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Resumen

La gran cantidad de datos generados por la sociedad en los tltimos afios ha permitido que
las soluciones basadas en Inteligencia Artificial (IA) puedan posicionarse en el estado del arte
actual. Muchas de estas soluciones son conocidas como basadas en datos o data-driven en
inglés, ya que estos sistemas necesitan un gran volumen de datos para ser entrenados. La
naturaleza de estas soluciones permite que puedan ser desplegadas en multitud de contextos,
como por ejemplo, la automatizacién de procesos industriales, la conduccién auténoma o el
diseno de asistentes domésticos. Muchos de estos escenarios contemplan soluciones basadas
en el Internet de las Cosas o Internet of Things (IoT) en inglés. A dia de hoy, cada vez
més dispositivos electrénicos estan conectados a Internet, lo que permite un abanico de apli-
caciones desconocidas hasta hace poco tiempo. Por tanto, pequenos dispositivos, como por
ejemplo un reloj, pueden incorporar soluciones de IA para realizar una tarea en concreto, si
bien podria o no ser necesaria la conexién a Internet para el funcionamiento de la solucién
de TA. La conexidn a Internet permite la interaccién por parte del usuario con el dispositivo
y el intercambio de informacion entre dispositivos para una mejora o ampliaciéon de los posi-
bles servicios que pueden ofrecerse. Otros ejemplos claros de IoT pueden ser los asistentes
domésticos por comandos de voz como Alexa© de Amazon o Google Home©. Sin embargo,
este tipo de productos también suponen, en muchas ocasiones, una barrera invisible de la que
no somos conscientes. En este sentido, la interaccién via voz por parte del usuario requerida
por estos dispositivos puede desplazar a personas sordas o con pérdida auditiva. Sin embargo,
cada vez mas, la comunidad cientifica esté trabajando en el analisis de eventos sonoros me-
diante técnicas de IA, lo que podria resultar en sistemas inteligentes y asistentes domésticos
capaces de facilitar el dia a dia de este segmento de la poblicacién y contribuyendo a conseguir
asi una accesibilidad real para todos ellos.

La audicién es una de las principales formas de interacciéon con la naturaleza por parte
de los seres humanos. El campo que se encarga del estudio de algoritmos que sean capaces
de la obtencién de informacién a partir de datos de audio es conocido como Audicién por
Computador (APC) o Machine Listening en inglés. Cabe destacar que un gran nimero de
personas sordas o con pérdida auditiva podrian beneficiarse de soluciones o productos que im-
plementen técnicas de APC. De acuerdo con la Organizacién Mundial de la Salud (OMS), 466
millones de personas tienen problemas de audicion. Ademds, cien mil millones de personas
se encuentran en riesgo de padecer pérdida auditiva. Esto se debe al mal uso de auriculares
o la exposicién a altos niveles de decibelios en distintos lugares como discotecas o estadios
deportivos. Por lo que respecta a la poblacién méas mayor, alrededor de un tercio de la gente
por encima de 65 anos padece de pérdida de audicién. Todo esto nos indica que una gran
parte de la poblacién se podria beneficiar de soluciones basadas en APC.

Visualfy es una startup valenciana cuyo principal objetivo es la creacion de soluciones
basadas en IA que permitan una mayor accesibilidad a la poblacién sorda o con pérdida
auditiva. Actualmente, dispone de dos productos conocidos como Visualfy Home (VH) y
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Visualfy Places (VP). El primero de ellos (VH) se puede definir como un asistente doméstico
accesible para personas sordas o con pérdida auditiva. El sistema estd formado por un Hub
principal y 3 detectores o micréfonos que se deben colocar en las habitaciones que el usuario
quiere tener monitorizadas. El sistema es capaz de registrar el audio, segmentarlo, procesarlo
y clasificarlo acorde a un conjunto de categorias/clases/alertas como, por ejemplo, “alarma
de incendios” o “bebé llorando”. Ademas, el sistema es capaz de comunicarse con multitud
de dispositivos como el teléfono mévil o bombillas inteligentes para que el usuario disponga
de mas fuentes de informacion. Cabe destacar que todo el procesado del audio y la clasifi-
cacion se realizan en el Hub sin ningin tipo de conexién a Internet. La tnica informacion
que transmite el Hub via Internet (IoT) es el tipo de alerta que se ha detectado para poder
notificar al usuario conforme a la configuraciéon personal del sistema (bombillas, mévil, ...).
El segundo producto (VP) estd pensado en hacer més accesibles espacios publicos o de gran
concurrencia (teatros, bibliotecas, etc.). De acuerdo con la Agenda 2030, todos los edificios
publicos deben ser accesibles para todo el mundo. En este caso, el sistema estd compuesto por
el Hub y una serie de periféricos luminosos como ldmparas o bombillas. El funcionamiento
de este sistema, por lo que respecta a las técnicas de APC, es el mismo.

En general, estos sistemas se encuentran desplegados en entornos reales no controlados.
Esto provoca que el sistema, ya sea VH o VP, deba enfrentarse a clases de sonidos o situa-
ciones para las que no ha sido entrenado. Este fendmeno se conoce como el problema de
Reconocimiento de Conjunto Abierto u Open-Set Recognition (OSR) en inglés. Ademéds, la
finalidad de estos productos es el reconocimiento de patrones de audio muy concretos como
puede ser una alarma de incendios o un timbre. Esto ocasiona que cada sistema deba ser
entrenado de forma particular para cada usuario, ya sea un cliente final (VH) o un edificio
(VP). Como se ha dicho anteriormente, muchas de las soluciones actuales de IA han mostrado
resultados muy satisfactorios cuando disponen de una gran cantidad de datos para ser en-
trenadas. Al ser inviable la adquisicion de miles de muestras de audio de un mismo timbre
por parte del usuario, el sistema debe ser entrenado con muy pocas muestras (2 o 3). Este
fenémeno se conoce como Aprendizaje con Pocos Disparos o Few-Shot Learning (FSL) en
inglés. Por ultimo, hay que destacar que la respuesta del sistema debe ser la mas rapida
posible. En este contexto, los tiempos de ejecucién son cruciales. Un retraso a la hora de la
notificaciéon puede suponer una confusién y una mala experiencia de uso para el usuario. La
necesidad de disenar sistemas lo méas simples posible desde el punto de vista computacional
se conoce como soluciones de baja complejidad o low-complexity models en inglés. Asi pues,
resulta especialmente interesante en el escenario considerado el diseno de arquitecturas de
redes neuronales capaces de mejorar la precisién sin que suponga un incremento considerable
en el nimero de parametros entrenables de las mismas.

La mayoria de soluciones en el estado del arte suponen una conversion del audio a una rep-
resentacién 2D mediante algiin tipo de transformacién tiempo-frecuencia. Este pre-procesado
supone la eleccién de hiperparametros concretos como el tamano de ventana, solape, bins fre-
cuenciales o frames temporales si se deseara obtener un espectrograma (representacién 2D)
a partir del audio, ya sea un espectrograma convencional o con consideraciones perceptuales
mediante el uso de bancos de filtros uniformemente espaciados en la escala Mel. Las solu-
ciones que no emplean estas representaciones bidimensionales y que tienen como entrada
directamente las muestras de audio son conocidas como extremo a extremo o end-to-end en
inglés. La peculiaridad de estos sistemas reside en que el sistema estd totalmente compuesto
por parametros entrenables. Asi, se consigue evitar el sesgo que puede aparecer a la hora ele-
gir ciertos valores concretos de hiperparametros, tomando decisiones iinicamente a partir del
audio en su representacién unidimensional. Es por esto que también se ha estimado oportuno
experimentar con este tipo de soluciones en esta tesis.
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Objetivos

Esta tesis se enmarca en el campo concreto del APC donde el objetivo consiste en clasi-
ficar /identificar segmentos de audio/eventos sonoros correspondientes a un patrén definido
para poder aportar informacién a un usuario y asi ayudar en la toma de decisiones final.
De forma mas concreta, este proceso de clasificacién se produce en entornos reales donde
aparecen las probleméaticas de OSR y FSL. Los eventos sonoros poseen, ademds, una serie
de particularidades intrinsecas que dificultan el proceso de clasificacién incluso aunque no se
dieran las problematicas previamente mencionadas. Estas peculiaridades son: la polifonia
de los sonidos en entornos reales, es decir, varios eventos sonoros se pueden superponer en
el mismo instante de tiempo. En un dia cotidiano, es muy dificil encontrar momentos del
dia donde solo escuchemos una tunica fuente aislada. Los sonidos generales y ambientales,
ademads, no poseen una relacién temporal. En otros campos como la voz o la musica si que
se puede encontrar una relaciéon basada en la estructura gramatical y en la melodia respec-
tivamente. Asimismo, cada fuente de sonido posee una naturaleza distinta. Un audio puede
ser transitorio, como, por ejemplo, un timbre, que solo suena una vez durante un instante
corto de tiempo o puede ser estacionario como una alarma de incendios que suena durante
un periodo largo de tiempo. Por tltimo, cabe destacar los problemas relacionados al proceso
de grabacién como pueden ser la adicién de ruido de fondo o ruido eléctrico que dificultan,
en gran medida, el rendimiento del sistema de clasificacién. Asi pues, un sistema robusto
de clasficacién de audio (en un entorno controlado) debe tener en cuenta como minimo las
peculiaridades previamente descritas.

Por tanto, el objetivo principal de esta tesis es la proposicién y estudio de sistemas de
clasificacién de eventos sonoros en entornos reales no controlados (abiertos) donde la clasifi-
cacién debe realizarse en tiempo real y el conjunto de entrenamiento es escaso, teniendo en
cuenta también la posibilidad de utilizar soluciones end-to-end.

El objetivo anterior engloba las tres problematicas explicadas en el Resumen. Por tanto,
este objetivo general se puede dividir en tres objetivos mas concretos. El primero de ellos
consiste en la proposicién de sistemas que sean desplegables y funcionen en tiempo real, es
decir, que cumplan los requisitos temporales de ejecucién que demanda la aplicacién. Se
proporciona, en primer lugar, una vision general de las soluciones de TA de clasificacién de
eventos sonoros. Dentro del marco de la IA, podemos encontrar el campo del Aprendizaje
Méquina o Machine Learning (ML). Dentro de los métodos de ML, podemos ademds en-
contrar aquellos basados en Aprendizaje Profundo o Deep Learning (DL). Los algoritmos
clésicos de ML tienen principalmente un fundamento estadistico y requieren normalmente de
una interaccién mayor por parte de la persona que los implementa, al menos en cuanto a la se-
leccién de caracteristicas se refiere. A medida que los datos disponibles han ido aumentando,
el estado del arte ha ido cambiando y las técnicas mas prometedoras son aquellas basadas en
DL. Ademsds, requieren una menor interaccién por parte de la persona que las implementa,
lo que ha propiciado que, cada vez mas, investigadores e ingenieros se decanten por este tipo
de soluciones. Estas técnicas suelen superar a las soluciones clasicas de ML cuando la base
de datos es lo suficientemente amplia y los conjuntos de datos estan bien etiquetados.

