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Resumen

Abstract

Affective Computing (AC) has gone through an exponential growth since it was first proposed
in a technical report at the M.I.T by Rosalind Picard in 1995. A lot has changed since that
first paper proposed studying human emotions using the power of computers. Years have
passed since that moment and, today, Affective Computing is a full field on its own, bring-
ing together disciplines like Machine Learning, Psychology, Medicine, Signal Processing,
Human-Computer Interaction, etc.

Practical applications of Affective Computing are as multidisciplinary as its foundations,
being possible to apply them on fields such as Marketing, E-learning, E-health, etc. Improving
customer service, studying buyers’ tendencies according to their mood, analysing students’
emotions during lessons, even allowing people to study their own emotions for the sake of
their own well-being. This is just a small sample of what researchers are studying right now
in the field of Affective Computing, but these applications do not end there.

Over the course of this thesis, which belongs on the field of Human-Computer Interaction
(HCI), we have studied AC, elements, tools and software which fall under this discipline,
how can they be applied in different use cases and how can we contribute to such a discipline.
Due to our previous expertise in this field, we have paid special attention to the fields of
E-learning and E-health.

Regarding the contribution of this work, this thesis by compendium has explored different
types of contribution to the field of AC as a whole:

• Application of AC mechanisms to enrich serious games. For the first publication
presented in this thesis, we explored the relationship between emotion and cognition,
and the role emotions play in the learning process. By combining emotion detection
techniques with a serious game, we managed to assemble a game to teach English to
Spanish children which is capable of modifying its difficulty dynamically according to
the affective state of the users, finding a balance between boredom and frustration to
keep children engaged in the learning process for longer. This proposal was validated
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in collaboration with a local school, where a between-subjects test helped validate the
initial hypothesis.

• Application of AC mechanisms to ASD therapies. Thanks to a collaboration with
a local association which works with children with Autism Spectrum Disorder, we
were able to study how emotion detection could be used to assist therapists working
with these children. One of the obstacles people with ASD have to face is the inability
or difficulty to both identify their own emotions and the emotions expressed by other
people. However, this skill can be learned with the proper therapy. In order to use AC
technologies to assist in this task, we designed an application where children can train
their emotion recognition and expression skills in an independent way, but assisted by a
therapist if necessary. We validated this proposal with the aforementioned association
and received a very positive feedback.

• Proposal of an architecture to develop multimodal detectors. Although they are
recognised as superior, the design of multimodal detectors involves several difficulties:
communication with different services, handling different response formats, merging
heterogeneous data, etc. As per our third proposal, we have designed an architecture to
organise multiple emotion detectors working together. This proposal includes steps to
translate different results to the same format and to merge data using different strategies.
This architecture, which has been developed exploiting the features of JavaScript and
Node, has been designed in such a way so it can be modified and extended easily, using
JavaScript modules.

Finally, even though it is not part of this compendium since it has not been published yet,
we decided to take a step further in the development of affective systems and we proposed
an extension of the quality model for software proposed in the SQuaRE norms, i.e., the one
proposed in ISO 25010. This ISO proposes a set of characteristics and sub-characteristics
to measure the quality of software. Since quality models are designed with a high level of
abstraction in mind, and due to the novelty of AC, existent models can be hard to customize
and adapt to fit these new applications and technologies which did not exist when the model
was proposed. To overcome this barrier, we propose an extension of this model based on
sub-characteristics and metrics which fit the existent model, so people working the field of
AC can measure the quality of affective software highlighting the affective capabilities of it.

In conclusion, we have made some proposals regarding how to create new interaction
mechanisms which integrate AC technologies and HCI techniques together. The goal of
this integration is to create new ways for users to interact with the applications they use on
their daily activities, granting these applications, for instance, the capability of modifying



xiii

their behaviour based on users’ emotions. This thesis also strives to bring attention to the
actual application of AC, in contrast with current trends which tend to focus on improving
the accuracy of emotion recognition models without actually applying them.

As per our next steps, we are starting to study how to include emotion detection during
physical rehabilitation processes, while we study the relationship between emotions, motiva-
tion and rehabilitation times. Although this line of work is relatively new, we have already
published part of this new work and we are working to extend it.

It is worth noting that this work has been financially supported by several entities. On the
one hand, it has been supported by the University of Castilla-La Mancha, through a predoc-
toral grant published in the Spanish DOCM with announcement number 2018/12504 and res-
olution number 2019/451. On the second hand, this thesis has been supported by the national
project granted by the Spanish Ministry of Science, Innovation and Universities with refer-
ence RTI2018–099942-B-I00 and by the regional project (ref: SBPLY/17/180501/000495)
granted by the regional government (JCCM) and the European Regional Development Funds
(FEDER).
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Resumen

La Computación Afectiva (CA) ha crecido de manera exponencial desde que fue mencionada
por primera vez en 1995 en un artículo del M.I.T escrito por Rosalind Picard. Muchas cosas
han cambiado desde aquel primer artículo que proponía estudiar las emociones humanas
usando el poder de la Informática. Años más tarde, la Computación Afectiva es un campo
de pleno derecho que integra Aprendizaje Automático, Psicología, Medicina, Detección de
señales, Interacción Persona-Ordenador, etc.

Las aplicaciones de este campo son tan multidisplinares como sus fundamentos, teniendo
cabida en Marketing, en Educación, en Salud, etc. Mejorar la atención al cliente, estudiar
tendencias de compradores en base a su humor, analizar el estado de ánimo de un grupo de
estudiantes, de una persona en rehabilitación, permitir a una persona analizar sus propias
emociones: esto es solo una muestra de lo que se está haciendo con la Computación Afectiva
en estos momentos, pero sus aplicaciones no acaban ahí.

Durante el desarrollo de esta tesis, se han estudiado los distintos elementos afectivos
que pueden utilizarse a nivel tecnológico (sensores de señales fisiológicas, detectores de
emociones, avatares virtuales, clasificadores automáticos) y diversas formas de aplicarlos.
Dada la experiencia previa de nuestro grupo de investigación, estas aplicaciones se han
enfocado particularmente en el campo de la salud y la educación.

En lo que respecta a las aportaciones de este trabajo al campo de la CA, en este compendio
se han desarrollado distintos tipos de contribuciones:

• Aplicación de mecanismos de CA para el enriquecimiento de juegos serios. Para
la primera publicación presentada en esta tesis se decidió explorar la relación entre
emoción y cognición y el papel que juegan las emociones en el proceso cognitivo
que es aprender. Al integrar técnicas de detección de emociones en un juego serio,
diseñado para enseñar inglés a niños españoles, se pudo desarrollar un juego capaz
de modificar su dificultad dinámicamente en base al estado afectivo de los usuarios.
El objetivo de este juego es encontrar, de forma automática, un equilibrio entre el
aburrimiento y la frustración para mantener a los usuarios concentrados en el juego
durante más tiempo, maximizando así las actividades didácticas que completen. Esta
propuesta fue validada en colaboración con un colegio local, donde una prueba usando
un grupo de control y un grupo experimental nos permitió validar la hipótesis inicial.

• Aplicación de mecanismos de CA en terapias con niños en el espectro autista. Gra-
cias a una colaboración con una asociación local que trabaja con niños con Trastorno
del Espectro Autista (TEA) pudimos estudiar de primera mano cómo podían usarse
las emociones para asistir a terapeutas en sus actividades educativas con dichos niños.
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Uno de los obstáculos que enfrentan las personas con TEA es la dificultad (o inca-
pacidad) para identificar sus emociones y las de otros. Sin embargo, esta habilidad,
como cualquier otra, puede desarrollarse con la terapia adecuada, especialmente si se
comienza en la infancia. Para poder asistir a personas y terapeutas en sus procesos
terapéuticos usando tecnologías de CA se diseñó una aplicación para niños en la cual
los usuarios pueden desarrollar sus capacidades para identificar y expresar emociones
de forma autónoma, sin perjuicio de que un terapeuta puede guiarlos en el proceso. Esta
propuesta se validó junto con la asociación colaboradora mencionada anteriormente,
que devolvió comentarios muy positivos.

• Propuesta de una arquitectura para desarrollar detectores multimodales. Si
bien los detectores de emociones multimodales son considerados como los detectores
más completos y fiables, su diseño e implementación conlleva algunas dificultados:
comunicar la aplicación con distintos servicios de detección a la vez, sincronizar
las respuestas de estos, adaptar el formato de cada respuesta a un formato común,
etc. Como tercera propuesta, se ha diseñado una arquitectura para organizar distintos
tipos de detectores de emociones operando a la vez. Esta propuesta incluye un flujo
de trabajo en el que se traducen los resultados afectivos a un formato común y se
integran usando distintas estrategias de fusión de datos. Esta arquitectura, que se ha
implementado aprovechando las características de JavaScript y Node.js, se diseñó de
forma que fuera fácil de extender y modificar, de manera que pudiera seguir siendo
adaptada en el futuro por desarrolladores ajenos a su diseño.

Por último, aunque esta publicación no forma parte del compendio dado que aún no ha
sido publicada, decidimos dar un paso más allá en la asistencia al desarrollo de sistemas con
tecnología afectiva, por lo que se propuso una extensión del modelo usado para medir la
calidad del software propuesto en la ISO 25010, dentro del conjunto de normas SQuaRE. Esta
ISO propone una serie de características y subcaracterísticas a través de las cuales se puede
medir la calidad del software. Si bien los modelos de calidad existentes presentan un alto nivel
de abstracción para ser capaces de adaptarse a todo tipo de software, esta abstracción puede
acabar siendo perjudicial, hasta el punto de que se pierdan matices y aspectos importantes
del software que sea interesante conocer. Para intentar corregir esta deficiencia, se han
propuesto una serie de subcaracterísticas y métricas que, si bien permiten evaluar esos
aspectos novedosos de los prototipos con tecnologías afectivas, al mismo tiempo se integran
perfectamente con el modelo mencionado anteriormente, lo que avala la coherencia de los
nuevos elementos propuestos. Esto permitirá a desarrolladores e investigadores estudiar la
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calidad de aplicaciones afectivas sin que el modelo borre las capacidades afectivas de las
aplicaciones y su influencia en la calidad.

En definitiva, en esta tesis se han realizado diversas propuestas con el objetivo de
implementar nuevos mecanismos de interacción que integren la tecnología afectiva con
técnicas de Interacción Persona-Ordenador, con la finalidad de modificar la forma en la que
las personas interactúan con los dispositivos que forman parte de su día a día, dotando a estos
de capacidades para ajustarse y adaptarse a sus usuarios y, más concretamente, a su estado
afectivo. Este trabajo persigue también la aplicación práctica de técnicas afectivas, puesto
que la aplicación real tiende a quedar como trabajo pendiente en muchos trabajos existentes
en esta rama de investigación.

En cuestión de trabajos futuros, se están analizando diversas formas de incluir detección
de emociones en procesos de rehabilitación física, como parte del estudio de la relación entre
emoción, motivación y tiempo de recuperación. Parte de este trabajo ya ha sido publicado en
congresos internacionales y se está preparando para presentarse en otros medios.

Por último, es importante mencionar que esta tesis ha sido financiada por diversas
entidades a lo largo del tiempo. En primer lugar, por la Universidad de Castilla-La Mancha,
a través de un contrato predoctoral para la formación de personal investigador en el marco
del Plan Propio de I+D+i, cofinanciado por el Fondo Social Europeo, publicado en el
DOCM con número de anuncio 2018/12504 y número de resolución 2019/451. En segundo
lugar, a través de un proyecto nacional concedido por el Ministerio de Ciencia, Innovación
y Universidades con referencia RTI2018–099942-B-I00 y de un proyecto regional con
referencia SBPLY/17/180501/000495 concedido por la Junta de Castilla-La Mancha y el
Fondo Europeo de Desarrollo Regional (FEDER).
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Capítulo 1

Introducción

En este capítulo se definirán las bases de esta tesis doctoral. La Sección 1.1 presentará el
contexto y circunstancias que motivaron el estudio de las líneas abordadas a lo largo de este
trabajo. La Sección 1.2 presenta algunos de los conceptos sobre los que se fundamentan
los trabajos acometidos en el contexto de esa tesis. La Sección 1.3 presenta los objetivos
principales y los objetivos secundarios que esta tesis pretende satisfacer. Finalmente, se
detalla la estructura de este documento en la Sección 1.4.

1.1 Justificación y motivación

El término protagonista de esta tesis, Computación Afectiva (CA), fue acuñado por Rosalind
W. Picard en 1995 como toda forma de computación "relacionada con, provocada por, o que
influye en emociones" [35]. Así, podríamos distinguir diversos tipos de tareas enmarcadas
en la CA en función de qué se haga con las emociones.

• Detección. La detección de emociones es una actividad amplia y multidisciplinar
que puede implicar desde el uso de sensores para la medición de señales fisiológicas
hasta el entrenamiento de modelos de aprendizaje automático. Esto está directa-
mente relacionado con la manera que tienen las emociones de manifestarse, puesto
que, al margen de su definición y/u origen (que puede hacerse desde varias áreas de
conocimiento, desde la Psicología a la Filosofía y la Medicina), las emociones tienen
una manifestación física, y estas manifestaciones pueden transformarse en datos que
un computador puede procesar, traducir y utilizar.

