.

The information on the JMs labeled by experts can be used as a standalone dataset for JIMs analysis and for developing new
automatic algorithms for detecting and classifying JMs. We encourage users to utilize the provided JM labels generated by
experts as an audiovisual guide and reference to verify and correct the automatically generated JM labels in all audio recordings.

The data described in this article are released under a Creative Commons Attribution-NonCommercial-ShareAlike 4.0
International (CC BY-NC-SA 4.0) license, indicating that it may be used for non-commercial purposes. We encourage users to
cite this article when using the data for proper attribution.

Code availability

The code for automatically adjusting the timesteps of JM labels, computing the JM labels of the audio recordings and
for technical validation is available at Gitlabt{ps://gitlab.com/luciano.mrau/acoustic_dairy cow

dataset ). All code was written in Python 3.8.10 and distributed under the MIT license. Small changes should be made to the
scripts by specifying the path of the audio les of the execution environment.
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Figures & Tables

Cow 1 Cow?2 Cow3 Cow 4 Cows Mean standard deviation

(ID: 2936) (ID: 2909) (ID: 2948) (ID:21036) (ID: 2976)

Weight [kg] 653 651 674 657 663 6597 9.4
Lactation number| 3 3 2 2 3 26 05
Days in milk [d] 130 125 68 141 62 1052 373
Milk yield [kg/d] 35.4 37.8 44.1 40.3 44.0 403 38

Table 1. Speci c traits and description of the dairy cows used to acquire the audio recordings. The measurements were carried
out on the rst day of the experiment.

Cow Days (Date)
1Jul31) 2(Aug4) 3(Augb6) 4(Augll) 5(Aug13) 6 (Aug18-19)
1 (ID: 2936) 1 2 3 4 5 1
2 (ID: 2909) 2 3 4 5 1 2
3 (ID: 2948) 3 4 5 1 2 3
4 (ID: 21036) 4 5 1 2 3 4
5 (ID: 2976) 5 1 2 3 4 5

* Audio recording repeated on August 19 due to problems associated with the microphone connector and recorder.

Table 2. Latin-square design for recording systems, cows and days.
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Cow Days (Date)
1(Jul31) 2(Aug4) 3(Aug6) 4(Augll) 5(Aug13) 6(Aug18) 6 (Aug’d)
Total Rain [mm] 0.0 3.0 4.0 0 1.0 1.8 0.0
Average Wind speed [m/s] 2.0 11 1.1 1.7 2.9 1.4 1.0
Wind Vector cells: Direction [m/s] 88.6 79.7 73.4 249.3 91.3 253.4 266.2
Average Radiation [W/m?] 238 279 193 251 68 78 166
Total Radiation [kJ/m?] 28.5 335 23.2 30.1 8.1 9.4 19.9
Average Air Temperature [°C] 17.9 20.7 20.9 215 17.0 20.2 20.7
Maximum Air Temperature [°C] 23.3 28.2 251 27.9 19.0 21.8 26.8
Minimum Air Temperature [°C] 12.7 13.1 17.7 14.0 13.3 19.1 15.9
Relative Humidity [%)] 85.9 91.6 96.8 80.2 92.5 91.2 96.4
* Extra day to complete the six experimental days.
Table 3. Weather conditions during audio recording trials.
Days (Date) MP3 Cow
channel| 1 (1D:2936) | 2 (ID:2909) | 3 (ID: 2948) | 4 (ID: 21036) | 5 (ID: 2976)
1 (Jul 31) 1 0.41/0.32 0.34/ 0.37/0.29 0.6/0.36 0.45/0.39
2 0.40/0.31 0.22/° 0.48/0.35 - 0.31/0.33
1 0.45/0.34 | 0.32/0.24 | 0.63/0.47 0.48/0.28 0.54/0.34
2 (Aug 4)
2 0.40/0.29 | 0.39/0.33 | 0.47/0.30 0.29/0.20 0.54/0.34
1 0.41/0.22 | 0.66/0.41| 0.51/0.39 0.44/0.34 0.46/0.25
3 (Aug 6)
2 0.47/0.26 | 0.42/0.23 | 0.39/0.31 0.34/0.27 0.36/0.16
4 (Aug 11) 1 0.55/0.22 | 0.49/0.36 | 0.51/0.36 0.40/0.34 0.39/0.25
2 ” 0.32/0.27 | 0.49/0.27 | 0.34/0.34 | 0.45/0.39
5 (Aug 13) 1 0.41/0.27 | 0.47/0.30| 0.38/0.39 0.34/0.20 0.60/0.30
2 0.30/0.28 | 0.37/0.26 | 0.36/0.28 0.34/0.23 0.34/0.19
6 (Aug 18-19) 1 0.45/0.36 | 0.38/0.27 | 0.51/0.43 0.55/0.31 0.48/0.30
2 0.50/0.23 | 0.35/0.29 | 0.55/0.48 0.34/0.27 0.43/0.23

* Record stopped before completing the 24 h. Rumination was not registered.
™ Channel 2 did not record.

Table 4. Mljy values computed in the trials for the two channels of the MP3 les. Separate slash
values represent thdly for grazing and rumination.
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Days (Date) MP3 Cow

channel| 1 (ID:2936) | 2 (ID: 2909) | 3 (ID: 2948) | 4 (ID: 21036) | 5 (ID: 2976)
1 (Jul 31) 1 8.60/6.44 8.46 / 8.03/5.83 | 10.41/6.18 | 8.85/7.03
2 8.55/6.37 41770 9.61/7.85 ** 3.38/0.12
1 9.87/6.01 | 7.43/359| 102/9.11| 9.89/6.32 | 10.27/6.38

2 (Aug 4)
2 8.52/4.97 | 824/6.05| 9.42/6.56| -0.29/-0.44| 10.24/3.33
1 9.13/459 | 10.86/8.84| 9.68/8.85| 9.41/454 | 9.47/4.85

3 (Aug 6)
2 9.92/4.96 | 9.26/4.47| 4.45/065| 7.17/255 | 6.19/1.34
4 (Aug 11) 1 9.32/2.04 | 9.86/7.80| 10.28/7.12| 9.16/6.31 | 8.05/4.48
2 - 3.99/1.83| 9.6/4.59 6.98/3.76 | 8.78/5.06
5 (Aug 13) 1 9.35/4.91| 997/491| 886/829| 7.86/3.41 | 10.23/5.49
2 563/160 | 7.85/2.98| 7.11/452| 9.64/4.43 | 7.55/0.60
6 (Aug 18-19) 1 9.29/3.46 | 7.98/4.96 | 10.05/8.81| 9.89/4.80 | 10.51/6.40
2 955/2.16 | 6.42/3.87 | 10.54/9.96/ 8.18/3.26 | 8.66/2.38
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* Record stopped before completing the 24 h.
™ Channel 2 does not record.

Table 5. SNR values in dB computed in the trials for the two channels of the MP3 les. Separate slash values represent the
SNR for grazing and rumination.

Figure 1. Recording system used to record the acoustic signals composed of inward and outward facing microphones (a).
Wired microphones were covered by an elastic headband (b) and plugged (c) into a recorder housed inside a weather proof case
attached to the top side of a halter neck strap (d).
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