Las técnicas de DL han mostrado resultados muy prometedores en el campo de la Vision
por Computador o Computer Vision en inglés. Las soluciones més extendidas en el estado
del arte estan normalmente basadas en Redes Neuronales Convolucionales o Convolutional
Neural Networks (CNNs) en inglés. Estas redes estdn formadas por capas convolucionales
cuyo objetivo es la creacién de mapas de caracteristicas o feature maps en inglés, a partir de
una representaciéon bidimensional (2D) del audio o sobre el audio mismo (1D). Estos mapas
de caracteristicas corresponden a representaciones internas que son utilizadas, finalmente,



para la clasificacién del audio por la misma CNN. Estas redes han proporcionado resultados
satisfactorios cuando la entrada se encuentra en dos dimensiones (2D) como es el caso de una
imagen en escala de grises. Por tanto, el primer paso de estas soluciones en el contexto de la
APC consite en la transformaciéon del audio de una senal unidimensional a una bidimensional.
Para ello, se realiza un estudio por ventanas (la senal se divide en fragmentos mas pequenos
que se consideran estacionarios) y cada una de ellas se representa en el dominio frecuencial,
consiguiendo asi una representacion bidimensional en el dominio tiempo-frecuencia. Este
proceso de transformacién es conocido como extraccién de caracteristicas y juega un papel
crucial en el comportamiento del clasificador. No obstante, la eleccién de los hiperparametros
que componen un extractor de caracteristicas pueden propiciar un cierto sesgo para un prob-
lema concreto, imposibilitando la generalizacion del sistema que permita ser aplicado en otro
entorno. Asi pues, se decide realizar un estudio de distintas redes neuronales unidimension-
ales que puedan ser més independientes al contexto APC concreto.

Una practica comun para mejorar el rendimiento del clasificador consiste en la creacién
de muestras artificiales durante el entrenamiento (data augmentation en inglés) para que el
sistema disponga de un mayor nimero de eventos durante el entrenamiento. Otra practica
comun, pero muy poco aconsejable en aplicaciones a tiempo real consiste en la creaciéon de
multiples clasificadores independientes entrenados con distintas representaciones de audio,
sistemas conocidos como agrupaciones o ensembles en inglés. A la hora de reconocer un
evento sonoro, este debe ser procesado para la extraccion de caracteristicas multitud de veces
(una por cada clasificador), clasificado por cada uno de ellos y, por tltimo, combinar la in-
formacién de cada uno de ellos para obtener una clasificacion final. Es logico pues, que todo
este proceso no constituya una préactica recomendable en un escenario de aplicacién real. Por
tanto, otro de los objetivos secundarios concretos dentro del marco de trabajo establecido en
esta tesis consiste en la elaboracion de propuestas orientadas a la mejora de la precisién en la
clasificacién de eventos sin que éstas alarguen los tiempos de ejecucién. En este contexto, re-
sultan especialmente interesantes aquellas técnicas que modifican los bloques convolucionales
para obtener mayor precisién sin aumentar de forma significativa el nimero de parametros.
A modo de resumen, podemos definir este objetivo como la bisqueda de una mejora de la
precision del sistema mediante técnicas que no tengan impacto en los tiempos de ejecucidn,
actuando sobre el diseno de la arquitectura. Para la comparacién de diversas soluciones, nos
basamos en el nimero de pardmetros entrenables que la componen.

Otro objetivo concreto de esta tesis es la proposicién de sistemas de IA que sean capaces
de trabajar en entornos abiertos no controlados (OSR). Debido a la naturaleza estadistica
de las soluciones basadas en ML, el problema del OSR se ha conseguido mitigar, en cierta
medida, mediante la aplicacién de técnicas que complementan a algoritmos clasicos, como las
Méquinas de Vectores Soporte o Support Vector Machines (SVMs) en inglés. Actualmente,
existe muy poca literatura respecto a soluciones de DL que mitiguen la problematica del OSR.
Sin embargo, su impresionante desempenio en problemas de clasficacién incita al estudio y
proposicién de soluciones de DL que tengan en cuenta este fenémeno.

Por dltimo, el problema del FSL, no ha captado la atencién de la comunidad cientifica
hasta la aparicién de su utilidad en los sistemas de reconocimiento facial. Se puede apreciar
cierta semejanza entre el problema de reconocer una cara y el de reconocer un patrén con-
creto de audio en cuanto a la disposicion de datos. Por este motivo, con la necesidad de una
solucion para esta aplicacion, las contribuciones basadas en DL para mitigar el problema del
FSL se han incrementado considerablemente. Ademads de la proposicién de una solucién de
FSL para patrones de audio, se realiza un estudio relativamente amplio del estado del arte en
FSL. En esta tesis se ha decidido englobar los objetivos de OSR y FSL en uno conjunto, es
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decir, la solucién propuesta debe mitigar las dos problematicas a la vez. De hecho, las condi-
ciones particulares del escenario de aplicacién considerado en esta tesis industrial implican la
apariciéon de ambas probleméticas de forma conjunta.

Respecto a la redaccién de esta tesis, la estructura de la misma se define como la modalidad
de compendio de articulos. Los anexos corresponden a tres publicaciones realizadas en el
marco de esta tesis en revistas de primer cuartil. Los capitulos de la misma explican y
detallan de forma amplia las problematicas que se afrontan en los articulos que componen
el compendio (Capitulos 1 y 2). Ademds, se enumeran las contribuciones y se exponen las
conclusines extraidas en los mismos (Capitulos 3 y 4).

Metodologia

Para llevar a cabo esta tesis, se ha realizado, en primer lugar, un estudio exhaustivo del estado
del arte de todas las probleméticas que se van a afrontar. Por lo que respecta al despliegue en
tiempo real, se ha estudiado qué representaciones 2D del audio se proponen en la literatura
en soluciones de clasificacién de eventos sonoros, aunque estas no tengan en cuenta dicha con-
sideracién. Existe un gran nimero de contribuciones en este campo de estudio. Dependiendo
del proceso de grabacién del audio (estéreo o mono), las posibles representaciones 2D pueden
ser distintas. La mayoria de ellas se basan en un espectrograma lineal y un posterior escal-
ado empleando un banco de filtros en concreto, cuyo objetivo es emular el sistema auditivo
humano (Mel, Gammatone, CQT, ...). Basdndose en las imdgenes RGB, se han propuesto
representaciones que combinan varias representaciones 2D para generar una representacion
multicanal del audio. Por otro lado, la disponiblidad de redes neuronales piiblicas entrenadas
ha permitido la creacién de representaciones novedosas del audio. El audio es procesado por
la red neuronal y esta genera una representaciéon distinta a las basadas en bancos de filtros
clésicos. Esta técnica es conocida como transferencia de conocimiento o transfer learning
en inglés. En ocasiones esta solucién no es muy efectiva si se quiere desplegar en tiempo
real, ya que estas redes que transfieren su conocimiento suelen ser muy profundas al haber
sido previamente entrenadas con bases de datos muy extensas. Como se ha mencionado con
anterioridad, no existe mucha literatura que tenga en cuenta el despliegue en tiempo real
de la red. Sin embargo, se han estudiado las contribuciones propuestas aunque no tengan
en cuenta dicha limitacién, es decir, aquellas soluciones propuestas en el estado del arte que
intentan mitigar las limitaciones del las CNN.

La técnica de compresién y excitacién de canal, o squeeze-ezcitation technique (SE) en
inglés, es una de las soluciones propuestas cuyo objetivo es el de mejorar la precision de
las CNNs. Estas técnicas realizan un recalibrado de los mapas de caracteristicas o feature
maps en inglés. La finalidad es la de aplacar las limitaciones en la creacion de los mapas de
caracteristicas internos que forman parte de la red. Por otro lado, el método de aprendizaje
es un factor determinante a la hora del entrenamiento en CNNs. Las primeras CNNs estaban
disefiadas como un conjunto de capas convolucionales implementadas de forma secuencial
y una capa final de clasificacion conocida como totalmente-conectada o fully-connected en
inglés. No obstante, la aparicién del aprendizaje residual y su popularidad en los sistemas de
visién por computador han extendido su interés también su interés a los sistemas de audio.
La idea principal en la que se basan las redes residuales es que es mucho mas simple para
la red aprender una funcién residual en un bloque convolucional en lugar de una funcién
de mapeo no referenciada, como en las CNNs secuenciales convencionales. En esta tesis
se estudia como la fusién de ambas técnicas (SE y aprendizaje residual) puede mejorar la
clasificacién de las CNNs en tareas de clasificacién de audio. Para ello, se estudian algunas
configuraciones propuestas en el estado del arte y se proponen dos mas configuraciones para
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mejorar los resultados de clasificacién.

Para estudiar la contribucién de cada solucién diseniada se deben definir una serie de
métricas y de escenarios de experimentacién. Cuando se pretende analizar el comportamiento
de una solucién propuesta donde todas las situaciones son conocidas por el sistema, se ha
decidido emplear la métrica llamada exactitud, accuracy en inglés. Ademds, para aportar
mayor conocimiento en cuanto a las diferencias existentes entre distintas alternativas prop-
uestas, se ha realizado un test estadistico de McNemar. Se trata de un test estadistico de
1 contra 1 que permite discernir si el comportamiento real de dos soluciones es el mismo
o no. En consecuencia, si se pretende analizar la diferencia de comportamiento entre dos
redes neuronales distintas, en primer lugar, se visualiza la exactitud de cada una de ellas y,
posteriormente, se les realiza este test estadistico. Por lo que respecta al tamano de la red
(restriccién de baja complejidad), se ha analizado el niimero de pardmetros de cada solucién
para asi discernir un compromiso entre exactitud y complejidad de la red.

El estado del arte del OSR o el FSL no es especifico del dominio del audio. Como se
ha mencionado previmente, el FSL atrajo un mayor interés de la comunidad cientifica al
proporcionar soluciones para la aplicaciéon del reconocimiento facial. Concretamente, las
técnicas FSL estudiadas han mostrado unos resultados prometedores en el dominio de la
imagen, computer vision. Algunas contribuciones proponen redes neuronales experimentales
que son entrenadas por parejas o en conjuntos de tres (triplets), modificaciones de funciones
de coste de la red neuronal (Ring Loss, Center Loss, ...) o transfer learning. Por otro lado,
el OSR consiste en la modificacion del sistema de IA para que sea capaz de enfrentarse a
situaciones/clases desconocidas de forma eficaz. Por tanto, el estudio de estos campos no es
especifico del dominio del audio. Por ello, es necesario estudiar y proponer modificaciones si se
quieren obtener resultados prometedores en el dominio del audio también, ya que el contexto
no es el mismo y el tamano de las bases de datos suele ser considerablemente menor.