• Procesamiento. Según la pureza de nuestra fuente de datos afectivos, el producto de
esa detección conllevara un nivel de procesamiento u otro. Se entiende la pureza de un
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dato como lo cerca que está de convertirse en información afectiva valiosa. Así, un
indicador biométrico que indique un nivel de excitación o estrés se considerará más
puro que una lista de números que representen el valor RGB de los píxeles de una
imagen que contiene un rostro. La explicación de esto es que, para obtener valor de ese
dato biométrico, apenas habrá que compararlo con un umbral preestablecido para saber
qué representa, mientras que para extraer valor de esa lista de números definiendo
el color de cada píxel de una imagen habrá que entrenar algún tipo de clasificador
o reconocedor de patrones (por ejemplo, una red neuronal) con imágenes de rostros
previamente etiquetadas con la emoción que representan.

• Utilización. Una vez que una emoción (su manifestación) ha sido transformada en
datos almacenados en memoria, esta puede utilizarse de muchas maneras, aunque estos
usos pueden distinguirse como usos pasivos o activos. En el contexto de esta tesis, se
denoniman usos pasivos a aquellos que no influyen en el usuario directamente y/o a
corto plazo. Así, se dice que una aplicación usa las emociones de forma pasiva cuando
se limita a registrar las emociones de los usuarios para una posterior visualización,
agregación o análisis por parte de un tercero (que podría ser incluso el propio usuario).
Por el contrario, se dice que las emociones se usan de forma activa cuando se utilizan
para influir en el usuario que las origina directamente y/o a corto plazo. Entonces,
un ejemplo de aplicación que usase las emociones de forma activa sería aquella que
utilizase las emociones detectadas para modificar su comportamiento en tiempo real,
para intentar crear una respuesta acorde en el usuario.

• Simulación. Por último, si bien esta actividad podría catalogarse como la menos
explotada, existe también la posibilidad de simular las emociones. Para ello, se hace
uso de algún tipo de avatar con el cual el usuario pueda interactuar y percibir dichas
emociones. En este caso, el objetivo principal es despertar cierta empatía en el usuario,
que al sentir que está interactuando con un ente emocional, tiende a reaccionar de
forma distinta a como lo haría si sintiera que solo interactúa con un autómata. Un
ejemplo de este tipo de actividad podrían ser el der los asistentes virtuales que algunas
paginas webs utilizan para atender a sus clientes, que ofrecen respuestas (desde un
cambio en la expresión facial de un avatar 3D a el uso de un vocabulario concreto por
parte de un bot de chat) ajustadas al tono o humor que refleja la entrada del usuario.

Originalmente, el esfuerzo investigador en el campo de la CA se volcó en las dos primeras
actividades, proliferando trabajos como [21][37][40][42] sobre la detección de emociones
usando medios como la cara o la voz, el procesamiento de señales biológicas y su significado
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emocional, la posible fusión de información afectiva para mejorar la calidad de la información,
etc.

Sin embargo, de un tiempo a esta parte ha crecido el interés por explorar las posibilidades
de aplicación de la Computación Afectiva. «¿Y si un juego modificase su dificultad dinámi-
camente para mantener el interés del usuario?». «¿Y si mi aplicación ofreciese ayuda de
forma automática cuando se detectase estrés?». «¿Y si mi plataforma registrase el humor
de los usuarios mientras consumen contenido y lo utilizasen para recomendar contenido
nuevo?». «¿Puede el estado afectivo ayudar a reducir riesgos al conducir?». Estas preguntas,
entre otras, son algunas de las cuestiones que muchos investigadores empezaron a plantearse
cuando la disciplina conocida como CA se asentaba.

Si bien el estudio del estado del arte ha significado el análisis de muchas de las diversas
aplicaciones de la CA, las áreas que más atención han recibido han sido el aprendizaje virtual
(e-learning) y la sanidad electrónica (e-health), debido a la experiencia previa del grupo de
investigación al que pertenece el doctorando.

Es importante resaltar que esta tesis se ha llevado a cabo en el marco de dos proyectos
de I+D+i. Por un lado, esta tesis se desarrolló dentro del marco constituido por un proyecto
nacional concedido por el Ministerio de Ciencia, Innovación y Universidades con referencia
RTI2018–099942-B-I00 y por un proyecto regional con referencia SBPLY/17/180501/000495
concedido por la Junta de Castilla-La Mancha y el Fondo Europeo de Desarrollo Regional
(FEDER). Al mismo tiempo, un contrato predoctoral concedido por la Universidad de
Castilla-La Mancha para la formación de personal investigador en el marco del Plan Propio
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1.2 Estado del arte: conceptos fundamentales y trabajos
relacionados

Esta sección presenta una visión general del contexto de la investigación de esta tesis. En
primer lugar, se expondrán algunos de los conceptos básicos de la CA. En segundo lugar,
se expondrán algunos de los trabajos que motivaron el desarrollo de las distintas líneas de
investigación de esta tesis.
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1.2.1 Conceptos fundamentales relacionados con la Computación Afec-
tiva

Como se introdujo anteriormente, la CA fue definida por Rosalind Picard en 1995, momento
en que define los términos que sentarían las bases de toda una disciplina, como detección de
emociones, expresión de emociones, computadores afectivos o estados afectivos, entre otros.
Con el paso de los años, esta disciplina empezaría a ramificarse: detección de emociones
en diversos canales, fusión de señales, aprendizaje automático, deep learning, modelado
conceptual de emociones, estudio de la influencia de las emociones en la experiencia de
usuario, etc. Algunos de los hitos o corrientes más destacadas en los últimos años son los
siguientes:

• Exploración de canales afectivos. Originalmente, se puede considerar que los primeros
experimentos en materia de detección de emociones se realizaron atendiendo las
manifestaciones físicas más directas de las emociones, como la expresión facial, la
voz y las señales fisiológicas de las personas estudiadas [42]. Con el paso de tiempo,
los investigadores volvieron la vista a teorías filosóficas que estudiaban las emociones
y cómo estas son proyectadas al exterior, así como su influencia en la cognición y
comportamiento humanos [6]. Esto dio lugar al estudio de la posible detección de
emociones a través de otras manifestaciones como la forma de mover el ratón de un
ordenador [47] o la forma de presionar el volante de un coche [32].

• Fusión de resultados afectivos. De forma casi contemporánea al estudio de los canales
afectivos [41], los investigadores del campo se plantearon la posibilidad de combinar
resultados procedentes de canales afectivos distintos para mejorar la precisión y el
alcance de las detecciones realizadas, siguiendo los principios de la fusión de señales
[21]. En un escenario hipotético, si el rostro de una persona está expresando alegría
mientras que su voz expresa tristeza, el usuario podría estar ocultando sus auténticos
sentimientos, de forma consciente o inconsciente. Los detectores de emociones que
realizan este tipo de agregación se denominan detectores multimodales, viniendo el
concepto modalidad de los distintos tipos de canales afectivos que pueden utilizarse
para extraer información afectiva: el rostro, la voz, las señales fisiológicas, la postura,
el comportamiento, etc. A pesar de ser un tipo de detector superior a los detectores
monomodales, la multimodalidad acarrea consigo una miríada de problemáticas que
no siempre resulta rentable afrontar.

• Mejora de precisión de detectores. Como se ha comentado en el punto anterior,
el uso de sistemas multimodales permite mejorar la precisión de las detecciones
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realizadas: resultados contrarios pueden evidenciar emociones ocultas; resultados
alineados permiten validar el resultado final como genuino. No obstante, no hemos
de perder de vista la naturaleza de los detectores de emociones, puesto que, en última
instancia, estamos trabajando con clasificadores cuyo rendimiento final depende de
Los parámetros usados en su configuración, del tipo de modelo usado para crear el
clasificador, del tamaño del dataset usado para entrarlo, etc. Los avances que se
producen a diario en el campo de la Inteligencia Artificial son debidamente estudiados
en el campo de la CA, siendo muchas las distintas propuestas existentes en términos de
modelos [1][2][30], datasets [26][28], etc.

• Aplicación de las emociones detectadas. Desde el momento en que fue plausible
detectar las emociones de usuarios en tiempo real, los investigadores del campo
de la Interacción Persona-Ordenador (IPO) empezaron a explotar esta información
para aprovecharla en el flujo de trabajo de aplicaciones y dispositivos. Disponer
de esta información en tiempo real permite disponer de una mayor dimensión de
información sobre el usuario, adaptar su experiencia a su estado afectivo, modificar
el comportamiento del sistema en base a este para generar un mayor engagement,
disminuir situaciones de frustración, analizar las reacciones emocionales del usuario
ante el sistema a lo largo del tiempo, etc. Debido al carácter multidisciplinar de la IPO,
la Computación Afectiva empezó a aplicarse en muchos otros campos, como veremos
en la siguiente sección.

1.2.2 Trabajos relacionados con la aplicación de la Computación Afec-
tiva

Tal y como se adelantó en la sección anterior, desde el momento en que aparece la detección
de emociones como tal, la IPO ve en ella un gran potencial para aplicarse a otras áreas. Si
bien el concepto de autoadaptación [4] (modificar el comportamiento del sistema de forma
automática en base a las emociones del usuario) es, en esencia, sencillo, sus aplicaciones y
manifestaciones son muy numerosas.

Cabe destacar, por encima de otros campos, el uso de la CA en el campo de la Educación,
puesto que es uno de los campos donde la regulación de emociones puede ofrecer más
beneficios: está demostrado que cuando se consigue mantener a los estudiantes por debajo
de un umbral de estrés y por encima de otro de aburrimiento o desinterés, estos son capaces
de alcanzar mayores niveles de concentración, lo que produce también un beneficio a largo
plazo en cuestión de retención del conocimiento estudiado [22]. Así, el uso de herramientas
que permitan leer las emociones expresadas en el rostro, en la voz, a través de señales
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fisiológicas, o a través del comportamiento del estudiante, generan una información que
podemos utilizar para producir una autorregulación del estado afectivo del estudiante. Si
bien esta regulación puede utilizarse en cualquier contexto para mejorar la experiencia de
usuario (user experience, UX), el campo del e-learning ha sido uno de los que más ha podido
aprovechar este tipo de tecnología, como podemos ver en la Figura 1.1. Estudios como [4] o
[39] recopilan algunos de los trabajos realizados en este campo, en el cual se aprovecha la
información afectiva generada por los estudiantes para regular su estado de ánimo durante
una clase, durante la realización de ejercicios, etc.

Figura 1.1 Uso de AC por área [4]

En segundo lugar, cabe señalar también el campo de la e-health, puesto que disponer de
las emociones de pacientes durante procesos clínicos puede darnos información valiosa acerca
del procedimiento utilizado durante una prueba, acerca de un programa de rehabilitación
física de un paciente, favorecer su recuperación o tratamiento, etc. Estudios coetáneos a las
primeras propuestas de CA existentes ya relacionaban las emociones con la motivación y
la velocidad de recuperación de pacientes en procesos de rehabilitación [10], relación que
no ha dejado de estudiarse [7][9][38]. En lo que respecta a salud mental, también se han
hecho propuestas para integrar la CA en procesos de seguimiento y regulación de personas
con algún tipo de desorden emocional [23][43], puesto que hacer a los pacientes conscientes
de su propio estado de ánimo incrementa su nivel de awareness, lo que se traduce en una
mejora de sus capacidades de autorregulación.

Es de interés resaltar también un reciente área de estudio que supone la intersección
de estas dos últimas áreas mencionadas, y es el estudio y aplicación de la CA a personas
con Trastorno del Espectro Autista (T EA, o ASD por sus siglas en inglés). Uno de los



1.3 Objetivos 7

obstáculos que afrontan las personas con este tipo de trastorno es la dificultad o imposibilidad
de regular sus propias emociones y de identificar las emociones en otros. Sin embargo,
con la terapia adecuada (sobre todo en fases iniciales del desarrollo) estas habilidades
pueden desarrollarse y entrenarse. Dado que estas intervenciones comienzan en la niñez, es
muy común usar la tecnología en forma de juego serio para ayudar a los niños a aprender
mientras se divierten [48]. Con la llegada de la CA, estos juegos empezaron a enriquecerse
con habilidades afectivas, permitiendo ampliar el espectro de soluciones ofrecidas a esta
problemática [17][31].

1.3 Objetivos

El objetivo principal que persigue esta tesis es el de desarrollar nuevos mecanismos de
interacción que integren tecnologías propias de la CA con técnicas de IPO y desarrollar
herramientas que den soporte a la creación de dichos mecanismos. Estos mecanismos, a su
vez, nos permiten expandir las capacidades de las aplicaciones que las personas usan en su
día a día, dotando dichas aplicaciones de la capacidad para leer las emociones de los usuarios,
modificar su comportamiento para adaptarse a ellos automáticamente, etc. Este objetivo, a su
vez, se ha dividido en una serie de objetivos específicos, que son los siguientes.

Cabe señalar que estos objetivos siguen una progresión bottom-up, por lo que se parte del
estudio de aplicaciones particulares para incrementar el nivel de abstracción en cada paso,
culminando con la propuesta de herramientas para el desarrollo y evaluación de los trabajos
de los primeros objetivos.

1. Objetivo 1: revisión del Estado del Arte en el campo de la CA. Estudiar los distintos
mecanismos que la CA ofrece para crear aplicaciones afectivas, desde la detección
automática de emociones hasta su posible inducción o simulación. Esto incluye el
estudio multidisciplinar de los distintos canales afectivos conocidos, la exploración
de otras fuentes de información afectiva, la comparación de distintas técnicas de
clasificación y predicción usando aprendizaje automático, etc.

2. Objetivo 2: integración de tecnologías CA en sistemas interactivos para mejorar la
experiencia de usuario. Como se presentó anteriormente, la inclusión de información
afectiva en el flujo habitual de uso de una aplicación puede mejorar enormemente
la experiencia de los usuarios. Es de especial interés su aplicación en el campo del
aprendizaje y la salud digitales.

3. Objetivo 3: desarrollo de prototipos integrando tecnología afectiva para la asis-
tencia en terapias ocupacionales. Dada la experiencia previa que el grupo de in-
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vestigación posee en el campo del aprendizaje y la salud digital, se decidió dar un
paso más allá y estudiar posibles coincidencias de estos dos campos y en cómo la CA
podía aplicarse en ese caso. Un ejemplo de esta triple coincidencia son los procesos
terapéuticos con niños con Trastorno del Espectro Autista (TEA), dada su dificultad
para reconocer y expresar emociones.

4. Objetivo 4: definir e implementar una arquitectura de detectores de emociones
multimodales que pueda ser adaptada a sistemas distintos con los mínimos cam-
bios. La detección de emociones tiene un papel central en el desarrollo de aplicaciones
afectivas, y la detección multimodal (en más de un canal afectivo a la vez) es re-
conocida como una forma de detección superior. Sin embargo, esta conlleva unos
desafíos que hace que acabe dejándose de lado en favor de detectores de emociones
más sencillos, incluso si eso supone usar detectores menos precisos o más propensos a
errores de clasificación.

5. Objetivo 5: propuesta de un modelo de calidad que permita evaluar la calidad
de aplicaciones afectivas. Los modelos de calidad software usados en el mercado
actualmente presentan un alto nivel de abstracción, lo que tiende a provocar que no
capturen correctamente aspectos más concretos como, por ejemplo, las capacidades
afectivas de un sistema o software.

En el siguiente capítulo, revisaremos los resultados que se han obtenido paracada uno de
estos objetivos.

1.4 Estructura del documento

Este documento, en el que se presentan las distintas aportaciones y resultados obtenidos en
la tesis doctoral, sigue la siguiente estructura.

• En el Capítulo 1 se presenta la justificación y motivación sobre las cuales se sustenta
el desarrollo de esta tesis (1.1), el estado del arte en que se enmarca la misma (1.2) y
finalmente los objetivos que busca satisfacer (1.3).

• En el Capítulo 2 se muestran las distintas aportaciones y resultados que se han obtenido
mientras se abordaba el desarrollo de los objetivos mencionados en la sección 1.3, así
como un resumen de los artículos que se han publicado como parte de este compendio
(Sección 2.6)
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• En el Capítulo 3 se aportan los artículos que forman el compendio de publicaciones de
esta tesis doctoral.

• Finalmente, los Capítulos 4 y 5 muestran las conclusiones derivadas del trabajo real-
izado, así como algunas de las líneas en las que se continuará trabajando en el futuro,
tanto en inglés como en español.





Capítulo 2

Aportaciones y resultados obtenidos

Tal y como se introdujo en el capítulo anterior, esta tesis tiene como objetivo principal
el desarrollo de nuevos mecanismos de interacción que integren tecnologías propias de la
Computación Afectiva con técnicas de Interacción Persona-Ordenador y el desarrollo de
herramientas que den soporte a la creación de dichos mecanismos, con el fin de expandir las
capacidades de aplicaciones de uso diario con capacidades afectivas. Como se introdujo en
el capítulo anterior, este objetivo se dividía a su vez en objetivos específicos. En esta sección,
presentaremos los resultados vinculados a cada uno de esos objetivos.

1. Resultados asociados al objetivo 1: estudio y exploración de los distintos canales
afectivos y métodos de detección. Los distintos trabajos desarrollados durante y
antes [15] de esta tesis nos han permitido contemplar el panorama completo en el
campo de la detección de emociones. Esto nos ha permitido discretizar los métodos
más confiables, los más empleados, los más comercializados, los más sencillos de
implementar, propuestas alternativas y/o complementarias a estos, etc.

2. Resultados asociados al objetivo 2: estudio y exploración de las distintas apli-
caciones de la CA. En línea con el resultado anterior, el desarrollo de sistemas que
implementen técnicas de CA ha significado a su vez la revisión de la literatura en lo que
respecta a este menester. Esto nos ha permitido apreciar tanto los trabajos existentes
sobre cómo aplicar técnicas de CA en todo tipo de aplicaciones como la tendencia
existente en este campo.

3. Resultados asociados al objetivo 3: desarrollo de sistemas interactivos integrando
CA. Para poner a prueba las propuestas derivadas de los estudios sobre aplicaciones de
la CA se ha llevado a cabo la implementación de varios prototipos que implementen,
entre otras funcionalidades, detección de emociones, autorregulación del compor-
tamiento, inducción de estados afectivos en el usuario, etc. Debido a la experiencia
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previa del grupo, estos prototipos se enmarcaron en el ámbito del aprendizaje virtual y
la sanidad electrónica.

4. Resultados asociados al objetivo 4: propuesta de nuevas arquitecturas para
la detección de emociones. Tras el desarrollo de algunos prototipos y propuestas
sobre distintas formas de detección de emociones, se abordó la propuesta de nuevas
arquitecturas para el desarrollo de estos detectores. Si bien la creación de detectores
per se queda más relegada al campo de la Inteligencia Artificial, la propuesta de
arquitecturas para la integración de detectores en otras aplicaciones queda dentro del
marco de esta tesis. En concreto, se ha explorado la integración de detectores para la
creación de detectores multimodales. Para la validación preliminar de esta propuesta
se realizaron pruebas con usuarios que les permitieran apreciar las carencias en el
terreno de la combinación de detectores de emociones que nuestra propuesta intentaba
solucionar, lo que produjo buenos resultados.

5. Resultados asociados al objetivo 5: propuesta de un modelo de calidad para
valorar aplicaciones afectivas. Los trabajos realizados en el marco de esta tesis
plantearon algunas cuestiones en materia de evaluación y comparación de aplicaciones
afectivas. ¿Qué criterios debería utilizar para comparar aplicaciones afectivas, o
para evaluar la calidad de una sola aplicación? La ausencia de modelos o métricas
específicas para este tipo de aplicaciones nos permitió identificar una laguna en la
literatura que intentar corregir.

2.1 Resultados del objetivo 1: revisión del Estado del Arte
de la CA

Para comenzar a desarrollar el primer objetivo de esta tesis, era necesario analizar aquel
elemento que pone en marcha cualquier procedimiento que implique CA: las emociones.
Así, la primera tarea que había de completarse para sentar las bases de este trabajo consistía
en estudiar y analizar los canales afectivos que el cuerpo humano utiliza para expresar
sus emociones. Como podemos observar en la Figura 2.1, una de las formas de clasificar
los canales afectivos es en función de su visibilidad. Así, distinguimos entre canales de
manifestación externa, esto es, aquellos que permiten apreciar el impacto de una emoción
«a simple vista», como la expresión facial, la voz, la postura, el tamaño de la pupila, etc., y
canales de manifestación interna, que son aquellos para cuya lectura o detección es necesario
un aparato o dispositivo que permita leer señales en el cuerpo humano, como la actividad
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eléctrica del cerebro, la resistencia eléctrica de la piel, el ritmo cardíaco, la presión sanguínea,
etc. Finalmente, merece la pena distinguir un tercer canal de información afectiva que, a pesar
de ser algo distinto en su forma de manifestarse respecto a los canales anteriores, también
nos permite conocer el estado afectivo de los sujetos a estudio, y es el estado cognitivo o
comportamiento del sujeto considerado. Y es que dada la relación entre emoción y cognición
[34], nos es posible trazar una causalidad entre estados afectivos y estados cognitivos, lo que
nos permite apreciar el estado emocional de una persona en su nivel de concentración, los
errores que comete, la cantidad de información que retiene, etc.

Figura 2.1 Clasificación de canales afectivos

Una vez que hemos analizado los canales afectivos a través de los cuales pueden leerse las
manifestaciones de las emociones, hemos de analizar cómo ocurre la detección de emociones.
Si bien en el pasado las emociones han sido analizadas desde una óptica incluso mística, para
un dispositivo como un ordenador las emociones son algo más físico y material. Así, desde
el punto de vista de una máquina, una emoción es una manifestación física medible que la
máquina tiene que aprender a etiquetar. Si se provee a la máquina de una colección de casos
lo suficientemente grande, esta será capaz de clasificar nuevos casos de forma autónoma. Y
así es como se adoptan herramientas propias del campo del Aprendizaje Automático para
clasificar emociones.

Redes neuronales, modelos ocultos de Markov, máquinas de vectores de soporte, modelos
de regresión lineal, modelos mixtos gaussianos: estos son solo algunos ejemplos de las
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técnicas de clasificación que pueden utilizarse para crear detectores de emociones [45]. Estos
modelos son previamente entrenados usando bases de datos afectivas, esto es, colecciones de
datos en los que cada registro esta asociado a una emoción. Estos datos pueden ser imágenes
de rostros, pistas de audio, señales extraídas de la actividad eléctrica del cerebro o de los
músculos, conjuntos de palabras, etc. Tras un proceso de entrenamiento y ajuste, el modelo
de clasificación adoptado se vuelve capaz de clasificar la emoción que detecte en nuevas
consultas que se hagan. En la Figura 2.2 podemos ver un ejemplo de la arquitectura de una
red neuronal usada para clasificar emociones en base a expresiones faciales.

Figura 2.2 Esquema de una red neuronal para clasificar emociones en base a expresiones
faciales [24]

Tal y como se puede apreciar en la imagen, la base de datos formada por 2.400 imágenes
de rostros de Tom y Jerry se utiliza para entrenar una red neuronal convolucional, red que
se vuelve capaz de clasificar nuevas imágenes para indicar si la cara analizada contiene la
emoción alegría, sorpresa o enfado.

Como se introdujo en el capítulo anterior, no existe el sistema de detección perfecto,
puesto que las características intrínsecas de cada uno de ellos supondrán tanto ventajas como
desventajas. Algunas de las características que han de tenerse en cuenta al elegir la detección
de emociones que vamos a aplicar son las siguientes:

• Contexto. El contexto de uso de un sistema condicionará la detección de emociones
que pueda realizarse. Por ejemplo, si el sistema no dispone de capacidad para capturar
imagen, no podrá analizarse ni el rostro ni la postura del usuario; si los requisitos
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exigen que no se utilicen dispositivos invasivos, no podrán leerse valores biométricos,
etc.

• Dificultad de implementación. Esto incluye tanto la dificultad de desarrollar el detector
de emociones al uso como el sistema que utilice dicho detector. La creación del detector
supondrá una sobrecarga de tiempo y presupuesto (elegir el clasificador, buscar o crear
una base de datos afectiva etiquetada, entrenar el modelo, ajustarlo, etc.), mientras
que el desarrollo del sistema en sí supondrá otros desafíos. Algunos ejemplos son la
gestión de entradas afectivas, la interconexión con dispositivos biométricos, etc.

• Responsabilidad del detector. Tener acceso a un detector propio otorga más control a
sus dueños y desarrolladores sobre las detecciones realizadas y elimina la dependencia
del servicio ofrecido por un tercero, pero supone una sobrecarga de trabajo adicional
(crearlo, entrenarlo, hacerlo accesible, proteger datos de usuarios, etc.). Si en lugar de
eso se decide pagar ese servicio de detección a un tercero, el desarrollo se ve agilizado
pero añade restricciones asociadas a ese servicio concreto (detecciones disponibles por
minuto, dependencia de conexión a Internet, etc.)

• Presupuesto. Si bien existen gran cantidad de detectores gratuitos disponibles bajo
licencia de código abierto, existe también una gran selección de empresas ofertando
servicios de detección de emociones, previo pago de una cuota o de forma gratuita
pero restringida. Crear el detector que se necesite puede traducirse en un ahorro en
costes a largo plazo, pero eso supone realizar una inversión inicial de recursos para
crear el detector. Por el contrario, pagar por el uso del detector de un tercero puede
ofrecernos acceso a detectores más perfeccionados, un servicio de atención al cliente,
etc.