Para analizar la contribucién de las soluciones propuestas en esta tesis en los objetivos de
FSL y OSR, se necesita un entorno de experimentacién muy especifico. Como se ha expli-
cado previamente, el FSL viene determinado por el nimero de ejemplos disponibles en fase
de entrenamiento y el OSR por el nimero de situaciones desconocidas por el sistema una
vez ha sido entrenado. Para simular un contexto donde conviven las dos problematicas en el
dominio del audio, se ha decidio disenar una base de datos de audio especifica. Esta base de
datos estd compuesta por patrones de audio muy concretos que deben ser reconocidos por el
sistema y por eventos de audio genéricos que deben ser rechazados. Es decir, si la red recibe
como entrada un patrén conocido, debe reconocer de qué patrén en concreto se trata. Por
otra parte, si recibe un audio que no corresponde a ningun patron, el sistema debe clasificar
dicho audio como desconocido, es decir, rechazarlo (consideracion OSR). La base de datos
estd compuesta por 24 patrones distintos (alarmas de incendios, timbres domésticos, ...) y
10 clases de audio genéricos (aplausos, bocina del coche, tecleo, ...). Esta est4 disefiada para
poder realizar diferentes experimentos que emulan distintos escenarios, dependiendo de las
consideraciones de FSL y OSR. Para poder analizar el impacto del FSL, la base de datos
estd implementada para que el sistema pueda ser entrenado con cuatro, dos o una muestra de
cada patrén de audio que quiera ser detectado (tres escenarios distintos). Esto es conocido
como numero de disparos. Por otro lado, por lo que respecta a la consideracén OSR, se debe
tener en cuenta la apertura del problema, u openness en inglés. Esta métrica permite saber
cual es la relacién entre situaciones conocidas-desconocidas a las que se enfrenta el sistema.
El valor de openness varia entre 0 y 1. Un valor de 0 indica que el sistema no se enfrentaria
a ninguna situaciéon desconocida. A medida que el valor se incrementa, el sistema se enfrenta
a un mayor numero de situaciones desconocidas. La base de datos estd configurada de tal
forma que hay tres valores distintos de openness, generando asi tres escenarios distintos. La
configuracién de distintos escenarios, tanto en la problematica de FSL como en la OSR, per-
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mite una busqueda en cuadricula o grid search en inglés. Este estudio permite discernir que
configuracién de FSL y OSR es la que presenta un mejor rendimiento. Para analizar atn en
més detalle la consideracion de OSR, se ha realizado una configuracién concreta de la base
de datos donde solo tres patrones fijos deben ser reconocidos (y no los 24 disponibles). Esta
configuracién permite un mayor grado de openness y mejor andlisis de la consideraciéon OSR.
A diferencia del objetivo anterior, la exactitud debe calcularse de forma ponderada entre las
situaciones conocidas y desconocidas.

Debido al tamafio de la base de datos generada, la mayoria de técnicas de FSL empleadas
en imagen no son validas en el contexto del audio. Aunque las bases de datos de imagenes
estan configuradas para que se dispongan de pocas muestras por clase, es cierto que existe
un mayor numero de clases que en bases de datos de audio. Por consiguiente, el nimero
de total de muestras es mucho mayor. Por esta razén, es necesario investigar una solucién
novedosa. La solucién propuesta reside en los llamados autoencoders. Estas arquitecturas
permiten la obtenciéon de representaciones internas de la senal de audio de una menor di-
mensionalidad para que, posteriormente, pueda ser utilizada para la clasificacién. Estos han
mostrado resultados muy prometedores en problemas como detecciéon anémala o traduccién
automatica. La idea principal consiste en entrenar un autoncoder que sea capaz de encon-
trar una representacion interna para cada patrén, siendo esta tan discriminativa que permita
el rechazo de las situaciones no conocidas. Los autoencoders fueron originalmente pensados
como una arquitectura no supervisada, es decir, no es necesaria la informacion sobre la clase a
la que corresponde la muestra. La finalidad de un autoencoder es la recontruccién de la senal
original. Para ello, en primer lugar, realiza una codificacién (reduccién de dimensionalidad)
y posteriormente una decodificacién volviendo a la dimensionalidad original. EI punto de la
red entre el codificador y el decodificador es conocido como cuello de botella o bottleneck en
inglés. No obstante, ya que se dispone de la informacién sobre la clase de la muestra, se ha
decidido analizar el comportamiento de un autoencoder con arquitectura semisupervisada. La
representacion interna y el consiguiente bottleneck no se calcula, inicamente, con la muestra
a reconstruir, si no que también se debe tener en cuenta la informacién de la clase. Para
la consideracién del OSR se ha decidido realizar un clasificador fully-connected, pero cuya
activacion en la capa final corresponde a una sigmoide para que asi sea capaz de discernir
entre patrones conocidos y muestras de clases desconocidas.

Por 1ltimo, las soluciones end-to-end estan poco a poco atrayendo mas interés por parte
de la comunidad cientifica en APC. Si bien existen varios trabajos que proponen una red
unidimensional, la proposicién de ésta se basa en la eleccién de los investigadores. Debido a las
ventajas que aportan las redes residuales, éstas también son una eleccién muy comun en redes
convolucionales unidimensionales. Las redes residuales han sido ampliamente estudiadas en
el dominio de la imagen analizando la contribucién de diferentes redes dependiendo de como
se configuren. Dicho estudio no se ha realizado en el dominio del audio y empleando una red
unidimensional. As{ pues, la contribucién en este objetivo es el estudio de distintos bloques
residuales para soluciones end-to-end para poder asi justificar la eleccién de una red residual
u otra. En este caso, el estudio estadistico se lleva a cabo mediante un test de Friedman no
paramétrico.

Resultados

En esta tesis se han realizado tres estudio distintos (cada uno de ellos dando como resultado
final una publicacién presente en esta memoria) que componen el compendio de articulos
(modalidad en la que se ha redactado esta tesis). Los articulos pueden encontrarse en su
versién original al final de esta memoria en forma de anexo. Los tres articulos previamente
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mencionados hacen referencia a tres problemadticas comunes que aparecen en sistemas de
audicién por computador. Los resultados obtenidos de cada publicacién se resumen a con-
tinuacién:

e Resultado 1: Respecto a la consideracién de complejidad, se ha obtenido como resultado
una red novedosa que es capaz de mejorar soluciones actuales del estado del arte con
una ligera adicién en el nimero de parametros. Para ello, se ha combinado el uso de
técnicas de squeeze-excitation y aprendizaje residual en los bloques convolucionales de
la red.

e Resultado 2: Las probleméticas de FSL y OSR se han conseguido mitigar con un
sistema basado en la arquitectura conocida como autoencoder. Los resultados muestran
una considerable mejora si se compara con otras técnicas como la transferencia de
conocimiento.

e Resultado 3: Por ultimo, los resultados obtenidos en sistemas end-to-end indican que
se debe tener una especial consideracién en el diseno de redes de esta naturaleza cuando
trabajan en el dominio del audio, ya que pueden diferir de las conclusiones obtenidas
previamente en el dominio de la imagen.

Conclusiones

La clasificacién de eventos sonoros es un campo que atrae cada vez més el interés de la co-
munidad cientifica. Sin embargo, la mayoria de contribuciones solo tienen como objetivo la
mejora de la precisién de los sistemas propuestos obviando problematicas que aparecen en
productos que emplean dicha tecnologia. En muchas ocasiones, las soluciones en el dominio
del audio vienen muy inspiradas por el dominio de la imagen. Como se ha mencionado con
anterioridad, el estado del arte actual propone la conversiéon del audio a una “imagen” para
ser procesada, posteriormente, por redes neuronales que han demostrado un gran desempeno
en el dominio de la imagen. Esta “imagen” generada a partir del audio no es trivial. Existe
un gran nimero de contribuciones muy heterogéneas que discuten la que deberia ser la rep-
resentacién usada. No obstante, muchas soluciones a dia de hoy mitigan este fenémeno con
soluciones que no son realizables en un contexto de tiempo real como puede ser el ensemble de
multitud de redes entrenadas sobre distintas representaciones del audio. Estas redes tienen
una serie de limitaciones a la hora de su disefio y es conveniente estudiar y proponer mejoras
que supongan un incremento de la precisién sin que ello conlleve un aumento de parametros
o profundidad de la misma.

Las soluciones end-to-end se encuentran a dia de hoy en un estado muy prematuro. Sin
embargo, la ventaja que puede suponer la implementacion de un sistema que emplea esta
tecnologia puede ser considerable. Estas redes parecen mas propensas a la generalizacién ya
que se evita la eleccién de hiperparametros concretos. Todo el sistema es entrenado y por
tanto todos los parametros se pueden ajustar a una base de datos en concreto. A pesar de
que existen trabajos en la literatura que proponen redes unidimensionales (y muchas de ellas
emplean redes residuales) no se ha realizado un estudio de qué configuracién residual aporta
una mayor precision en el contexto del APC. Se ha demostrado como la eleccién del bloque
residual es dependiente de la lectura concreta que se realice del audio.

Por dltimo, las consideraciones de FSL y OSR no han sido estudiadas con profundidad
en el dominio del audio. El estudio de estas problemadticas es de vital importancia ya que
en muchas aplicaciones reales es imposible recolectar un gran nimero de muestras por clase
(FSL) y, en muchas otras, el sistema se va a encontrar desplegado en un entorno abierto. Para



estudiar ambas problematicas se ha generado, en primer lugar, una base de datos, se ha com-
probado el funcionamiento de distintas soluciones del dominio de la imagen sobre esta base
de datos y, posteriormente, se ha disenado un sistema especificamente para el dominio del au-
dio. En esta tesis se propone un sistema que es capaz de aplacar ambas problematicas a la vez.

En el Capitulo 2, se muestra un amplio repaso de los diferentes aspectos tratados en esta
tesis. Se han presentado los conceptos mas relevantes relacionados a la inteligencia artificial.
Se presenta un diagrama genérico de una solucién que emplea tecnologias de audiciéon por
computador haciendo un breve resumen de cada una de las partes que lo componen. Por
ultimo, los problemas especificos abordados en esta tesis han sido discutidos, es decir, OSR,
FSL, modelos de baja complejidad y soluciones end-to-end.

Los Capitulos 3 y 4 detallan las contribuciones y conclusiones de esta tesis respectiva-
mente. Las contribuciones se muestran de forma enumerada haciendo referencia a cada uno
de las articulos que componen el compendio. En el Capitulo 4 se realiza de la misma manera
pero haciendo un breve resumen global y anadiendo el trabajo a futuro junto con un listado
de todas las publicaciones que se han realizado en el marco de esta tesis.

En el Anexo A se muestra como la combinacién de distintas técnicas, en este caso squeeze-
excitation y aprendizaje residual, consiguen mejorar el rendimiento de una red puramente
residual sin necesidad de afiadir un nimero elevado de pardametros. El estudio se realiza desde
un punto de vista de precisiéon global, por clases y mediante un estudio estadistico conocido
como test de McNemar.

El Anexo B muestra la gran aportacién de las soluciones basadas en autoencoder para
resolver las problematicas de FSL y OSR conjuntamente. El autoencoder permite la creacion
de representaciones robustas de los patrones a detectar siendo posible su discriminacién de
otros eventos sonoros. Dos autoencoders convolucionales son estudiados: uno no supervisado
y otro semisupervisado. Los experimentos se realizan con distintos valores de openness (ver
Seccién y de nimero de disparos. La clasificacion se realiza mediante una red neuronal
que es entrenada a partir de las representaciones generadas por los autoencoders. Los resulta-
dos obtenidos muestran que este marco es capaz de clasificar patrones de audio muy concretos
aunque sea entrenado con muy pocas muestras y a la vez, es capaz de rechazar muestras que
no pertenecen a ningin patrén. Concretamente, el autoencoder semisupervisado muestra un
mejor rendimiento es multitud de experimentos.