• Necesidades de información. Una vez más, las circunstancias o requisitos del proyecto
pueden exigir usar un tipo de detección de emociones sobre otro. Si se necesitan
resultados muy fieles, precisos o rápidos, puede que haya que priorizar un tipo de
detector o un modelo de detector concreto sobre otro, incluso si esto tiene un impacto
en el presupuesto del proyecto.

• Validez del detector. Según la fiabilidad del detector elegido y los requisitos de
precisión del proyecto en cuestión, puede que sea necesario usar más de un detector
del mismo tipo para realizar una doble validación de los resultados, crear un detector
multimodal que produzca resultados más fiables o elegir un detector superior.

Las publicaciones y trabajos derivadas de este objetivo son los siguientes:
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• Publicación en congreso internacional Interacción 2017 y en ACM Digital Library
sobre los distintos canales afectivos a través de los cuales se puede extraer información
afectiva, junto con revisión de tecnologías disponibles para realizar dicha extracción
[15].

2.2 Resultados del objetivo 2: estudio de aplicaciones de la
CA

Se puede considerar que los trabajos desarrollados en el contexto de la CA han seguido
siempre dos direcciones distintas: en primer lugar, el estudio de técnicas de clasificación
y aprendizaje automáticos para la detección de emociones, como reflejan las primeras
propuestas en materia de CA que aparecieron tras su creación [37][40][42]; en segundo
lugar, la aplicación de estos nuevos modelos de clasificación y predicción en diversos. La
posibilidad de enriquecer el uso de cualquier tipo de sistema nos añade una dimensión
de información que podemos usar para moldear la experiencia de usuario y transformarla
completamente.

Originalmente, las primeras aplicaciones realizadas apenas eran experimentos ad-hoc
sobre aplicar un tipo de tecnología afectiva a un caso de uso particular, especialmente en
el campo de la educación, de lo que son prueba trabajos como [5] y [27], desarrollados en
el seno de la universidad en la que nació esta disciplina. Más tarde, los desarrolladores
de videojuegos con biofeedback vieron en estos una oportunidad para crear videojuegos
afectivos. Se denominan juegos con biofeedback a aquellos videojuegos en los que la
información fisiológica del usuario se utiliza para controlar el juego o influir en él de alguna
manera. Así, si esta información fisiológica se utiliza además para influir en el flujo de uso de
la aplicación y en el estado afectivo del jugador, ese juego se transforma en un juego afectivo.

Con el paso del tiempo, la CA empezó a expandirse a otras áreas de conocimiento,
como el marketing [8], la psicología [3], la educación [46], la sanidad [29], etc. Durante
una revisión de la literatura realizada en 2019 en la revista IEEE Transactions on Affective
Computing que incluyó el análisis de 20 artículos, se obtuvo una distribución de disciplinas
que podemos observar en la Figura 2.4. En líneas generales, se pudo apreciar un foco
más intenso en el estudio de la depresión desde una perspectiva tecnológica así como el
análisis del estado cognitivo de las personas, tanto en materia de usabilidad más general
como en casos aplicados. En este filtrado de la literatura se apreciaron también algunos
trabajos relacionados con el autismo y en como la CA podía participar en procesos de terapia
conductual.
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Figura 2.4 Estadística de aplicaciones de la CA

En una revisión más reciente [4], se puede apreciar un mayor interés en la aplicación de
la CA en el terreno educativo, como expuso la Figura 1.1. Esta revisión expuso también una
fuerte presencial de la detección de emociones basada en el rostro y en la resistencia eléctrica
de la piel.

Las publicaciones y trabajos derivados de este objetivo son los siguientes:

• Publicación en congreso internacional Interacción 2017 sobre los distintos canales
afectivos a través de los cuales se puede extraer información afectiva, junto con revisión
de tecnologías disponibles para realizar dicha extracción [15].

2.3 Resultados del objetivo 3: desarrollo de prototipos afec-
tivos

Como fruto de las investigaciones iniciadas en el campo de la CA, se abordó el desarrollo de
diversos prototipos, con el objetivo de aplicar las tecnologías analizadas en los campos que
se conocían.
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Figura 2.5 Esquema emoCook
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El primer trabajo abordado se expone en el siguiente capítulo como uno de los primeros
artículos que avalan este compendio y consiste en una aplicación utilizada para impartir
inglés a niños españoles de entre 6 y 12 años. Esta aplicación, diseñada como un juego serio,
es también una aplicación afectiva con una capacidad de autorregulación, esto es, que utiliza
la información afectiva leída para modificar su comportamiento. Dado que el núcleo de la
aplicación es un juego, dicha información afectiva se utiliza para modificar la dificultad de
este, lo que nos permite desafiar a usuarios más aventajados y animar a progresar a aquellos
menos diestros. En la Figura 2.5 podemos ver un esquema de como funciona esta aplicación,
emoCook.

emoCook es una aplicación que originalmente fue diseñada para ser usada en un orde-
nador con teclado, ratón, cámara web y micrófono. Como se puede ver en la figura, el usuario
interactúa con el sistema con normalidad (1) y este responde a las entradas del usuario (2).
Sin embargo, al mismo tiempo que ocurre esto, el sistema está registrando datos afectivos
del usuario (su expresión facial, el tono de su voz y su forma de interactuar con el teclado)
y utilizándolos para modificar el comportamiento del sistema. Para realizar este análisis
afectivo se utilizaron dos servicios de detección emocional de terceros, Affectiva y Beyond
Verbal. La información derivada de la interacción del teclado se analizaba localmente con un
script diseñado expresamente para ello. La dificultad se codificó como un valor calculado
que controlaba tres parámetros del juego, de manera que los cambios de dificultad fuesen
menos obvios de cara al usuario.

En segundo lugar se desarrolló EmoTEA. EmoTEA fue diseñado como una aplicación
móvil en colaboración con la asociación Autismo Albacete para aunar la terapia de niños
con T EA con las nuevas tecnologías afectivas. Es un hecho comprobado que una de las
dificultades que enfrentan las personas en el espectro autista es el reconocimiento de emo-
ciones de terceras personas, así como la autorregulación de las propias. Sin embargo, ese
reconocimiento (tanto externo como interno) puede desarrollarse como una cualidad humana
más con las terapias adecuadas [11][12]. En colaboración con la asociación anteriormente
mencionada, se abordó el desarrollo de una aplicación para apoyar en los terapeutas y a sus
pacientes en el proceso de aprendizaje.

Las dos tecnologías centrales empleadas en EmoTEA son el reconocimiento de emo-
ciones basado en la expresión facial y el uso de objetos tangibles (TUI por sus siglas en
inglés). El uso de tecnologías de detección de emociones permite el desarrollo de actividades
para fomentar el reconocimiento de emociones a través de la imitación, puesto que son los
propios usuarios, asistidos siempre por el terapeuta, los que aprenderán a expresar sus emo-
ciones de forma autónoma. Por otro lado, el uso de objetos tangibles ofrece un mecanismo
de interacción mucho más apto para este tipo de terapia que cualquier recurso point-and-click
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Figura 2.6 Esquema EmoTEA

tradicional. A través de estos objetos tangibles (cartulinas con pictogramas representando
emociones y una etiqueta NFC pegada), los niños pueden indicar, en actividades de identifi-
cación, que emoción están visualizando. En la Figura 2.6 podemos ver un esquema del flujo
de interacción de este prototipo.

A continuación, se dió un paso más allá y se planteó desarrollar una herramienta que
pudiera haber sido de ayuda durante las implementaciones previas. Así, se inició la im-
plementación de HERA (Heterogeneous Emotional Results Aggregator), una arquitectura
presentada en la siguiente sección para el desarrollo de detectores de emoción multimodales.
Esta arquitectura ofrece una serie de mecanismos para implementar detectores multimodales,
reconocidos como superiores pero también como más complejos, ofreciendo soluciones
a los obstáculos que este tipo de detectores suponen. En la Figura 2.7 podemos ver un
diagrama que expresa la idea fundamental de este prototipo. Como se puede observar en el
esquema izquierdo de la imagen, cuando se quiere combinar distintos tipos de detectores,
dadas las propiedades intrínsecas de cada tipo de detección, así como las de los clasificadores
usados en cada caso, no es posible combinar los resultados inmediatamente, puesto que sus
diferencias, en cuestión de formato, por ejemplo, los hacen incomparables. Para superar
este obstáculo, es necesario un paso adicional en el que se haga una comparación manual y
totalmente adaptada a los detectores concretos que se estén usando. El objetivo de HERA es
ofrecer una arquitectura como la que se encuentra en el lado derecho de la imagen, definiendo
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pasos intermedios de traducción y agregación que permitan obtener un resultado agregado
automáticamente.

Figura 2.7 Framework HERA

Siguiendo la línea del e-learning, se planteó la siguiente cuestión: ¿y si un docente
fuera capaz de visualizar, de un solo golpe de vista, el estado afectivo de su clase? Esto
le permitiría reconocer ciertos patrones de comportamiento entre estudiantes, identificar
estudiantes distraídos o bajo mucho estrés y, en definitiva, disponer de una dimensión más
de información sobre sus alumnos. Esta idea se materializó en la forma de EmotionFace,
una aplicación desarrollada usando Angular y Node.js que utiliza la cámara web y la pulsera
Xiaomi Band 2 para extraer información afectiva de los estudiantes y que permite a sus
usuarios docentes monitorizar el estado afectivo de sus alumnos, modificar la distribución de
su clase, analizar gráficas y datos históricos, etc. Para ello, los estudiantes se conectan desde
sus dispositivos a una sección concreta de la aplicación, donde aceptan que la aplicación
acceda a la cámara y a la conexión Bluetooth. Tras pasar el flujo de vídeo de la cámara
por un detector de emociones basado en el rostro y registrar los latidos por minuto de cada
usuario, la aplicación dispone de información suficiente para mostrar, en una representación
esquemática de la clase, el estado afectivo de cada usuario. En la Figura 2.8 podemos ver
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una idea del mapa de calor que puede mostrar la aplicación al docente mientras se encuentra
registrando datos.

Figura 2.8 Pantalla de control de una clase

En lo que respecta al campo de la salud digital, se comenzó a estudiar el posible papel
de las emociones en un proceso de rehabilitación física. Dados los estudios que avalan la
relación positiva que existe entre emoción, motivación y velocidad de recuperación [10], se
decidió abordar la extensión de la aplicación SIVIRE, una aplicación para realizar ejercicios
de telerrehabilitación desde casa usando el dispositivo Kinect v2, para dotarla de capacidades
afectivas. Durante la ampliación de este prototipo se mantuvo la funcionalidad central del
mismo, esto es, el seguimiento del esqueleto del paciente durante la realización de ejercicios
previamente diseñados por fisioterapeutas. Sin embargo, se añadió un servicio de detección
de emociones basado en el rostro al prototipo, para que durante la realización de los ejercicios
se registrase también el estado afectivo del paciente, muestras de dolor, etc. En la Figura
2.9 podemos ver una pantalla de SIVIRE en la que un usuario está realizando un ejercicio.
En esta figura podemos observar, en el lado derecho, un icono que refleja, usando distintos
emoticonos y colores, la emoción expresada por el paciente durante el último periodo de
tiempo. Esta información queda disponible para el fisioterapeuta una vez que ha terminado
el ejercicio. La finalidad de esta información es que el fisioterapeuta que lleve el proceso de
rehabilitación del paciente en cuestión pueda observar sus niveles emocionales a lo largo de
las distintas sesiones, lo que le permita considerar si es necesario modificar los ejercicios,
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ayudarle en alguno de ellos, etc., procurando que el paciente no se frustre durante el proceso
y mantenga su nivel de motivación.

Figura 2.9 Pantalla de realización de ejercicio

Las publicaciones y trabajos derivados de este objetivo son los siguientes:

• Publicación en revista internacional de investigación Mobile Information Systems sobre
la aplicación de la detección automática de emociones a la autorregulación de juegos
serios [16].

• Publicación en congreso internacional Interacción 2019 sobre la posibilidad de aunar
terapias con niños con TEA y detección automática de emociones [17].

• Publicación en revista internacional de investigación Universal Access in the Informa-
tion Society sobre la ampliación de la publicación anterior [19].

• Publicación en revista internacional de investigación Multimedia Tools and Applica-
tions sobre la implementación de HERA [20].

• Trabajo de Fin de Grado de título "Detección y visualización de emociones en alumnos
en un entorno educativo", sobre el uso de la detección de emociones en el aula para
registrar el nivel de atención de los estudiantes [44].

• Trabajo de Fin de Grado de título "Mejora por medio de detección de emociones y visu-
alización de estadísticas de una herramienta de rehabilitación basada en movimiento",
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para la mejora de una aplicación de telerrehabilitación, dotándola de capacidades
afectivas e implementando un módulo de visualización de datos [13].