El Anexo C muestra un estudio comparativo entre distintas redes convolucionales pen-
sadas para un sistema end-to-end. Para realizar dicho estudio, se selecciona una red residual
del estado del arte y es modificada acorde a los bloques presentados en un estudio similar,
pero en el dominio de la imagen. Los resultados (anélisis de la precisién y estudio estadistico)
muestran que estos difieren entre el dominio del audio y de la imagen. FEl estudio se real-
iza sobre dos datasets y con dos preprocesados de audio distintos. Los resultados también
muestran como la elecciéon del bloque residual puede ser dependiente del preprocesado.

Palabras clave
Clasificicacion de eventos sonoros, reconocimiento del conjunto abierto, aprendizaje con pocas
muestras, técnicas de compresion y excitacion, autoencoder, soluciones end-to-end, apren-
dizaje residual.
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Abstract

The classification of sound events is a field of machine listening that is becoming increasingly
interesting due to the large number of applications that could benefit from this technology.
Unlike other fields of machine listening related to music information retrieval or speech recog-
nition, sound event classification has a number of intrinsic problems. These problems are the
polyphonic nature of most environmental sound recordings, the difference in the nature of
each sound, the lack of temporal structure and the addition of background noise and re-
verberation in the recording process. These problems are fields of study for the scientific
community today. However, it should be noted that when a machine listening solution is
deployed in real environments, a number of extra problems may arise. These problems are
Open-Set Recognition (OSR), Few-Shot Learning (FSL) and consideration of system runtime
(low-complexity). OSR is defined as the problem that appears when an artificial intelligence
system has to face an unknown situation where classes unseen during the training stage are
present at a usage stage. FSL corresponds to the problem that occurs when there are very few
samples available for each considered class. Finally, since these systems are normally deployed
in edge devices, the consideration of the execution time must be taken into account, as the
less time the system takes to give a response, the better the experience perceived by the users.

Solutions based on Deep Learning techniques for similar problems in the image domain
have shown promising results. The most widespread solutions are those that implement Con-
volutional Neural Networks (CNNs). Therefore, many state-of-the-art audio systems propose
to convert audio signals into a two-dimensional representation that can be treated as an im-
age. The generation of internal maps is often done by the convolutional layers of the CNNs.
However, these layers have a series of limitations that must be studied in order to be able
to propose techniques for improving the resulting feature maps. To this end, novel networks
have been proposed that merge two different methods such as residual learning and squeeze-
excitation techniques. The results show an improvement in the accuracy of the system with
the addition of few number of extra parameters. On the other hand, these solutions based on
two-dimensional inputs can show a certain bias since the choice of audio representation can
be specific to a particular task. Therefore, a comparative study of different residual networks
directly fed by the raw audio signal has been carried out. These solutions are known as end-
to-end. While similar studies have been carried out in the literature in the image domain,
the results suggest that the best performing residual blocks for computer vision tasks may
not be the same as those for audio classification. Regarding the FSL and OSR problems,
an autoencoder-based framework capable of mitigating both problems together is proposed.
This solution is capable of creating robust representations of these audio patterns from just
a few samples while being able to reject unwanted audio classes.

Keywords

Sound event classification, Open-Set Recognition, Few-Shot Learning, squeeeze-excitation,
autoencoders, end-to-end frameworks, residual learning
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Chapter 1

Introduction

The data generated by society has been increasing exponentially in the last few years. This
is largely due to the number of personal devices that are constantly connected to the In-
ternet, such as laptops, smartphones or tablets. Besides these widespread personal devices,
many other physical objects equipped with a variety of sensors and which offer relatively high
computing and connectivity capabilities are currently being deployed to create “smart” en-
vironments. The convergence of all these technologies at homes, industries, cities and public
and private venues has led to the concept of Internet of Things (IoT) [2,[3]. The range of IoT
devices has also increased over time. While a few years ago the only personal device connected
to the Internet was a computer or a laptop, today we have smartwatches, lamps or home as-
sistants among other products. Thus, the number of solutions that can be provided thanks
to these devices has increased to places that were unsuspected until recently. The interest
in IoT is such that the European Union created a well-known “Horizon 2020” programmeﬂ
to finance small and medium-sized enterprises whose focus is the creation of technological
solutions using [oT devices. The range of possible IoT applications is really wide, covering
the processing of information coming from multiple modalities, including images, audio or
electric power consumption among others. The large amount of data available in most appli-
cations makes data-based or Artificial Intelligence (AI) solutions the choice. These solutions
are based on the design of an algorithm, often a neural network, that “learns” from the avail-
able data in order to make future decisions. Well-known examples of IoT devices making use
of Al algorithms are home assistants like Google Home™ or Amazon’s Alexa™.,

However, we often do not realise that many of the above technological advances can some-
times be a barrier for many people. For example, in home assistants, a voice interaction by
the user is required. This is not possible for a segment of the population that is deaf or suffers
from hearing loss. According to the World Health Organization (WHO), 466 million people
have hearing problems. In addition, 1.1 billion young people (aged between 12 and 35 years)
are at risk of suffering from hearing lossE] Some of the factors that explain this potential
damage are the misuse of headphones or the exposure to high decibel levels in various places
such as discotheques or sports stadiums. As far as the older population is concerned, about
one third of people over 65 years of age suffer from hearing loss. However, Al can also be
used to break down these generated barriers. People who are deaf or suffer from hearing loss
could benefit from solutions based on machine listening techniques. Machine listening is the
field that aims to extract meaningful information from audio signals by algorithms. These
algorithms may be based on the combination of signal processing and Al methods. Some of

"https://ec.europa.eu/digital-single-market /en /research-innovation-iot
Zhttps:/ /www.who.int /news-room /fact-sheets/detail /deafness-and-hearing-loss
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Figure 1.1: Ilustration of a real case of using a Visualfy Home. The image shows the
communication between detectors and the Hub and the communication of the latter with the

API that is in charge of alerting the user through a mobile device.

the problems present in the field of machine listening are the classification of sound scenes,
the detection and localization of sound events or the detection of anomalous sound events,
among many others. In this context, a large segment of the world’s population could improve
their daily lives if they had IoT products making use of machine listening technologies.

Visualfyﬂ is a Valencian startup whose goal is oriented towards the mission discussed
above: the creation of products aimed at improving the daily lives of deaf people or affected
by hearing loss. Visualfy was one of the European companies that obtained a grant from
the European Union within the Horizon 2020 program[{P] in the SME Instrument Phase II
section. Currently, Visualfy has two IoT products that employ machine listening solutions.
The products are known as Visualfy Homelﬂ (VH) and Visualfy Placesﬂ (VP). VH can be
conceived as a home assistant for deaf people. The product consists of 4 devices, a central
Hub and 3 detectors or microphones. The purpose of the product is to visually notify the
user in case of an important sound event such as a door bell or fire alarm. Figure shows a
user case where the 3 detectors plus the Hub are placed in different rooms in order to monitor
the desired situations. All devices have a LED that lights up when a sound event is detected
(Figure[1.2|shows the variability of colors that can be related to the sound alerts desired to be
monitored). The system is designed so that the users have the detectors in the rooms of the
house that they want to monitor via audio. The Hub, besides being one more microphone, is
in charge of all the audio processing and user notification. It should be noted that European
regulations regarding user data have become more restrictive over time (see Figure for
illustration purposes). Nowadays, an IoT device cannot send private user information. Audio

https://www.visualfy.com/
4https://cordis.europa.eu/project /id /662651 /reporting /es
Shttps:/ /novobrief.com/deaf-startup-horizon-2020,/5962/
Shttps://www.visualfy.com/visualfy-home/

"https:/ /www.visualfy.com /visualfy-places/



Figure 1.2: Isometric representation of a functional installation of a Visualfy Home. The sky

blue color corresponds to the installed devices (detectors and Hub).

is considered private information. Therefore, the entire machine listening system present in
the Hub runs locally without any interaction with an external Application Programming In-
terface (API). The only information that is transmitted over the Internet corresponds to the
class that the detected audio event belongs to in order to notify the user. The alert system
is fully configurable by the users, who can choose the color to which they want to link each
alert and the device on which to receive the alert (mobile phone, smartwatch, smart bulbs,
etc.). On the other hand, VP is a product designed to be deployed in public or crowded
environments such as theaters, museums or stations. The system consists of the main Hub
and lighting devices such as light bulbs or lamps. The machine listening system that is used
follows the same considerations as those of the VH.

In addition to this application, solutions based on machine listening techniques can be
deployed in a multitude of applications such as the early detection of faults in industrial
machines [4], human-machine interaction [5] or sound event localization [6]. The fields of
application can be the industrial context itself, ambient assisted living systems, autonomous
cars, population monitoring or video games, among others. In addition, it should be noted
that a large part of the population is reticent about being monitored visually either at home
or on the public highway. In this context, audio is considered to be a less intrusive modality
than video. These solutions could displace in the future those that use images or become
complementary in order to elicit less intrusiveness. In addition, certain visual monitoring ap-
plications, such as those oriented to wildlife monitoring, have a number of limitations when
light is poor or when not enough cameras are available to cover the entire space. Machine
listening based applications could help to improve such solutions.

This thesis was written using a modality known as a compendium of articles. Under
this assumption, the articles made during this research (at least three accepted in journals
of the first or second quartile) are introduced in their original version as an annex. In this
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particular memory, three annexes can be found at the end of the document. The memory
is also composed of four chapters that introduce the issues and the motivation to deal with
them (Chapter 1), widely detail the state-of-the-art (Chapter 2), list the contributions of the
papers (Chapter 3) and conclude the work (Chapter 4).

1.1 Motivation

The industrial nature of the doctoral program implies an orientation of the research carried
out throughout this thesis towards the innovative application of its results and conclusions
to the context of an industrial product or service. Therefore, a major motivation underlying
the research objectives of this work is on the emphasis of developing technological solutions
with clear applicability to real-world problems and scenarios.