2.4 Resultados del objetivo 4: propuesta de arquitecturas
para la implementación de detectores

Tras desarrollar los prototipos anteriores, se decidió elevar el nivel de abstracción de la
siguiente propuesta, usando la experiencia adquirida en el desarrollo de estos prototipos para
identificar necesidades y obstáculos que otros investigadores y desarrolladores trabajando en
el campo de la CA y la IPO pudieran enfrentar. Una de estas necesidades aparece cuando se
afronta el desarrollo de detectores multimodales. Si bien su superioridad está reconocida,
su desarrollo siempre conlleva una serie de desafíos que incrementan la carga de trabajo de
la persona encargada de su creación [33]. La sincronización de resultados, la traducción de
estos a un lenguaje común, la correcta agregación de todos ellos teniendo en cuenta distintos
factores: todas estas problemáticas han de ser resueltas para poder aprovechar el valor y el
poder de los detectores multimodales.

• Sincronización de servicios. Todo desarrollo de una aplicación afectiva conllevará la
selección de los mecanismos de detección de emociones que vayan a usar. Cuando
esta selección se vuelve múltiple, recae sobre el desarrollador organizar la detección de
emociones de cada canal para que tenga lugar en el momento adecuado, se disponga
de todos los resultados individuales a la vez, etc.

• Agregación de datos heterogéneos. Si bien la gran mayoría de detectores disponibles
en el mercado [15] utilizan un formato similar para expresar sus resultados, no existe
ningún estándar que determine cómo expresar la emoción detectada en un recurso
analizado. Un detector puede expresar sus resultados usando categorías y grados
de confianza en que una emoción está presente (alegría: 80%, neutralidad:

20%); puede usarse también un conjunto de dimensiones que indiquen aspectos de
la emoción detectada, como su positividad e intensidad (positividad: 0.456,

intensidad: -0.631). A su vez esta información puede devolverse en formato
JSON, XML, texto plano, etc. Todos estos datos han de integrarse para poder analizarse
en el contexto global.

• Análisis compuesto de resultados. Una vez recogidos los resultados de los distintos
detectores y habiendo traducido estos a un mismo formato para que sean comparables,
hemos de fusionarlos de forma correcta. Si, por ejemplo, un detector indica que se
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ha detectado alegría con un 100% de confianza, y otro indica que se ha detectado
con un 0% de confianza, hacer una media de esos dos valores reduciría ese grado
de confianza al 50%, lo que podría conducirnos a una conclusión errónea. Salvo
casos excepcionales (imprecisiones, errores del detector), este tipo de conflictos suelen
indicar alguna situación más compleja como una ocultación del estado afectivo real por
parte del usuario, una fusión incorrecta de resultados afectivos, etc. Si no se hace una
fusión que tenga en cuenta los distintos factores que hayan influenciado la producción
de esos resultados, podemos acabar perdiendo todos los beneficios de usar detectores
multimodales.

Dado el papel central de los detectores en esta arquitectura, el primer paso fue concep-
tualizar la idea de detector en forma de artefacto. ¿Qué es un detector en el contexto de
una aplicación? Se trata de un elemento que es capaz de recibir una entrada (que puede
recibir de forma activa o pasiva por parte del usuario) y producir un resultado afectivo. Sin
embargo, este elemento puede estar implementado de muchas formas: puede tratarse de
un servicio desplegado en un servidor remoto, gestionado por terceras partes, y que recibe
solicitudes y envía respuestas usando peticiones HTTP; puede tratarse de un sensor integrado
en una pulsera que el usuario lleva puesta y que envía valores biométricos todo el tiempo en
forma de paquetes bluetooth a un dispositivo cercano; puede tratarse de una red neuronal
que escribe resultados en un fichero. Así, cada detector puede conllevar una inicialización
distinta, una forma de petición diferente y un formato específico para generar sus resultados.

Para integrar este tipo de elemento en nuestra arquitectura, diseñamos el artefacto De-
tector (Figura 2.11). Este artefacto implementa una serie de funciones comunes a todos los
detectores e incluye tres funcionalidades que han de definirse para cada detector. Así, cada
detector ha de implementar un método para llevar a cabo su inicialización o conexión, un
método para recibir la información afectiva y otro método para traducirla. Este artefacto es
la pieza central de la arquitectura y es usado por el resto de entidades de la misma, como
podemos ver en la figura.

De estos pasos mencionados anteriormente, el más importante es el de la traducción,
puesto que es el que permite llevar a cabo el resto de pasos de agregación posterior. Como
se introdujo anteriormente, no existe un formato aceptado como estándar dentro de la co-
munidad de desarrolladores de aplicaciones afectivas. Sin embargo, si existe un tipo de
clasificación de emociones llamada clasificación dimensional [6] que permite expresar una
emoción en base propiedades como su positividad, intensidad y determinación sentida por el
usuario. Este es el caso del esquema de clasificación PAD (Pleasure, Arousal y Dominance),
en el cual una emoción se representa como un punto en un espacio 3D que indica en qué
medida esa emoción es positiva o negativa (Pleasure, Valencia), la intensidad de la misma
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(Arousal, Excitación) y lo dominante o dominado que el usuario se siente al experimentarla
(Dominance, Dominancia). Este enfoque permite una mayor flexibilidad de cara a la repre-
sentación de emociones, si bien los detectores usados normalmente tienden a utilizar una
clasificación categórica en la que la emoción detectada se indica usando las seis emociones
universales de Ekman (felicidad, tristeza, sorpresa, miedo, ira y disgusto, con el añadido
de neutralidad para indicar la ausencia de emoción) y el grado de confianza o probabilidad
con el que cada emoción está presente en la entrada analizada. La adaptación del sistema
categórico a un sistema dimensional, como el formato PAD mencionado anteriormente, es
el primer paso para poder procesar las emociones provenientes de distintas fuentes (Figura
2.10).

Figura 2.10 Correspondencia entre espacio categorico y espacio PAD ([14])

Dicha traducción ha de ser adaptada para cada detector, debido a las idiosincrasias
propias de cada tipo de detección. Así, cada formato particular debe traducirse, mediante las
operaciones pertinentes, a una tripla de tres valores. En la gran mayoría de casos esto solo
requiere una transformación matemática para trasladar un valor o un conjunto de valores
en una tripla, para lo cual pueden usarse transformaciones como las propuestas en [14] u
otras derivadas del estudio empirico de cada detector. La fortaleza de esta propuesta reside
en su extendibilidad, por lo que se vuelve sencillo, con el tiempo, disponer de una base de
transformaciones que den soporte a un gran número de detectores, y de igual forma sucede
con las estrategias.



28 Aportaciones y resultados obtenidos

Figura 2.11 Diagrama de despliegue de la arquitectura propuesta

Una vez que se ha realizado la traducción de todos los valores individuales, podemos
comenzar su agregación mediante el uso de distintas estrategias. En el contexto de esta
arquitectura, una estrategia es cualquier operación que recibe una una lista de resultados
afectiva y las concentra en un resultado único. Las estrategias pueden ser de cualquier tipo
y realizar cualquier operación siempre que respeten ese flujo de entrada y salida. Estas
estrategias son usadas una vez por detector, una vez por canal de detección y una última
vez para agregar esos resultados en un único resultado final. Este resultado final puede
enriquecerse en cada fase para aumentar su valor, siempre respetando que contenga una tripla
de tres valores.

Esta arquitectura, implementada usando JavaScript y Node.js con el nombre de HERA
(Heterogeneous Emotional Results Aggregator) implementa una serie de detectores y estrate-
gias para ofrecer una prueba de concepto de esta implementación. Gracias a la flexibilidad
de esta arquitectura, HERA puede enriquecerse para dar soporte a mayor tipo de detectores
y estrategias mediante la adición de nuevos ficheros implementando cada uno de estos
elementos. Para la adición de detectores solo es necesario añadir nuevos ficheros con exten-
sión js que implementen las tres funcionalidades básicas mencionadas anteriormente. Esta
implementación ha de incluir una función de inicialización, una función de extracción de
información emocional y una función de traducción. Una vez más, esta traducción ha de ser
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implementada según las características de ese nuevo detector. Para el caso de las estrategias,
solo hay que respetar el formato de entrada y salida mencionado anteriormente.

Las publicaciones y trabajos derivados de este objetivo son los siguientes:

• Publicación en revista internacional de investigación Multimedia Tools and Applica-
tions sobre la implementación de HERA [20].

2.5 Resultados del objetivo 5: propuesta de un modelo de
calidad afectivo

Por último, afrontamos el estudio de la calidad de aplicaciones afectivas. En lo que respecta a
la medición de la calidad del software, la ISO 25010 del conjunto de normas SQuaRE ofrece
un modelo de calidad para medir la calidad interna, externa y en uso de cualquier tipo de
software, proponiendo características, subcaracterísticas y métricas que es interesante medir
para conocer la calidad de un software [25]. Sin embargo, muchas de estas métricas obvian
problemáticas y características propias de la aplicaciones afectivas. Es por esto que, para
superar esta problemática, analizamos distintas estrategias para la extensión y/o propuesta de
modelos de calidad. Siguiendo estrategias de extensión aceptadas en la comunidad [36], y
partiendo de nuestra propia experiencia con aplicaciones de esta naturaleza, llevamos a cabo
un proceso bottom-up para la propuesta de nuestra extensión:

1. Identificar medidas base. Partiendo de evaluaciones realizadas y/o software desar-
rollado, identificar métricas que es interesante medir y que influyen en la calidad del
sistema afectivo a estudio.

2. Identificar medidas derivadas. Analizar las medidas base en conjunto para expresarlas,
si es pertinente, como medidas compuestas.

3. Identificar indicadores. Aunar medidas derivadas y/o medidas base para generar
indicadores, esto es, valores de mayor nivel que dan ideas más generales acerca de la
calidad o comportamiento de la aplicación estudiada.

4. Identificar posibles relaciones entre medidas. Esto implica detallar cómo se obtienen
las métricas y con que otras métricas o características están relacionadas.

5. Definir subcaracterísticas y características que agrupen las medidas propuestas.
Siguiendo la estructura en árbol usada en la ISO 25010, agrupar características, subcar-
acterísticas y medidas propuestas en un solo modelo.
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Finalmente, y como un recurso de prevalidación, se relacionan las medidas y característi-
cas propuestas con el modelo de calidad vigente como una forma de remarcar la cualidad de
extensión del nuevo modelo, si bien se ha realizado un ejercicio de validación aplicando el
modelo propuesto a aplicaciones que no se consideraron cuando se diseñó, lo que también
nos permite medir su flexibilidad y completitud: ¿cómo se adapta el modelo a un tipo de
software que no se consideró durante su diseño? ¿Permite este estudiar todas las cualidad de
este nuevo software o no es capaz de adaptarse a software nuevos? La riqueza de los datos
obtenidos produjo conclusiones muy interesantes, si bien se realizarán más ejercicios de
validación en el futuro.

En la Tabla 2.1 podemos ver esa correspondencia entre el modelo vigente y nuestra
propuesta, que evidencia que el uso de tecnologías afectivas tiene un impacto mayor en el
rendimiento, la funcionalidad y la usabilidad.

Tabla 2.1: Equivalencia de modelo de calidad de ISO 25010 y modelo propuesto

Characteristic
Sub-

characteristic
Proposed metric Proposed sub-characteristic

Functional
suitability

Appropiateness
Raw data persistence Device interoperability

Data persistence Emotion detection logistics

Accuracy

Devices accuracy Device interoperability

Type of physical
manifestation

Interaction mechanism

Compliance – –

Reliability

Availability

Number of extracting stations Device interoperability

Devices available Device interoperability

Number of affective channels Emotion detection logistics

Fault tolerance

Maintenance difficulty Device interoperability

Number of extracting stations Device interoperability

Reading error ratio Device interoperability

Owned services Usage of Affective Software

Recoverability – –

Compliance – –

SQuaRE Norm AffectiveQM

Continúa en la siguiente página
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Tabla 2.1: Equivalencia de modelo de calidad de ISO 25010 y modelo propuesto (Continuación)

Performance
efficiency

Time
behaviour

Time to analyse media
resources

Emotion detection logistics

Time to adapt the system Emotion detection logistics

Synchronicities overload Service simultaneity

Maximum wait time Service simultaneity

Resource
utilization

Maintenance difficulty Device interoperability

Raw data generation Device interoperability

Raw data efficiency Device interoperability

Number of sensors reading
simultaneously

Device interoperability

Raw data postprocessing
difficulty

Device interoperability

Detectors available Usage of Affective Software

Data generation Emotion detection logistics

Data efficiency Emotion detection logistics

Data persistence Emotion detection logistics

Processing location load Emotion detection logistics

Number of local services Usage of Affective Software

Number of remote services Usage of Affective Software

Cost of services Usage of Affective Software

Maximum requests per
minute

Usage of Affective Software

Average requests per minute Usage of Affective Software

Responses postprocessing
difficulty

Emotion detection logistics

Optimized synchronicities Service simultaneity

Compliance – –

Security
Confidentiality Security of requests Usage of Affective Software

Integrity – –

SQuaRE Norm AffectiveQM

Continúa en la siguiente página
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Tabla 2.1: Equivalencia de modelo de calidad de ISO 25010 y modelo propuesto (Continuación)

Non-
repudiation

– –

Accountability – –

Authenticity – –

Compliance – –

Security in use

Operator
health and
safety

Devices intrusiveness Device interoperability

Public health
and safety

– –

Environmental
harm in use

– –

Commercial
damage in use

– –

Compliance – –

Usability in
use

Effectiveness
in use

Type of adaptations Device interoperability

Errors in an interaction
channel

Interaction mechanisms

Cost of the services Usage of Affective Software

Efficiency in
use

User efficiency Emotion detection logistics

Devices intrusiveness Device interoperability

Satisfaction in
use

Type of adaptations Emotion detection logistics

User efficiency Emotion detection logistics

Compliance – –

Flexibility in
use

Accessibility
in use

Number of interaction
channels

Emotion detection logistics

Context
conformity in
use

– –

SQuaRE Norm AffectiveQM

Continúa en la siguiente página
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Tabla 2.1: Equivalencia de modelo de calidad de ISO 25010 y modelo propuesto (Continuación)

Context
extendibility
in use

– –

Compliance – –

SQuaRE Norm AffectiveQM

Las publicaciones y trabajos derivadas de este objetivo son los siguientes:

• Publicación en proceso de envío a revista Computer Standards & Interface sobre la ampliación
del modelo de calidad propuesto en las normas SQuaRE para su adecuación a la evaluación de
aplicaciones afectivas.