The emergence of Al-based applications has led to the development and improvement
of many products. The area where most effort has been made is computer vision [7, [I} [§].
However, there is an increasing interest from the scientific community and companies in de-
veloping products based on the information extracted from acoustic signals [9) 10, B, [I1].
These solutions are considered less intrusive from the user’s point of view and can also solve
problems that are extremely difficult to tackle in the image domain (e.g. lack of luminosity,
impossibility to map the whole space, etc.). When it comes to developing a machine listen-
ing solution, a series of considerations must be taken into account. First, general sounds
do not have a deterministic structure, that is, the fact that an event occurs does not deter-
mine that another one will follow. This is not the case in the voice or music domain, where
AT systems can obtain specific patterns thanks to grammatical structures, established rules
and pre-defined dictionaries (e.g. phonemes or musical notes). On the other hand, general
sounds have a polyphonic nature, i.e. two or more sound events can occur at the same time.
Therefore, a masking phenomenon can appear where one event “hides” the other. Another
important consideration is that there are several kinds of sounds depending on their nature.
If they are examined from a spectral point of view, the acoustic signals can be tonal (e.g.
fire alarms) or noise-like (e.g. keyboard tapping). If analysed by their temporal behaviour,
the sounds can be transitive (e.g. door slam), continuous which in turn can be divided into
stationary (e.g. machine breakdown), non-stationary (human speech), intermittent which in
turn can also be divided into sounds with periodic patterns (e.g. foot steps) or irregular
intervals (e.g. baby crying). Finally, the recording process must be also taken into account.
This process can add noise or filter certain frequency components. The fact that very often
the sampling frequency or bit depth is different for different examples within the same train-
ing dataset, and those that the system must classify once trained can result in poor system
performance. Thus, an audio classification system must at least address these considerations.

However, these are not the only issues that arise when deploying a machine listening so-
lution in a real, uncontrolled scenario. The first problem that appears is the one known as
Open-Set Recognition (OSR) [12]. This problem refers to all the circumstances, in our case
sounds or audio events, that the system will have to face without having been trained on
them. Let’s imagine that a classifier is designed to detect 3 specific audio patterns: doorbell,
fire alarm and a specific telephone melody. When this system is deployed in a domestic
context, it will have to reject a multitude of sounds present at home. It is evident that it is
impossible to account for all the casuistry of a home: conversations, television, pet sounds,
street noise, etc. Therefore, a system must be designed with a special emphasis on the rejec-
tion of samples that do not belong to the patterns or classes for which it has been trained.
Thus, a machine listening system cannot be conceived as a closed set system where all the
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audio samples it is going to face will belong to a class the system has seen during the training
stage. The second problem that arises is the Few-Shot Learning (FSL)[I3]. When a specific
pattern detection system is desired, for example, for a particular doorbell, a high number
of samples will not be available because it is unfeasible to request hundreds or thousands of
recordings from a user. Systems based on AI methods, based whether on machine learning
or deep learning techniques, have shown very promising results when trained with a large
number of samples. In the field of audio, these techniques have also shown very satisfactory
results when used as generic classifiers, that is, when the classes to be detected show a high
degree of intra-class variability. Let’s imagine a classifier that classifies between dog barks
and baby cries. In general, each bark can be different depending on the breed of dog, inten-
sity, etc. Just like a cry, which can vary due to the sex of the baby, the claiming (hunger,
sleepiness, etc). However, what is desired in this type of system is the capability to detect
every event of a bark or babycry nature, not a specific bark or cry. In the case of alarms,
since each user can have his or her own, some specific training is needed. Since it is unfeasible
from a user experience point of view being required to record a large number of samples, the
system must be trained with very few. The last issue to be considered is the execution time.
As it can be expected, the less time the system takes to recognize, the better user experience
the customer will have. Classifiers should be as simple as possible, which leads to the de-
velopment of low-complezity models [14]. Currently, many state of the art solutions propose
systems formed with a multitude of independent classifiers where each one of them provides
a result and the final prediction comes from the output of some fusion mechanism. These
ensemble-based methods may not be practical in a real environment and results must be
improved in another way without a decrease in execution time. Also, as previously discussed,
due to data protection legislation (LOPD) no user data is allowed to leave an IoT device.
Therefore, the whole data processing and classification (the machine listening pipeline) must
be performed locally at the egde device.

In summary, given the scenario discussed above, it is necessary to propose machine listen-
ing systems that mitigate these problems. Some existent solutions in audio come from studies
that have addressed similar problems in other domains. For example, the problem of FSL is
widespread in the audio domain thanks to the advantages of facial recognition or signature
recognition [I5, [16]. FSL methods have also been studied in music applications related to
genre classification [I7]. On the other hand, the OSR problem has been analysed in detail
in image recognition by experimenting with large image databases [12] [I8]. Finally, with
regard to the consideration of low complexity models, it has only recently begun to receive
considerable attention in audio [14, 19]. Thus, this thesis is motivated by the need to analyze
and propose novel solutions in the audio domain that can be deployed in real environments
and showing robustness to the problems discussed above. In addition, it has been decided
to experiment with end-to-end frameworks (where the whole system is made up of trainable
parameters) in the audio domain [20] 21]. These frameworks are increasingly attracting the
attention of the scientific community for their ability to generalize to different problems in
the context of machine listening.

1.2 Objectives

Taking into consideration all of the above, the objective of this thesis can be defined as follows:

To design, implement and evaluate sound event and sound scene classification systems
that must be deployed in real-world, uncontrolled environments, where the classification must
be performed locally in an edge device and only a very limited training dataset is available.
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This global objective can be divided into the following sub-objectives:

e To provide an overview of state-of-the-art solutions to the problems addressed in the
thesis. This includes from the first techniques to the current ones. In addition, it is
intended to provide detailed explanations on how these solutions have been implemented
in different contexts, be it images, speech or music, since sometimes there is not much
literature on how such problems affect the sound event classification performance.

e To analyze the behavior of different end-to-end residual networks in the context of
machine listening. Due to the advantages that this family of solutions can provide,
such as the elimination of non-trainable parameters chosen manually for each problem,
it has been deemed necessary to experiment with different residual architectures to
study their behavior depending on the audio reading and training dataset. These
solutions are thought to be easier to be generalized to other problems, since the whole
system is made up of trainable parameters.

e To propose novel residual squeeze-excitation modules in order to improve the accuracy
of audio classification systems. Most deep Learning-based frameworks rely on the ability
of convolutional neural networks to learn features from audio signals that lead to good
discriminative properties. These networks are composed of several stacked convolutional
layers. However, they also have a number of limitations. Newer techniques such as
squeeze-excitation or residual learning have shown promising results. The proposal of a
module that combines both techniques can improve the classification without increasing
significantly the depth of the network.

e Finally, to design an FSL/OSR framework capable of detecting specific audio pat-
terns while rejecting all unknown audio classes. The FSL consideration must be taken
into account when very few samples of each pattern are available to train the system.
Moreover, considering jointly FSL and OSR within the same system requires both net-
work structures coping simultaneously with both problems and developing meaningful
datasets for this task.

1.3 Structure of the thesis

This thesis is divided into four chapters and three annexes, with an additional section for
bibliographical references. The contents of each chapter are as follows:

Chapter 1 introduces the scenario in which this thesis is developed, emphasizing the as-
pects related to its industrial character and the solutions that are intended to be integrated
into real market products. In addition, it presents the motivation and objectives guiding this
research work.

Chapter 2 provides some background on the main concepts used throughout this work.
The fundamental problems addressed in the thesis are presented, discussing some of the ini-
tial solutions found in the literature and current state-of-the-art techniques. In addition,
the main public audio databases that have been used in this thesis to evaluate the proposed
contributions are presented.

In Chapter 3 the most significant contributions of each of the papers that make up the
compendium of this thesis are listed and summarized.
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Finally, Chapter 4 concludes the work carried out in this thesis by discussing the main
outcomes of the above research work. It also mentions some future research lines that may
be considered to gain further insight into the results obtained in this thesis.

Annex A corresponds to the first publication that makes up the compendium of articles.
It corresponds to a paper published in IEEE Access (doi: 10.1109/ACCESS.2020.3002761),
which presents some novel configurations for convolutional neural networks that combine
residual learning and squeeze-excitation techniques. These are shown to improve considerably
audio classification performance without increasing significantly the number of parameters in
the network.

Annex B corresponds to the second publication of the compendium. The publication
was accepted in a special issue of the Sensors journal called Intelligent Sound Measurement
Sensor and Systems (doi:10.3390/s20133741). This paper presents a novel architecture based
on autoencoders aimed at addressing jointly the problems of Open-Set Recognition (OSR)
and Few-Shot Learning (FSL).

Annex C presents the latest publication of the compendium, corresponding to a paper
published in IEEE Access (doi: 10.1109/ACCESS.2020.3031685). This publication explores
and compares different residual configurations but in the context of end-to-end solutions
accepting as input the raw audio signal. Such kind of solutions have been shown to provide
promising results without the need to apply signal transformations to the input.






Chapter 2

Background

2.1 Brief overview

This section explains the context in which this thesis is framed. Firstly, it explains the rise of
artificial intelligence (AI) in recent years and how the appearance of these technologies has
allowed a great improvement in machine listening algorithms. Nowadays, classical algorithms
are being replaced by algorithms more data-driven, that is, a considerable amount of data
is needed for this solutions to perform well. It also explains the modules that make up a
machine listening system today. Finally, the event known as DCASE is presented. This
event was held for the first time in 2013 and can be understood as a consequence of the great
interest in machine listening solutions from the scientific community. As it will be explained
later, the tasks presented at the event can be considered as the most topical in the state of
the art.

2.1.1 Artificial Intelligence history review

Today, the multitude of technological solutions employ methods or techniques of artificial
intelligence (AI). Although this technology seems to be very new, its theoretical basis were
first developed back in the 1940’s. The first idea was to imitate the human brain by shaping
the behaviour of neurons. The first attempt to understand how neurons work can be found
n [22], published in 1943. This is recognized as the first Al-related work. Furthermore, this
assumptions were even modelled by means of electrical circuits. In 1949, [23] introduced the
idea that neural pathways are strengthened every time they are used, a concept fundamentally
essential to the manners in which humans learn. If two nerves fire at the same time, the
connection between them is strengthened. The field of artificial intelligence was born in
a workshop at Dartmouth College in 1956 [24]. John McCarthy was responsible for the
conference and is considered the father of artificial intelligence. From this conference, the
first AT solutions began to be proposed. In 1956, the Logic Theorist was introduced. It
is a program created to perform autonomous reasoning and is considered the first artificial
intelligence program. In 1958, the Perceptron was created [25]. Perceptron consists of a
supervised binary classification algorithm. The classification must be carried out by means
of a feature vector. Perceptron is a linear function with weights that are adjusted to correctly
predict the available data. The Perceptron equation can be defined as follows:

1, ifw-x4+b>0
X) = 2.1
/() {0, otherwise (21)
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Figure 2.1: Generic illustration of an artificial intelligence solution (either Machine Learning
or Deep Learning) for an audio database. In this case a supervised model is represented as

the information from the tags/labels is used.

where w represents the trainable weights, x is the data feature vector and b is a constant
bias. A neural network consists of a set of layers: input layer, hidden layers and output layer
in which each one is composed of several neurons based on the Perceptron idea. The first
multi-layered neural network was designed in 1965, thus causing the birth of Deep Learning
[26].

Nevertheless, the lack of computer power and the scarce databases available at that time
made the advances in the AI field very difficult [27]. This is how, in 1974, the AI field got
into the so called Al winter.

Despite this, during that time, some relevant contributions were made, as in [28], where
a backpropagation algorithm was proposed for multi-layer neural networks. From the 1980s
onwards, more powerful computers were designed, allowing the development and implemen-
tation of modern artificial intelligence methods.