2.6 Resumen de los artículos publicados y enviados
La Tabla 2.2 muestra la lista de artículos publicados y enviados (en proceso de revisión), como
resultado de esta tesis. Nótese que las publicaciones que conforman esta tesis por compendio están
resaltadas con un asterisco antes del título. Para cada publicación, se indica también su relación con
los distintos objetivos planteados.
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Tabla 2.2 Principales publicaciones llevadas a cabo durante la tesis

Publicación Objetivos
Emotion detection: a technology review (Garcia-Garcia, J. M.,
Penichet, V. M. R., Lozano, M. D.) (2017) (Interacción 2017, ACM
Digital Library)

1, 2

* Multimodal Affective Computing to Enhance the User Experience
of Educational Software Applications (Garcia-Garcia, J. M., Penichet,
V. M. R., Lozano, M. D., Garrido, J. E., Lai-Chong Law, E) (2018)
(Mobile Information Systems, JCR-Q3)

3

Emotea: Teaching children with autism spectrum disorder to iden-
tify and express emotions (Garcia-Garcia, J. M., Cabañero, Maria
del Mar, Penichet, V. M. R., Lozano, M. D.) (2019) (Interacción 2019,
ACM Digital Library)

3

* Using emotion recognition technologies to teach children with
autism spectrum disorder how to identify and express emotions
(Garcia-Garcia, J. M., Penichet, V. M. R., Lozano, M. D., Fernando,
A.) (2021) (Universal Access in the Information Society, JCR-Q3)

3

* Building a three-level multimodal emotion recognition framework
(Garcia-Garcia, J. M., Lozano, M. D., Penichet, V. M. R., Law, E. L.-C)
(2022) (Multimedia Tools and Applications, JCR-Q2)

3, 4

Extending the SQuaRE Norms for the Quality Assessment of appli-
cations involving Affective Computing (Garcia-Garcia, J. M., Lozano,
M. D., Penichet, V. M. R., Kristensson, Per Ola) (2023) (Computer
Standards & Interfaces, JCR-Q1)
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Publicaciones

En esta sección se presentan las publicaciones que forman esta tesis por compendio, sin perjuicio
de otros artículos que se han producido durante la misma. En las siguientes subsecciones podemos
encontrar los artículos de revista que conforman este compendio.
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Affective computing is becoming more and more important as it enables to extend the possibilities of computing technologies by
incorporating emotions. In fact, the detection of users’ emotions has become one of the most important aspects regarding
Affective Computing. In this paper, we present an educational software application that incorporates affective computing by
detecting the users’ emotional states to adapt its behaviour to the emotions sensed. -is way, we aim at increasing users’
engagement to keep them motivated for longer periods of time, thus improving their learning progress. To prove this, the
application has been assessed with real users.-e performance of a set of users using the proposed system has been compared with
a control group that used the same system without implementing emotion detection.-e outcomes of this evaluation have shown
that our proposed system, incorporating affective computing, produced better results than the one used by the control group.

1. Introduction

In 1997, Rosalind W. Picard [1] defined Affective Computing
as “computing that relates to, arises from, or influences
emotions or other affective phenomena.” Since then, a general
concern about the consideration of the emotional states of
users for different purposes has arisen in different research
fields (phycology [2, 3], marketing, computing, etc.).

Concretely, the underlying idea of Affective Computing
is that computers that interact with humans need the ability
to at least recognize affect [4]. Indeed, affective computing is
a new field, with recent results in areas such as learning [5],
information retrieval, communications [6], entertainment,
design, health, marketing, decision-making, and human
interaction where affective computing may be applied [7].
Different studies have proved the influence of emotions in
consumers’ behaviour [8] and decision-making activities [9].

In computer science research, we could study emotions
from different perspectives. Picard mentioned that if we

want computers to be genuinely intelligent and to interact
naturally with us, we must give computers the ability to
recognize, understand, even to have and express emotions.
In another different research work, Rosalind pointed out
some inspiring challenges [10]: sensing and recognition,
modelling, expression, ethics, and utility of considering
affect in HCI. Studying such challenges still makes sense
since there are gaps to be explored behind them. In human-
computer interaction, emotion helps regulate and bias
processes in a helpful way.

In this paper, we focus our research in the use of
emotions to dynamically modify the behaviour of an edu-
cational software application according to the user feelings,
as described in Section 3. -is way, if the user is tired or
stressed, the application will decrease its pace and, in some
cases, the level of difficulty. On the other hand, if the user is
getting bored, the application will increase the pace and the
difficulty level so as to motivate the user to continue using
the application.

Hindawi
Mobile Information Systems
Volume 2018, Article ID 8751426, 10 pages
https://doi.org/10.1155/2018/8751426
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Finally, we have assessed the application to prove that
including emotion detection in the implementation of ed-
ucational software applications considerably improves users’
performance.

-e rest of the paper is organized in the following sections:
In Section 2, some background concepts and related works are
presented. In Section 3, we describe the educational software
application we have developed enhanced with affective
computing-related technologies. Section 4 shows the evalu-
ation process carried out to prove the benefits of the system
developed. Finally, Section 5 presents some conclusions and
final remarks.

2. Background Concepts and Related Works

In this section, a summary of the background concepts of
affective computing and related technologies is put forward.
We provide a comparison among the different ways of
detecting emotions together with the technologies developed
in this field.

2.1. Affective Computing. Rosalind Picard used the term
“affective computing” for the first time in 1995 [11]. -is
technical report established the first ideas on this field. -e
aim was not to answer questions such as “what are emo-
tions?,” “what causes them?,” or “why do we have them?,”
but to provide a definition of some terms in the field of
affective computing.

As stated before, the term “affective computing” was
finally set in 1997 as “computing that relates to, arises from,
or deliberately influences emotion or other affective phe-
nomena” [1]. More recently, we can find the definition of
Affective computing as the study and development of sys-
tems and devices that can recognize, interpret, process, and
simulate human affects [4]. In other words, any form of
computing that has something to do with emotions. Due to
the strong relation with emotions, their correct detection is
the cornerstone of Affective Computing. Even though each
type of technology works in a specific way, all of them share
a common core in the way they work, since an emotion
detector is, fundamentally, an automatic classifier.

-e creation of an automatic classifier involves collecting
information, extracting the features which are important for
our purpose, and finally training the model so it can rec-
ognize and classify certain patterns [12]. Later, we can use
the model to classify new data. For example, if we want to
build a model to extract emotions of happiness and sadness
from facial expressions, we have to feed the model with
pictures of people smiling, tagged with “happiness” and
pictures of people frowning, tagged with “sadness.” After
that, when it receives a picture of a person smiling, it
identifies the shown emotion as “happiness,” while pictures
of people frowning will return “sadness” as a result.

Humans express their feelings through several chan-
nels: facial expressions, voices, body gestures and move-
ments, and so on. Even our bodies experiment visible
physical reactions to emotions (breath and heart rate,
pupil’s size, etc.).

Because of the high potential of knowing how the user
is feeling, this kind of technology (emotion detection) has
experienced an outburst in the business sector. Many
technology companies have recently emerged, focused ex-
clusively on developing technologies capable of detecting
emotions from specific input. In the following sections, we
present a brief review of each kind of affective information
channel, along with some existing technologies capable of
detecting this kind of information.

2.2. Emotion Detection Technologies. -is section presents
a summary of the different technologies used to detect
emotions considering the various channels from which af-
fective information can be obtained: emotion from speech,
emotion from text, emotion from facial expressions, emo-
tion from body gestures and movements, and emotion from
physiological states [13].

2.2.1. Emotion from Speech. -e voice is one of the channels
used to gather emotional information from the user of
a system. When a person starts talking, they generate infor-
mation in two different channels: primary and secondary [14].

-e primary channel is linked to the syntactic-semantic
part of the locution (what the person is literally saying),
while the secondary channel is linked to paralinguistic in-
formation of the speaker (tone, emotional state, and ges-
tures). For example, someone says “-at’s so funny”
(primary channel) with a serious tone (secondary channel).
By looking at the information of the primary channel, the
message received is that the speaker thinks that something is
funny and by looking at the information received by the
secondary channel, the real meaning of the message is
worked out: the speaker is lying or being sarcastic.

Four technologies in this category can be highlighted:
Beyond Verbal [15], Vokaturi [16], EmoVoice [17] and Good
Vibrations [18]. Table 1 shows the results of the comparative
study performed on the four analyzed technologies.

2.2.2. Emotion from Facial Expressions. As in the case of
speech, facial expressions reflect the emotions that a person
can be feeling. Eyebrows, lips, nose, mouth, and face
muscles: they all reveal the emotions we are feeling. Even
when a person tries to fake some emotion, still their own face
is telling the truth. -e technologies used in this field of
emotion detection work in an analogous way to the ones
used with speech: detecting a face, identifying the crucial
points in the face which reveal the emotion expressed, and
processing their positions to decide what emotion is being
detected.

Some of the technologies used to detect emotions from
facial expressions are Emotion API (Microsoft Cognitive
Services) [19], Affectiva [20], nViso [21], and Kairos [22].
Table 2 shows a comparative study.

As far as the results are concerned, every tested tech-
nology showed considerable accuracy. However, several
conditions (reflection on glasses and bad lightning) mask
important facial gestures, generating wrong results. For
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example, an expression of pain, in a situation in which eyes
and/or brows cannot be seen, can be detected as a smile by
these technologies (because of the stretching, open mouth).

As far as time is concerned, Emotion API and Affectiva
show similar times to scan an image, while Kairos takes
much longer to produce a result. Besides, the amount of
values returned by Affectiva provides much more in-
formation to the developers, and it is easier to interpret the
emotion that the user is showing than when we just have the
weight of six emotions, for example. It is also remarkable the
availability of Affectiva, which provides free services to those
dedicated to research and education or producing less than
$1,000,000 yearly.

2.2.3. Emotion from Text. -ere are certain situations in
which the communication between two people, or between
a person and a machine, does not have the visual component
inherent to face-to-face communication. In a world domi-
nated by telecommunications, words are powerful allies to
discover how a person may be feeling. Although emotion
detection from text (also referred as sentiment analysis)
must face more obstacles than the previous technologies
(spelling errors, languages, and slang), it is another source of
affective information to be considered. Since emotion de-
tection from texts analyzes the words contained on a mes-
sage, the process to analyze a text takes somemore steps than
the analysis of a face or a voice. -ere is still a model that
needs to be trained, but now text must be processed in order
to use it to train a model [23]. -is processing involves tasks
of tokenization, parsing and part-of-speech tagging, lem-
matization, and stemming, among others. Four technologies
of this category are Tone Analyzer [24], Receptiviti [25],
BiText [26], and Synesketch [27].

Due to the big presence of social media and writing
communication in the current society, this field is, along

with emotion detection from facial expressions, one of the
most attractive fields to companies: posts from social media,
messages sent to “Complaints” section, and so on. Com-
panies which can know how their customers are feeling have
an advantage over companies which cannot. Table 3 shows
a comparative study of some of the key aspects of each
technology. It is remarkable that as far as text is concerned,
most of the companies offer a demo or trial version on their
websites, while companies working on face or voice rec-
ognition are less transparent in this aspect. Regarding their
accuracy, the four technologies have yielded good values. On
the one hand, BiText has proved to be the simplest one, as it
only informs if the emotion detected is good or bad. -is
way, the error threshold is wider and provides less wrong
results. On the other hand, Tone Analyzer has proved to be
less clear on its conclusions when the text does not contain
some specific key words.