2.1.2 Machine Learning and Deep Learning

The rise of artificial intelligence has led to the proposal of a multitude of algorithms that can
be classified into different categories according to their design. On the one hand, Machine
Learning (ML) algorithms are mathematical algorithms that learn from the data provided
to them. ML algorithms have adjustable parameters whose value is changed and calculated
base on the available training data (see Figure . ML algorithms are not necessarily based
on neural networks; Support Vector Machines [29] or Decision Trees [30] are clear examples
of these. On the other hand, the so called, and very widely spreaded, Deep Learning (DL)
algorithms are based on neural networks that have at least one intermediate layer. Deep
Learning (DL) solutions are based on different types of neural networks, be they Deep Neural
Networks (DNNs) [26] or Convolutional Neural Networks (CNNs) [31]. As databases have
become larger, the number of layers required to generalise all possible cases must be greater.
The explosion of DL-based solutions can be considered relatively recent and is due to the
availability of an unprecedented large amount of data and sophisticated computing hardware
such as GPUs.

From an implementation point of view, ML algorithms require a prior process of data
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cleansing and selection, known as feature engineering. However, in the DL scenario, feature
engineering might not be necessary in many applications. A common state-of-the-art example
of feature engineering for ML computer vision classification is to use Local Binary Patterns
[32] to create an histogram that can be used as a feature vector. This is, the image is
transformed in a feature vector prior to the classification/training process. On the other hand,
DL algorithms can be fed by the image itself omitting the feature extraction step. CNNs are
deep neural networks that extract characteristics from the image itself to perform the task for
which it has been designed (classification, detection, etc.). Thus, the implementation of DL
algorithms can be much faster from the implementation point of view. However, in certain
application domains, such as audio or machine listening, a feature engineering process is still
required.

Both, ML and DL algorithms, can be classified as follows according to the information
available in the dataset:

e Supervised: every data in the database is mapped to a class label. The objective of
the algorithm is to create a function that allows to map new input data to its corre-
sponding output label. The available data is associated to a series of labels. That is,
an entry corresponds to a specific output. The objective of the algorithm is to create
a function that allows to map all the inputs to their corresponding outputs. Types
of problems supervised may be classification problems (assigning an input to a spe-
cific class), detection (determining the existence of relevant information) or regression
(predicting an actual value from an input).

e Unsupervised: data in the database is not mapped to any kind of class label, therefore
the goal of the algorithm is to find similarity between the data itself. Some unsupervised
examples may be clustering (grouping of data because of their similarity) or data coding
(the algorithm creates richer internal representations of an entry through a learning
process).

e Semi-Supervised: is a trade-off between the two previously explained approaches.
For a dataset to be considered semi-supervised, some samples of it must be labelled
and others not. Therefore, both supervised and unsupervised techniques must be used.
We will also consider a semi-supervised problem when all the labels in a dataset are
available but unsupervised and supervised techniques are used to solve the task in
question.

In this thesis the 3 approaches have been worked on. The classification of audio patterns is
done in a supervised way since the DL algorithm must map an audio clip to a specific labelling
class or category. Unsupervised learning is used to mitigate the Few-Shot Learning problem
(FSL), deeply analyzed in this thesis (see Section [2.3.1)). In addition, a semi-supervised
approach is analyzed to study the same problem comparing both approaches (unsupervised
and semi-supervised).

Likewise, supervised algorithms can be further divided in different subcategories depend-
ing on the number of labelling-classes in the dataset or how many classes can be associated
to a single sample:

e Binary classification: is the simplest classification problem since only two classes
appear. Normally, these classes are understood as positive class and negative class
[0,1] [33].

e Multi-class classification: the classification problem presents more than two classes.
It should be noted that a sample belongs to only one of the classes. To be considered
as a class present in the dataset, it must appear at least once. This approach appears
in audio events classification (AEC) task [34], 35}, 36].
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e Multi-label classification: can be considered the most complex problem of classifi-
cation. In this scenario, apart from having several classes, a sample may or may not
belong to more than one class. This scenario appears in the audio domain due to its
polyphonic nature [37, 38].

In this thesis, the classification problems studied correspond to multi-class problems since
an audio can only belong to a specific pattern within an amalgam of possible patterns.
Because an audio can only belong to one pattern, it does not seem to make sense to analyze
from a multi-label point of view.

2.1.3 Basics of Deep Learning

The Deep Learning architectures used in this thesis are those known as DNNs and CNNs
(see Figure . A DNN can be defined as a NN where intermediate hidden layers have been
added. The layers made up of nodes are called fully-connected (see Figure a)).

Node equation and activation functions

The node is simply a point of computation where the inputs to the node are weighted by a
weighting vector whose values are adjusted at training stage. To achieve non-linear network
behavior, a non-linear trigger function is usually applied. Thus, the mathematics of a single
node responds to the following equation:

z=f(a) = flw-x+b) = fOO_ wix; +) (2.2)
=1

where x represents the input to the neuron, w the trainable weights, b a trainable bias and
f denotes an activation function. The activation functions used in this thesis are Rectified
Linear Units (ReLU) [39] and Exponential Linear Units (ELU) [40]. ReLU activation avoids
gradient vanishing, this being a known phenomenon that appears when gradient diminishes
dramatically as it is propagated backward through the network [4I]. In addition, they are
computationally more efficient, allowing the network to learn the parameters much faster than
other activation [42]. As shown in [40], ELU activation can be understood as a modification
of the ReLLU activation that allows faster training and higher accuracies while maintaining
all the benefits reported by ReLLU. Both activation equations are:

ReLU (a) = max(0,a) (2.3)

a, ifa>0

ELU(a) = { (2.4)

ale®” — 1), otherwise
where « is a fixed constant and a is an independent variable that can have values in the
[—00, +00] interval. As it can be observed, when a > 0, both activations behave in a linear
way.

Other very important activation functions are the so called sigmoid and softmax. The
softmax function receives an input vector with K positions and normalizes it into a distribu-
tion consisting of K probabilities proportional to the exponentials of the input numbers:

et

[ 2.5
Yooy €% 29

softmax(a);

K
Zsoftmax(a)i =1 (2.6)
i=1
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where the input is the K-dimensional vector [a; ...ax] and softmax(a); is the output
value for i-th vector coefficient. Softmax is used in multi-class classification problems.

On the other hand, the sigmoid function maps the (—oo,00) range to the [0,1] inter-
val, thus transforming any real value into another real value that can be interpreted as a
probability:

1

sigmoid(a) = ppp— (2.7)

where sigmoid(a) is the output value corresponding to any real value a in the (—o0, c0) range.

Cost functions

The values of the parameters of the network, that is, the values of the linear coefficients that
compose the nodes of the network, are found by means of iterative optimization procedures
that take into account the set of training samples and the expected network output for those
input samples. The so called cost function is evaluated on each iteration of the procedure, this
function being a complex mathematical representation of the difference between the expected
network output and the output observed on each iteration of the procedure. The standard
coefficient optimization is based on an iterative gradient descent intended to find a local or
global minimum of the cost function [43].

Over the years, many different cost function have been implemented. The particular
problem to be treated greatly influences on the choice of the cost function. Some of the most
usual choices are the mean squared error (MSE), the categorical cross entropy (CCE) and
the binary cross entropy (BCE). MSE [44] is the most suitable choice when calculating the
error in the prediction of real values. Its equation is:

Lovee = Jifé (x; - X)2 (2.8)

where L, is the MSE cost function, N is the number of training samples, and X; and XZ
represent the target and predicted real valued outputs for the i-th training sample respectively.

The categorical cross entropy, CCE, should be used in multi-class classification problems
where each sample belongs to only one amongst K different categories. This problem is
usually tackled with a softmax activation in the last layer of the network. Its mathematical
formulation is:

N
*Ccce = - Z Yi 10g Qz (29)
=1

where L. is the CCE cost function, N is the number of training samples and y; and g;
represent the original and predicted class probability respectively. As each sample belongs
to one single class, y is an one-hot vector meaning it is equal to 1 in the position of the class
that the sample belongs to, and 0’s in the other positions. g is a probability vector output
by the network. As it can be seen, this cost function takes into account only the probability
assigned by the network to the positive class. The probabilities assigned to the other classes
are multiplied by 0 by the the one-hot vector.

The binary cross entropy, BCE, is the proper choice for multi-label classification problems.
The difference between this type of problems and the multi-class classification described above
is that in multi-label classification labels are not exclusive, meaning that one sample can be
labelled with more than one label. The vector y is not one-hot, instead, it can be 1-valued
in more than one position. Hence, assuming a multi-label problem with K different labels,
the output layer of the network is typically formed by K independent neurons with sigmoid
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Figure 2.2: Tllustration of two different Deep Learning architectures.

activation on each one. The BCE cost function, L., would be mathematically formulated
as follows:

K
Lpee = —% ; ; [Yi i 1og Gk + (1 — yix) log(1 — Gi k)] (2.10)
where N is the number of samples, y; ;. is a binary variable that indicates if sample ¢ should
be labeled with label k£ and ¢; j is the probability that the network assigns to sample i to
be labelled with label k. Although g; ;, are probability values, it must be noticed that, since
each sample can be labelled with more than one label, Zle i,k is not necessarily equal to
one for any sample 1.

Different types of layers in a CNN

Deep neural networks DNNs based on the linear node equation described in Equation [2.2
were the first to be developed and implemented. An important improvement to this was
the development of convolutional neural networks (CNNs). These type of networks base
there node equation in the linear correlation of the input with a numerical element called
kernel. While these types of networks can be used with 1D inputs, their true benefits are
seen when dealing with 2D input signals [7]. The first contribution on which these networks
are currently based was presented in [45]. This contribution is known as Neocognitron. The
fundamentals presented in this paper are used today. However, at that time there was no
training with backpropagation. The first paper that presented CNNs as they are understood
today was [46]. The network was trained with backpropagation and used the fundamentals
of Neocognitron to extract two-dimensional signal patterns. Its design became gradually
formalized in the following works by LeCun et al. [31],[47]. These networks were inspired by
the work done in [48] where 2D data input was contemplated and allowed (see Figure
b)). The most relevant contribution of these works is the creation of the convolutional layer.
In the convolutional layers, the linear coefficients of the node Equation are replaced by
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a convolutional kernel specially designed to pinpoint particular patterns in the input signal.
Although general equations for the convolutional layers can be derived, in this thesis the
focus is put on 2D and 1D input data. For the particular case of 2D inputs and one single
kernel function, K, the node equation would be:

kg kw

2(zy) = FO D Kijteriotyrj1+ bay) (2.11)

i=1 j=1

where z(z,y) is the node output, K is a 2D kernel of size ki X ky, a is the 2D input, b is a
fixed bias and f(.) is an activation function (see [2.1.3). The particular values of the kernel
coefficients KC; ; are found during the training process.

A convolutional layer is defined by the following parameters:

e Kernel size: most usual sizes for CNNs with 2D inputs are 3 x 3 or 5 x 5. However,
in some CNNs 7 x 7 or 11 x 11 are used [49].

e Stride: represents the displacement, or hop, of the filter as it moves across the input
image. The most common stride is (1, 1).

e Number of channels: number of filters that form a convolutional layer.

e Padding: determines how the edges of the image are processed. If no padding is added,
the output size is reduced compared to the input. In order for input and output to
have the same size, the edges of the input must be padded, with zeros or with another
technique such as replicating the values of the edge of the input, as many times as
necessary according to the kernel size.

Therefore, given an input of size ny X ny and a kernel, IC, of size ky X ky, it can be
formulated that the output, also known as feature map, has size:

VlH +2p— kg
S

+1J " an+2p—kw+1J
S

feature map size = (2.12)

where s denotes the stride and p the padding, both supposed to be equal in both directions.
Therefore, a convolutional layer composed of one single kernel takes an input that belongs
to the R"#*"W gpace and outputs a matrix in the R™H *"w space. In a more general case
the input can have another dimension of size C'. In, for example, an RGB image composed
of three color channels, C' = 3. Another degree of generalization can be added by assuming

that a convolutional layer can be composed of several kernel filters. So, assuming these two
generalizations Eq. can be rewritten as:

kg kw C

2,y) = FO D D K peior g1+ b5) (2.13)

i=1 j=1 k=1

where €’ would be the number of kernels and ¢ € [1,2,...C"], K¢ is the ¢-th kernel of size

kg x kw x C, a is the input signal, biy is a fixed bias associated to the ¢/-th kernel and f(.)

is an activation function (see[2.1.3)). As in can be observed, the output signal size would be:
2p — k 2p — k

{w n 1J « [w n 1J O (2.14)

In addition to convolutional layers, CNNs are made up of other types of layers. These
are:
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¢ Batch normalization layers: this layer corresponds to a standardization layer whose
objective is to achieve a better generalization during training. When training many
parameters present on the network, special care must be taken in the learning rate and
initialization of the weights. This means that training deep networks can be complex
when there are a large number of non-linearities (internal covariate shift). The nor-
malization of each batch allows to be a little less careful with the previously exposed
[50, B1L 52]. Thus, the normalization process is within the model. This layer is usually
placed after the convolutional layer, before activation. In this context, the activation
function can be defined as an independent layer of the model.

e Pooling layers: the number of filters of the convolutional layers (C') usually increases
as going deeper in the CNN. In the event that no reduction in dimensionality (ng or
ny ) is made by this layer, it may be the case that the last layers have to process 3D
matrices of the same width and height as the input to the first layer and with the
substantial increase in the third dimension (C’ in that specific layer). Since this data
processing is not feasible, a susampling layer is required. These layers are known as
pooling. Like convolutional layers they have a receptive field of a certain size known
as pool size. The reduction of dimensionality is done by taking a single value of the
receptive. The most common choices are to the highest value or to the average. In
addition, there are global poolings where the pool size is the width and height of the
three-dimensional matrix, thus achieving a single value per filter.

e Dropout layers: in dropout layers [53] [54] a certain ratio of randomly chosen neurons
is deactivated. The objective of this is to avoid the over-adjustment, also known as
overfitting (see Section . In many cases, dropout is necessary to achieve better
generalization of the model in validation and test stages.

e Flatten: on many occasions, CNNs have to carry out classification tasks. In many
occasions, this task is carried out by fully-connected layers. Thus, to achieve a 1D
representation of a three-dimensional signal, a resample known as flatten is performed
where all values are placed in a one-dimensional way [55] [56].

e Fully-connected layers: the first CNNs, implemented fully connected layers as they
were in charge of establishing the relationships between the feature maps generated by
the previous convolutional layers and the final output of the classification [31, 42, [7].
This trend is still in use [57, 58]. However, there is a parallel tendency that implements
fully-convolutional networks for classification [59] 60, [61].

Transfer learning and fine-tuning

DNN/CNN training procedure can be, in many cases, very costly in terms of time, computing
power and sample availability resources. Techniques have been developed to take advantage
of large pre-trained networks by only adapting the value of the trainable coefficients to the
particular problem being treated. The most widely used of these techniques are transfer
learning [62], 63, [64], [65] and fine tuning [66], [67]:

e Transfer Learning: under this approach, the pre-trained network is used as an intel-
ligent feature extractor. The main idea is to use the output of a pre-trained network
to feed a simpler one with much less coefficients to be trained. This allows much
less samples and computational power resources to achieve the necessary level of accu-
racy. Well-known pre-trained networks for audio classification are VGGiShE] [, L3netE]

Thttps://github.com /tensorflow /models/tree/master /research/audioset /vggish
https://github.com/marl/openl3
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a) Transfer learning approach
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Figure 2.3: Generic illustration showing the difference between a system based on transfer
learning and one based on fine-tuning. As can be seen, the difference is found in the freezing

of the weights of the pre-trained network with another database.

[68, 69] or Soundnetf’] [70, [71].

e Fine Tuning: the fine-tuning process is the one in which a net is retrained but having
some weights pre-learned in another previous training process [60, [67]. The retraining
process is usually shorter for the following reasons: the database is usually smaller
and the weights are closer to the global minimum. Therefore, this must be taken into
account when designing the second training process. The learning rate is usually lower
and the schedule is usually somewhat different.

2.1.4 Machine Listening pipeline

Computer audition or Machine Listening can be defined as the field of study of algorithms
whose objective is the extraction of relevant information from audio data by a machine.
Broadly speaking, Machine Listening can be defined as the set of algorithms that attempt
to mimic the behavior of the human ear. It includes methods from different fields such as:
signal processing, pattern recognition and artificial intelligence, among others. Within the
field of machine listening several subgroups can be found depending on the nature of the
audio signal; music or environmental are examples of this. A specific nature and a problem
to be solved determine a machine listening task. Some tasks in the machine listening field are
Acoustic Event Classification (AEC) [72] [73], Acoustic Scene Classification (ASC) [74], [57]
or Sound Event Detection (SED) [38| [L1] [75]. In this context, the problem of classification
and detection is different. Classification is understood as the assignment of a particular class

3https://github.com/cvondrick /soundnet
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Audio Segments Features
streaming (Trigger systems) extraction
5 4
0 & || 520
Notification Clasification

Figure 2.4: Illustration of the pipeline of a machine listening solution. This illustration is

based on the commercial product Visualfy Home.

to an audio clip. When the classification is multi-label it is usually defined as tagging. On
the other hand, detection consists of assigning a specific class and determining the start
and end time of the recognized sound event. Recognizing and classifying can be understood
as synonyms. The detection consists, therefore, of classification and determination of the
temporal boundaries of a specific event in an audio clip of greater duration.

Any solution based on machine listening technologies can be divided into a number of
steps. These steps range from audio recording to user notification. In this thesis any machine
listening framework is divided into 5 steps.

1. Audio streaming

The first stage of a machine listening system is to capture audio from its source. A micro-
phone, or in some cases arrays of them, together with the digitizing system are crucial since
they can determine parameters of the signal such as noise floor, dynamic range or number of
samples to be processed. The sampling rate and the bit depth will determine the resolution
level of the audio and therefore its 2D representation (see Sect. .

2. Segmentation

The captured audio streaming must be segmented in order to be processed. A first approach
could be to process all the captured audio in segments of a certain length L with L/2 overlap.
Other approaches make a pre-selection of the audio before segmentation process/overlapping
by implementing some triggering algorithms [76] [77, [78]. Many of them are based on the
well-known cusum statistics [79, [80] that pinpoints changes in the mean of a time series.
Thanks to the emergence of new edge devices with great computing power as Raspberry P'1E|

“https://www.raspberrypi.org/
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or Google Edge TPUE] the trigger process is losing relevance since it is feasible to implement
fast processing systems directly from the streaming.

The particular value of L is highly dependent on the particular task. Common values are
L = 10s [81] for Acoustic Scene Classification, 4s [82] for Acoustic Event Classification or
40ms [83] for Sound Event Detection.

3. Feature extraction

CNNs have shown excellent performance in classification and detection in the image domain
[7, 1, B4]. The first machine listening solutions based on CNNs imitate frameworks of the
image domain [85], 86] by converting the 1D audio signal to a spectro-temporal representation
where one axis corresponds to the frequency and another to the time [87, [88] 89, 90, 9I]. The
choice of representation is a field of study nowadays as there are many options. The window
size and overlap must be chosen for the time axe, whereas the scale and number of bins must
be selected for the frequency axe (see Section for further details about the frequency
scale issues). Decisions about the frequency representations are very relevant since it has
been proven to affect the behaviour of the system in a relevant manner [92].

In a more recent approach the raw 1D audio signal is input to the network without
implementing any previous feature extraction. In this case the CNN acts not only as a
classifier but as feature extractor as well [60, 21), 93, 20]. So far, 2D representations have
shown better results than raw audio inputs [94]. However, this is an open research line since
it could lead to computer power savings.

4. Al system

The remarkable results achieved during the last decade by Al systems based on CNNs make
a very wide range of machine listening problems to be solved by these techniques. Examples
of this are classification or tagging [9], detection [95] and localization [96].

Most solutions implement CNN networks due to the pre-processing (convert the audio into
a time-frequency 2D representation) explained above (step 3). The AI module is responsible
for the output of relevant information from the audio input.

5. User notification

In the particular case of the system worked during this thesis a final notification stage exists.
Users receive a notification, a visual representation of the sound event processed by the Al
stage. Visualfy Home or Places systems are able to send push notifications to the mobile
devices of the users and to illuminate smart bulbs in the room.

2.1.5 Detection and Classification of Acoustic Scenes and Events (DCASE)

The interest of the scientific community both from academia and from companies in solu-
tions based on machine listening has been increasing in recent years. The Detection and
Classification of Acoustic Scenes and Events (DCASE) is an annual event that is used as a
backbone by the community working on machine listening methods. This event is divided
into a Challenge and a Workshop. The first edition took place in 2013 and was organized
by the Centre for Digital Music, from the Queen Mary University of London, and IRCAM
(Institut de Recherche et Coordination Acoustique/Musique) from Paris. The Workshop was

Shttps://cloud.google.com /edge-tpu
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not a stand-alone conference but a special session in WASPAA2013 (e.g. Workshop on Ap-
plications of Signal Processing to Audio and Acoustics). The next edition was not until 2016.
From that year on, there has been an annual event until 2020.

The reputation of the conference can be seen in how the number of papers submitted has
increased over the years. The following table shows the number of papers, the acceptance
rate and the attendance rate by the academic sector and by companies.

Edition | Papers Acceptance rate (%) Attendance (academic (%)/companies(%))
2016 23 100 68/32
2017 27 90 61/39
2018 43 73 62/38
2019 54 66 50/50
2020 49 58 56/44

Table 2.1: Evolution of the DCASE Workshop.

Two conclusions can be drawn from the table above (see Table[2.1)). The first is that the
Workshop is gaining a reputation over the years. Each year the number of papers accepted
has increased while the acceptance rate has decreased, which indicates that more and more
papers are sent to the Workshop. The second conclusion is that there is interest from private
companies in solutions based on machine listening technologies. The attendance ratio has
been increasing on the part of the companies until there is a 50-50 balance (2019 edition). In
addition, companies such as Apple, Google, Mitsubishi or Hitachi sponsor or have sponsored
the Workshop.