As far as the completeness of results is concerned,
Receptiviti has been the one giving more information, re-
vealing not only affective information but also personality-
related information. -e main drawback is that all these
technologies (except Synesketch) are pay services and may
not be accessible to everyone. Since Synesketch is not as
powerful as the rest, it will require an extra effort to be used.

2.2.4. Emotion from Body Gestures and Movement. Even
though people do not use body gestures and movement to
communicate information in an active way, their body is
constantly conveying affective information: tapping with the
foot, crossing the arms, tilting the head, changing our position
a lot of times while seated, and so on. Body language reveals
what a person is feeling in the same way our voice does.

However, this field is quite new, and there is not a clear
understanding about how to create systems able to detect
emotions relating to body language. Most researchers have

Table 1: Comparison of emotion detection technologies from speech.

Name API/SDK Requires
Internet Information returned Difficulty

of use
Free

software
Beyond verbal API Yes Temper, arousal, valence, and mood (up to 432 emotions) Low No
Votakuri SDK No Happiness, neutrality, sadness, anger, and fear Medium Yes
EmoVoice SDK No Determined by developer High Yes
Good
vibrations SDK — Happy level, relaxed level, angry level, scared level, and

bored level Medium No

Table 2: Comparison of emotion detection technologies from facial expressions.

Name API/SDK Requires
Internet Information returned Difficulty

of use Free software

Emotion API API/SDK Yes Happiness, sadness, fear, anger, surprise, neutral,
disgust, and contempt Low Yes (limited)

Affectiva API/SDK Yes Joy, sadness, disgust, contempt, anger, fear, and
surprise1 Low Yes, with some restriction

nViso API/SDK No Happiness, sadness, fear, anger, surprise, disgust,
and neutral — No

Kairos API/SDK Yes Anger, disgust, fear, joy, sadness, and surprise2 Low Yes, only for personal use
1Besides, it also detects different facial expressions, gender, age, ethnicity, valence, and engagement. 2Besides, it also detects user head position, gender, age,
glasses, facial expressions, and eye tracking.
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focused on facial expressions (over 95 per cent of the studies
carried out on emotions detection have used faces as
stimuli), almost ignoring the rest of channels through which
people reveal affective information [28].

Despite the newness of this field, there are several
proposals focused on recognizing emotional states from
body gestures, and these results are used for other purposes.
Experimental psychology has already demonstrated how
certain types of movements are related to specific emotions
[29]. For example, people experimenting fear will turn their
bodies away from the point which is causing that feeling;
people experimenting happiness, surprise, or anger will turn
their bodies towards the point causing that feeling.

Since there are no technologies available for emotion
detection from body gestures, there is not any consensus
about the data we need to detect emotions in this way.
Usually, experiments on this kind of emotion detection use
frameworks (as for instance, SSI) or technologies to detect
the body of the user (as for instance, Kinect), so the re-
searches are responsible for elaborating their own models
and schemes for the emotion detection. -ese models are
usually built around the joints of the body (hands, knees,
neck, head, elbows, and so on) and the angle between the
body parts that they interconnect [30], but in the end, it is up
to the researchers.

2.2.5. Emotion from Physiological States. Physiologically
speaking, emotions originate on the limbic system. Within
this system, the amygdala generates emotional impulses
which create the physiological reactions associated with
emotions: electric activity on face muscles, electrodermal
activity (also called galvanic skin response), pupil dilatation,
breath and heart rate, blood pressure, brain electric activity,
and so on. Emotions leave a trace on the body, and this can
be measured with the right tools.

Nevertheless, the information coming directly from the
body is harder to classify, at least with the category system
used in other emotion detection technologies. When
working with physiological signals, the best option is to
adopt a classification system based on a dimensional ap-
proach [25]. An emotion is not just “happiness” or “sadness”
anymore, but a state determined by various dimensions, like
valence and arousal. It is because of this that the use of
physiological signals is usually reserved for research and
studies, for example, related to autism.-ere are no emotion
detection services available for this kind of detection based
on physiological states, although there are plenty of sensors
to read these signals.

In a recent survey on mobile affective computing [31],
authors make a thorough review of the current literature on

affect recognition through smartphone modalities and show
the current research trends towards mobile affective com-
puting. Indeed, the special capacities of mobile devices open
new research challenges in the field of affective computing
that we aim to address in the mobile version of the system
proposed.

Finally, we can also find available libraries to be used in
different IDEs (integrated development environments)
supporting different programming languages. For instance,
NLTK, in python [32] can be used to analyze natural lan-
guage for sentiment analysis. Scikit-learn [33], also in py-
thon, provides efficient tools for data mining and data
analysis with machine learning techniques. Lastly, OpenCV
(Open Source Computer Vision Library) [34] supports C++,
Python, and Java interfaces in most operating systems. It is
designed for computer vision and allows the detection of
elements caught by the camera in real time to analyze the
facial points detected according, for instance, to the Facial
Action Coding System (FACS) proposed by Ekman and
Rosenberg [35]. -e data gathered could be subsequently
processed with the scikit-learn tool.

aff_information � get_affective_information()
#aff_information � {“face”: [. . .], “voice”: [. . .],
“mimic”: [. . .]}
stress_flags � {“face”: 0.0, “voice”: 0.0, “mimic”: 0.0}
#values from 0 to 1 indicating stress levels detected
for er_channel, measures in aff_information:

measure_stress(er_channel, measures, stress_flags)

if (stress_flags[“face”] > 0.6 and

stress_flags[“voice”] < 0.3 and
stress_flags[“mimic”] < 0.1):
#reaction to affective state A

if (stress_flags[“face”] < 0.1 and

stress_flags[“voice”] < 0.1 and
stress_flags[“mimic”] < 0.5):
#reaction to affective state B

. . .

3. Modifying the Behaviour of an Educational
Software Application Based on
Emotion Recognition

Human interaction is, by definition, multimodal [36]. Unless
the communication is done through phone or text, people
can see the face of the people they are talking to, listen to
their voices, see their body, and so on. Humans are, at this

Table 3: Comparison of emotion detection technologies from text.

Name API/SDK Requires Internet Information returned Difficulty of use Free software
Tone analyzer API Yes Emotional, social, and language tone Low No
Receptiviti API Yes See [29] Low No
BiText API Yes Valence (positive/negative) Low No
Synesketch SDK No Six basic emotions Medium Yes
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point, the best emotion detectors as we combine information
from several channels to estimate a result. 
is is how
multimodal systems work.

It is important to remark that a multimodal system is not
just a system which takes, for example, a�ective information
from the face and from the voice and calculates the average
of each value. 
e hard part of implementing one of these
systems is to combine the a�ective information correctly.
For example, a multimodal system combining text and facial
expressions that detects a serious face and the message “it is
very funny” will return “sarcasm/lack of interest,” while the
result of combining these results in an incorrect way will
return “happy/neutral.” It is proven that by combining
information from several channels, the accuracy of the
classi�cation improves signi�cantly.

For example, let us imagine we need to assess the stress
levels of a person considering the a�ective information
gathered through three di�erent channels: a�ective in-
formation extracted from facial expressions, voice, and body
language. Since we have more than one channel, we can
support each measure taken from each channel with values
detected in the others.


is way, it is possible not only to con�rm with a high
level of certainty the occurrence of an a�ective state, but also
to detect situations that could not be sensed without per-
forming multimodal emotion detection, as sarcasm.


e following code snippet shows an easy example of
a�ective information combination. 
e mere fact of con-
sidering a measure in the context of more a�ective in-
formation gives us a whole new dimension of information.

To this end, we have developed an initial prototype in
order to study how using multimodal emotion detection
systems on educational software applications could enhance
the user experience and performance. 
e proposed pro-
totype, named emoCook, has been developed as a game to
teach English to 9–11-year-old children. Information about
this prototype can be found at [37]. At present, the prototype
is only available in Spanish as it is initially addressed to
Spanish-speaking children in the process of learning English.


e architecture of this application is shown in Figure 1.
During the gameplay, the user is transmitting a�ective in-
formation (Figure 1-1) through their face, their voice, their
behaviour, and so on. 
e prototype is receiving this in-
formation (Figure 1-3) and sending it to several third-party
emotion detection services (Figure 1-4). After retrieving this
information (Figure 1-5), we put it in context to extract
conclusions from it about the user’s performance (Figure 1-6).
Based on these results, the pace and di�culty level of the game
changes (Figure 1-7), adapting it to the user’s a�ective state
(Figure 1-2).


e theme of the game was focused on cooking issues to
practice vocabulary and expressions related to this topic. It is
organized in di�erent recipes, from the easiest to hardest.
Each recipe is an independent level and is divided into two
parts. 
e �rst part is a platform game in which the player
must gather all the ingredients needed to cook the recipe
(Figure 2). 
e ingredients are falling from the sky all the
time, along with other food we do not need for the recipe. If
the player catches any food that is not in the ingredients list,

it is considered as a mistake. 
e maximum number of
mistakes allowed per level is �ve.

After �nishing this �rst part, the system shows a set of
sentences (more or less complex) including vocabulary re-
lated to the recipe that the player has to read out loud to
practice speaking and pronunciation. If the user fails thrice
to read a sentence, the system will move to the next one, or
�nish the exercise if it is the last sentence.


is prototype has been implemented with three emo-
tion detection technologies, which monitor the player’s

User
interaction

System
response

System behaviour
modification

App module

Focused – yes
Motivated – yes
Frustrated – 30%
Nervous – no

Joy – 80.2%
Disgust – 10.8%
Anger – 9.0%
Attention – 47%
...

Emotions module

Pictures,
sound tracks,

etc.

Emotions
detected

54

3 6

7

21

Emotion
detection
services

Data read
from the

user

Analysis of
emotions

Figure 1: Application architecture.
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affective state, and the results obtained are used to change
the difficulty level and the pace of the game. Each time the
player finishes a level, the affective data are analyzed, and
according to the results, the difficulty of the next level is set.
-e technologies integrated in the system are the following:

(i) Affectiva. It uses the camera feed to read the facial
expression of the player.

(ii) Beyond Verbal. It gathers the audio collected during
the speech exercise to identify the affective state of
the player attending to their speech features.

(iii) Keylogger. -e game keeps a record of the keys
pressed by the users, considering different factors:
when they press a correct key, when they do not,
when they press it too fast, and so on.

Because of changes on Beyond Verbal API, affective data
from the speech could not be collected, so in the end, only
data from the facial expression (using Affectiva) and from
the behaviour when pressing keys (using Keylogger) were
used. Affectiva is a third-party service, while Keylogger was
developed within the prototype.

A mobile version of the system is also available, and it
can be used through a browser running on a mobile device
[37]. -is way, the game can be controlled both with the
arrow keys in a keyboard and by touching on a tactile screen.
Touching on the left-hand side of the screen makes the
character move to the left. Touching on the right-hand side
of the screen makes the character move to the right and
touching twice very quickly in any part of the screen makes
the character jump upwards.

Figure 3 shows a screenshot of the mobile version of the
application running in the Firefox browser in a mobile
device. -e possibility of using the system through a mobile
device opens new ways of detecting emotions that we aim to
explore in further research. For instance, we could use
sensors such as the accelerometer or gyroscope to gather
affective information. Initial trials have been performed with

the API offered in [38] with promising results that will be
further explored.

4. Evaluation of the System

In order to prove the initial hypothesis, the system has been
assessed with real users by applying the method described in
this section.

4.1. Participants and Context. We recruited sixteen children
aged between 10 and 11 years old belonging to the same
primary school and with a similar level of English knowledge
to avoid differences in the education level that could affect
the evaluation results. -eir parents had been previously
informed and authorised their participation in this evalu-
ation. -e setup of the experiment consisted of two laptops,
one in front of the other so that participants could not see
each other. Both laptops were equipped with mouse and
webcam and Windows 10 as operating system and were
connected to the same Wi-Fi network. -e prototype was
accessed through the browser Google Chrome in both
laptops. -is setup was prepared in a room the English

Figure 2: emoCook prototype.

Figure 3: Mobile version of emoCook system.
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teachers of the primary school provided us within the school
premises.

4.2. Evaluation Metrics. -e system was measured con-
sidering three types of metrics: effectiveness, efficiency, and
satisfaction, that is, the users’ subjective reactions when
using the system. Effectiveness was measured by consid-
ering task completion percentage, error frequency, and
frequency of assistance offered to the child. Efficiency was
measured by calculating the time needed to complete an
activity, specifically, the mean time taken to achieve the
activity. Besides, some other aspects were also considered
such as the number of attempts needed to successfully
complete a level, number of keystrokes, and the number of
times a key was pressed too fast as an indicative signal of
nervousness.

Finally, satisfaction was measured with the System
Usability Scale (SUS) slightly adapted for teenagers and kids
[39]. -is questionnaire is composed of ten items related to
the system usage. -e users had to indicate the degree of
agreement or disagreement on a 5-point scale.