On the other hand, the Challenge has a much more competitive approach where novel
solutions to a particular problem or task may or may not appear. Over the years, the problems
proposed have increased. The proposal of a task can have several motivations. The most basic
would be to encourage research related to that task by the scientific community. Each task
is defined by a specific dataset and a baseline proposed by the task organizers. The simple
fact of having specific data for a task and a starting point may be enough for the scientific
community to focus on that problem. The second motivation is that the solutions proposed
by the teams are very easy to compare since all the proposed systems must be trained as
specified in the task presentation. The number of tasks has tripled from the first edition to the
last one, from 2 to 6. The period in which the challenge is held is usually 3 months (normally
between March and June). However, during the rest of the year, researchers continue to use
the datasets and systems proposed in the Challenge as a comparison for their contributions.
Therefore, the celebration of this challenge is very useful and has clearly accelerated the
proposal of machine listening solutions for a multitude of tasks and problems present. Below
are the tasks present in each of the editions held:

e 2013 (2): Acoustic scene classification [97, 98] and Sound event detection [97, O8]

e 2016 (4): Acoustic scene classification [99] [100], Sound event detection in synthetic
audio [100} 10T], Sound event detection in real life audio [99, [100] and Domestic audio
tagging [100].

e 2017 (4): Acoustic scene classification [102, 103], Detection of rare sound events
[102, 104], Sound event detection in real life audio [102), [104] and Large-scale weakly
supervised sound event detection for smart cars [102] [104].
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e 2018 (5): Acoustic Scene Classification [81], General-purpose audio tagging of Freesound
content with AudioSet labels [1I05], Bird audio detection [106], Large-scale weakly la-
beled semi-supervised sound event detection in domestic environments [107] and Mon-
itoring of domestic activities based on multi-channel acoustics [L08), [109].

e 2019 (5): Acoustic Scene Classification [81], Audio tagging with noisy labels and
minimal supervision [110], Sound Event Localization and Detection [I11I, 112], Sound
event detection in domestic environments [I13] and Urban Sound Tagging [114].

e 2020 (6): Acoustic Scene Classification [811 [14], Unsupervised Detection of Anomalous
Sounds for Machine Condition Monitoring [115, 116, 117], Sound Event Localization
and Detection [I11], B3], Sound Event Detection and Separation in Domestic Environ-
ments [118] 119} 113], Urban Sound Tagging with Spatiotemporal Context [120] and
Automated Audio Captioning [121), 122} [123].

The tasks presented at the DCASE have increased over the years. The tasks of Acoustic
Scene Classification (ASC) and Sound Event Detection (SED) have been maintained over
the years. On the one hand, the ASC task has been updated according to the problems
that have arisen. The first editions presented an ASC task without any added restrictions.
However, the 2018 edition already presented the ASC problem with mistmatch devices, the
2019 edition added the problem of Open-Set Recognition (OSR) (see Section and the
2020 edition added the restriction of low complexity models (see Section . The SED
task has been analyzed in several scenarios as the editions have progressed. In the last two
editions, the spatial location of the source has been added, so the task has been redefined as
Sound Event Localization and Detection (SELD). The rest of the tasks have been changing,
but the change in complexity of these tasks is worth mentioning. In the first editions, the
tasks were tagging or detection. The tasks proposed now imply a design of more complex
systems capable of captioning an audio or detecting fault patterns in an unsupervised way.

The contribution of the DCASE to this thesis has been remarkable. Datasets presented
in the Challenge have been used, as well as comparing the system’s performance with those
proposed in the Challenge. It is a good reference point to check the state of the art with
respect to some technology. Finally, during the thesis, there has been participation in 1 task
in the 2019 edition and 4 in the 2020 edition (see Section [4.2]for the Technical Reports related
to the tasks).

2.2 Open-Set Recognition

2.2.1 Definition

In real scenarios, it is impossible to collect data on all possible situations the system will face
once trained and deployed [12]. In the specific case of a machine listening system installed in a
real world environment performing classification tasks 24 hours a day, it is nearly impossible
to collect audios from all the classes that the system will be forced to face. In public or
crowded spaces, a multitude of new situations appear even every day, such as construction
sites, crowds, different types of background noises, traffic, etc. The Al system must, therefore,
be able to cope with events from unseen classes by rejecting them in the classification stage.
This is called an OSR context. On the contrary, in a closed-set recognition context the input
to the system is restricted to events that belong to one of the pre-trained classes; think,
for example, in a medical image system where the usual practice is to input only images of
certain parts of the human body to recognize a determined type of pathology. See Figure [2.5
for a visual representation of these situations.
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a) Traditional Close-Set approach

b) Open-Set Recognition approach
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Figure 2.5: OSR problem illustration. Classes defined with U denote unknown classes (either

KU or UU) and color classes represent known ones.

When dealing with OSR problems, special consideration should be given to defining which
classes should be recognized and which ones should be rejected. With this idea in mind, the
following classification of the classes that appear in an OSR problem can be made [I§]:

e Known Known (KK) classes: classes that are used in the training and validation
stage and that must be classified as positive events by the system.

e Known Unknown (KU) classes: classes that are available during the training stage
and should be classified as negative events (rejected) by the recognition system. These
classes are very useful since they allow the system to make representations and generate
boundaries that can help to discern samples from the unwanted category.

e Unknown Known (UK) classes: classes for which no samples are available during
training but side-information such as semantic/attribute information is available during
training. This category is not considered in this work.

e Unknown Unknown (UU) classes: classes that are not used nor in the training nor
in the validation stage and must obviously be rejected by the classifier. The system
only sees these classes in the test stage.

The OSR describes a situation in which the UU classes appear in the test stage without
appearing in training. An OSR system must therefore classify the KK classes at the same
time as rejecting the samples from the UU classes. If the system has been trained with a KU
class, these must also be rejected (see Figure [2.5p)).

The OSR consideration is determined by the values known as open space risk and open-
ness. As described in [12], the space in the feature map away from the KK and KU classes is
known as open space O. Close-set systems are forced to label these samples in one KK class.
This carries a risk known as open space risk Rp. The lack of knowledge of the UU classes
makes the calculation of this risk complex to obtain. However, in [12], it is formalized as the
quotient between the open space and the overall measure space S,:

_ Jo f(x)dx
Js, f(z)dzx
where f denotes the measurable identification function. f(x) = 1 means that some kind of

KK is recognised, otherwise f(x) = 0. Under such formality, the higher the samples in the
open space are labeled as KKs, the highest Rp is.

Ro(f) (2.15)
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The metric known as openness provides a relationship between the classes used in the
training phase and the classes to be recognized in the test phase. In a close-set problem,
this value would be the same. However, in an OSR context the number of classes in test
phase is greater than the number of classes you have been trained with. The first definition
of openness, proposed in [12], is:

2 x ‘CTR’
O=1—,/ —1—-°4 2.16
\/ |Cral + |CrE]| (2.16)

where Cr4, Crr and Crg denote the set of classes to be targeted, the set of classes used
during training and the set of classes that the system is facing in testing stage. |- | indicates
the number of classes of each set. The higher the value of O, the more OSR the context
is. In [I2], no relationship is specified between the variables that define the number of
classes. In more recent works [18, [124] [125] 126] the relationship Cr4 = Crr C Crg is held.
However, this case does not contemplate the use of KU classes since all classes employed
during training must be recognized. Thus, in [I127], a relationship is established that does
take this consideration into account, Crq4 C Crr C Crg. However, this relationship may
have some inconsistency with the definition of openness presented in Equation Let’s
suppose this case: |Cra| =3, |Crr| = 20 and |Crg| = 25:

2 % ‘CTR’ 2 x 20
O=1—-{/———F—1—=1-— = —-0.195 2.17
\ [Cral + |CrE] V3+25 (2.17)

In this scenario, a value of O < 0 is obtained, which is unreasonable. Hence, a new refor-
mulation of the value of openness is needed that is consistent with this scenario. As can
be appreciated, Cr4 is a set within the Crp set, that is, any class that wants to be recog-
nized must appear in Cpg. So, in [128], the value of openness (O*) is reformulated with this

consideration as:
2 x |O7pg]
Of=1— /| —1==2 2.18
\ [Crr| + [CrE| (2.18)

With this new formulation the range of the openness value is bounded to the range
0 < O* < 1. When O* =0, Crr = Crg, indicating that no UU classes exist. On the other
hand, as Crg becomes larger, Crg > Crgr, O — 1 indicating a greater complexity in the
OSR consideration.

2.2.2 Background

The design of systems that can be deployed in OSR contexts currently has several lines
of research. A first division can be made between discriminative and generative models
[129, 130]. In the case of this thesis the work is done with discriminative models. The
following is a review of the state of the art of solutions with descriptive models based on both
traditional machine learning methods and Deep Learning solutions.

Classic ML methods start from the premise that the distribution of the training set and
the test set is the same, i.e. they do not expect to have to deal with an unknown situation.
The pipeline is fixed: an input is taken, mapped in the desired feature space and classified in a
predefined class (see Figure[2.5n)). As it can be observed, this clearly closed-set functionality
cannot be assumed in OSR contexts. As an example, let’s imagine that we perform a 1-9
digit classifier. Once the system is trained, it expects the entries to be predicted to be digits.
However, if images of animals are entered, it can be observed how the system classifies them
as digits by, for example, saying that a duck is a number two.

If one ML technique has attracted a lot of interest when implemented in OSR scenarios
it has been the Support Vector Machine (SVM) [29]. The main idea of SVM is the creation
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of a hyperplane or set of hyperplanes in a feature space, which allows the separation of the
different classes present in that space. The so-called support vectors are used to calculate
this hyperplane. These vectors correspond to the closest samples between different classes.
The method is designed so that the hyperplane is as far away as possible from each support
vector, positioning itself right in the middle of the support vectors of different classes.

In [12], a modification of the SVM, known as 1-vs-Set, is presented and incorporates
an open-space risk term to take into account space beyond the KK classes. The classifica-
tion/recognition function is optimized as:

arg %1 {Ro(f) + MRc(f(V))} (2.19)

where V' denotes the training data, Ro the open space risk, R, the empirical risk, f a recog-
nition function and A, a regularization constant. In particular, for the OSR consideration, a
parallel hyperplane is added to the one obtained by the SVM. This allows a slab to be left in
the feature space to consider samples as unknown. Another similar approach is presented in
[131) 132] where a new method for calculating the hyperplane known as Best Fitting Hyper-
planes Classifier (BFHC) is proposed. It should be pointed out that these methods reduce
the space occupied by the KK classes by generating gaps in the feature space. However, the
feature space occupied by these classes is not confined.

To achieve the confinement of each KK class in the feature space, the hyperplanes separat-
ing them need to be non-linear. In [18], a modification of the SVM is proposed that achieves
this non-linear separation. This method is called Weilbull-calibrated SVM (W-SVM). The
method combines the extreme value theory (EVT) [I33] for the calibration of the s