4.3. Experimental Design. After several considerations
regarding the evaluation process for games used in
learning environments [40], the following features were
established:

(i) Research Design. -e sample of participants was
divided into two groups of the same size, being one
of them the control group. -is control group tested
the application implemented without emotion de-
tection and hence without modifying the behaviour
of the application in real time according to the child’s
emotions. -is one was called the System 2 group.
-e other group tested the prototype implemented
with emotion detection which adapted its behaviour,
by modifying the pace of the game and difficulty
level, according to the emotions detected on the user,
in such a way that if the user becomes bored, the
system increases the pace of the game and difficulty
level and on the contrary, if the user becomes
stressed or nervous, the system decreases the speed
of the game and difficulty level. -is one was called
the System 1 group. By doing this, it can be shown
how using emotion detection to dynamically vary the
difficulty level of an educational software application
influences the performance and user experience of
the students.

(ii) Intervention.-e test was conducted in the premises
of the primary school in a quiet room where just
the participants (two at a time) using System 1 and
System 2 and the evaluators were present. We
prepared two laptops of similar characteristics, one
of them running System 1 with the version of
the application implemented with emotion recog-
nition and the other laptop running System 2 with
the version of the application without emotion
recognition.

-e whole evaluation process was divided into two parts:

(i) Introduction to the Test. At the beginning of the
evaluation, the procedure was explained to the
sixteen children at a time, and the game instructions
for the different levels were given.

(ii) Performing the Test. Kids were called in pairs to the
room where the laptops running System 1 and
System 2 were prepared. None of the children knew
what system they were going to play with. At the
end of the evaluation sessions, the sixteen children
completed the SUS questionnaire. Researchers were
present all the time, ready to assist the participants
and clarify doubts when necessary. When a partici-
pant finished the test, they returned to their class-
room and called the next child to go in the evaluation
room.

To keep the results of each participant fully independent,
the sixteen users were introduced on the database of the
prototype with the key “evalX,” being “X” a number. Users
with an odd “X” used System 1, while those with an even “X”
were assigned to System 2 (control group).

-e task that the participants had to perform was to play
the seven levels of the prototype, including each level
a platform game and a reading out loud exercise. -e data
collected during the evaluation sessions were subsequently
analyzsed, and the outcomes are described next.

4.4. Evaluation Outcomes and Discussion. Although partic-
ipants with System 1 needed, on average, a bit more time per
level to finish (76.18 seconds against 72.7), we could ap-
preciate an improvement on the performance of the par-
ticipants using System 1, as most of them made less than 5
mistakes on the last level, while only one of the control group
users of System 2 had less than 5 mistakes.

Figure 4 shows the evolution of the average number of
mistakes, which increases in the control group (System 2)
from level 4 onwards. Since the game adapts its difficulty (in
System 1), after detecting a peak of mistakes in the fourth
level (as a sign of stress, detected as a combination of
negative feelings found in the facial expression and the way
the participant used the keyboard), the difficulty level was
reduced. -is adaptation made the next levels easier to play
for participants using System 1, what was reflected in less
mental effort. Since participants using System 2 did not have
this feature, their average performance got worse.

On average, participants using System 1 needed 1.33
attempts to finish each level, while participants using System
2 needed 1.59, almost 60% more. Also, the ratio of mistakes
to total keystrokes was also higher in the case of System 2
users (19% against the 12% from users of System 1). Like-
wise, System 2 users asked for help more often (13 times)
than System 1 users (10 times). In future experimental ac-
tivities, the sample size would be increased in order to obtain
more valuable data.

-e evaluation was carried out as a between-subjects
design with emotion recognition as the independent variable
(using or not using emotion recognition features) and
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attempts (attempts needed to �nish each level), time (time
(seconds) needed to �nish each level), mistakes (number of
mistakes), keystrokes (number of keystrokes), and stress
(number of times a key was pressed too fast in a short time)
as the dependent variables.

We performed a standard t-test [41] to compare the
means of each dataset and test the null hypothesis that there
was no signi�cant di�erence in the students’ performance
when using emotion recognition to adapt the system be-
haviour. We used α � 0.05 as our limit for statistical sig-
ni�cance, with signi�cant results reported below.

Regarding keystrokes (t � 0.97; p � 0.666), mistakes
(t � −1.51; p � 0.26), and stress (t � 1.13; p � 0.51), t-test
results con�rmed the null hypothesis was false and, thus,
that the two datasets are signi�cantly di�erent.

Although the dependent variables time (t � 0.44;
t � 1.31) and attempts (t � −0.42; t � 1.33) were similar in
both datasets, the e�ciency (considered as the lowest
number of actions a user needs to �nish each level) is greater
in users of System 1, even though both users of System 1 and
System 2 �nished within a similar time frame, what helped
the �rst ones to make less mistakes. 
e outcomes of the
evaluation shown in Figure 4 indicate a clear improvement
when using System 1 as the number of mistakes increases in
users of System 2 at higher di�culty levels.

Finally, Table 4 and Table 5 show the results of the SUS
scores per system and participant. 
e �nal value is between
0 and 100, 100 being the highest degree of user’s satisfaction.
As we can see, System 1 users rated the application with
a higher level of satisfaction compared to the level obtained
by users of System 2, as shown in Figure 5.

5. Conclusions and Final Remarks

Emotion detection, together with A�ective Computing, is
a thriving research �eld. Few years ago, this discipline did
not even exist, and now there are hundreds of companies
working exclusively on it, and researchers are investing time
and resources on building a�ective applications. However,

emotion detection has still many aspects to improve in the
coming years.

Applications which obtain information from the voice
need to be able to work in noisy environments, to detect
subtle changes, maybe even to recognize words and more
complex aspects of human speech, like sarcasm.


e same applies for applications that detect information
from the face. Most people use glasses nowadays, which can
greatly complicate accurate detection of facial expressions.

Applications able to read body gestures do not even exist
now, even though it is a source of a�ective information as
valid as the face. 
ere are already applications for body
detection (Kinect), but there is no technology like A�ectiva
or Beyond Verbal for the body yet.

Physiological signals are even less developed, because of
the imposition of sensors that this kind of detection requires.

Table 4: Satisfaction results for System 1.

Participant SUS score
1 90
3 90
5 90
7 100
9 92.5
11 87.5
13 82.5
15 80
Mean 89.06

Table 5: Satisfaction results for System 2.

Participant SUS score
2 92.5
4 75
6 87.5
8 85
10 75
12 92.5
14 72.5
16 90
Mean 83.75
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Figure 5: Comparison of SUS results in both systems.
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However, some researchers are working on this issue so
physiological signals can be used as the face or the voice. In
a not too distant future, reading the heartbeat of a person
with just a mobile with Bluetooth may not be as crazy as it
may sound.

Previous technologies analyze the impact of an emotion in
our bodies, but what about our behaviour? A stressed person
usually tends to make more mistakes. In the case of a person
interacting with a system, this will be translated in faster
movements through the user interface, ormoremistakes when
selecting elements or typing, and so on.-is can be logged and
used as another indicator of the affective state of a person.

All these technologies are not perfect. Humans can see each
other and estimate how other people are feeling within mil-
liseconds, and with a small threshold error, but these tech-
nologies can only try to figure out how a person is feeling
according to some input data. To get more accurate results,
more than one input is required, somultimodal systems are the
best way to guarantee results with the highest levels of accuracy.

In this paper, we present an educational software ap-
plication that incorporates affective computing by detecting
the users’ emotional states to adapt its behaviour to the
emotions detected. Assessing this application in comparison
with another version without emotion detection, we can
conclude that the user experience and performance is higher
when including a multimodal emotion detection system.
Since the system is continuously adapting itself to the user
according to the emotions detected, the level of difficulty
adjusts much better to their real needs.

On the basis of the outcomes of this research, new
challenges and possibilities in other kind of applications will
be explored; for example, we could “stress” a user in a game if
the emotions detected show that the user is bored. -e
application could even introduce dynamically other ele-
ments to engage the user in the game. What is too simple
bores a user, whereas what is too complex causes anxiety.
Changing the behaviour of an application dynamically
according to the user’s emotions, and also according to the
nature of the application, increases the satisfaction of the
user and helps them decrease the number of mistakes.

As future work, among other things, we aim to improve
the mobile aspects of the system and explore further the
challenges that the sensors offered by mobile devices bring
about regarding emotion recognition, especially in educa-
tional settings.
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Abstract
Autism spectrum disorder (ASD), which since 2013 is considered as an umbrella term for several disorders such as autistic 
syndrome, Asperger’s disorder and pervasive developmental disorder, is characterized, among other aspects, by deficits 
in social-emotion reciprocity. This deficit manifests itself as a reduced sharing of emotions and an increased difficulty in 
interpreting emotions other people are feeling, which in the end leads to more impairments in social communication. Since 
it is possible to help a person with ASD (especially children) to improve their ability to understand and detect emotions, 
we have developed a proposal which integrates emotion recognition technologies, often used in the field of HCI, to try to 
overcome this difficulty. In this paper, we present a novel software application developed as a serious game to teach children 
with autism spectrum disorder (ASD) to identify and express emotions. The system incorporates cutting-edge technology to 
support novel interaction mechanisms based on tangible user interfaces (TUIs) and emotion recognition from facial expres-
sions. In this way, children interact with the system in a natural way by simply grasping objects with their hands and using 
their faces. The system has been assessed on the premises of an association with children with ASD. The outcomes of the 
evaluation are very positive and support the validity of the proposal.

Keywords HCI · Affective computing · Emotion recognition · ASD

1 Introduction

Emotion detection has recently become an important 
research topic. In the last ten years, up to 300.000 papers 
about emotion detection have been published, according to 
Google Scholar [22]. Although a part of this research effort 
is focused on creating emotion detectors, there is also a big 
effort dedicated to the integration of these detectors into 
final products in order to improve the user experience. Being 

able to know how users feel while using a product and, more 
importantly, being able to change the product’s behavior so 
that the user experience is the best possible for each specific 
user, is a powerful tool that was not previously available in 
the field of human–computer interaction research. Moreover, 
this information about a person’s emotions is valuable not 
just for the researchers studying a product’s user experience 
or users’ behavior, but for the users themselves. Emotional 
awareness, or the ability to be aware of, and identify, internal 
emotional states [47] leads us to having a better understand-
ing of our own emotions and to being able to better regulate 
the affect within ourselves and others, which contributes to 
improving our well-being [45]. Developing our emotional 
awareness also helps us in building our emotional intelli-
gence, which has been proved to benefit individuals in sev-
eral dimensions of their lives, including their academic and 
professional life [34].

Emotional awareness, i.e., the ability to recognize one’s 
own emotions, and emotional intelligence in general, is 
an ability that humans learn and develop throughout their 
lives. However, not every individual is equally able to cul-
tivate this skill. For instance, people with autism spectrum 
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disorder (ASD) find it hard to recognize emotions in others, 
as well as to understand and handle their own emotions [4]. 
This impairment (external emotion recognition) is related 
to their problems with paying attention and distinguishing 
faces. Fortunately, these emotional-intelligence-related skills 
can be learnt and trained, as we can see in the existent lit-
erature. In [12], Dawson et al. reviewed studies covering a 
long period of time which show how children with ASD 
can overcome one of the challenges that people with this 
disorder confront: facial recognition. Daou et al. [11] also 
reviewed existing literature to collect studies about teaching 
emotion expression and recognition to children with ASD, 
and most of these studies reported positive results. Since 
ASD is mostly correctly diagnosed during early childhood, 
the sooner this emotional intelligence education starts, the 
easier it will be for children to apply this knowledge in adult-
hood [12]. Technology has proven to be a powerful ally in 
this learning process. Yeni et al. [56] reviewed studies which 
used educational mobile applications (that is, applications 
running on mobiles or tablets) to teach different abilities to 
people with intellectual disabilities, showing that not only 
do they accept technology very easily, but also that they 
can become fluent using the portable device on which the 
application is running and learn the skill they are working 
on with constant practice. Nisiforou et al. [36] took a step 
forward in this type of literature reviews by examining works 
that use technology to teach skills specifically to children 
with disabilities, showing the popularity of works involving 
games or educational applications and robots.

Games are, in fact, an effective tool to teach new things 
to children [37]. Nowadays, when games are used with a 
purpose that is not simply entertainment they are referred 
to as serious games. Serious games aim to promote learning 
through entertainment, exploiting the cognitive benefits of 
games to ease the learning process [14]. Games can catch 
children’s attention, and this also includes children with 
ASD [24]. However, a game must meet a certain criterion 
to keep this attention, i.e., not every game is equally appeal-
ing for every person. Even when a serious game is used 
in a traditionally serious environment (e.g., a classroom), 
it must keep its fun component and it must keep the play-
ers engaged with it, introducing variability and challenges, 
ensuring that it is difficult enough to prevent the players from 
getting bored, but easy enough to avoid frustration. Accord-
ing to the existing literature, serious games have previously 
been used to teach emotional-intelligence-related skills with 
positive results [33], and we have based our proposal on this 
knowledge.

Considering the context described above, we have 
developed a serious game for Android devices combin-
ing affective computing and tangible user interfaces (TUI) 
[30]. Emotion detection technology is used to detect what 
emotion the player is expressing, in order to help them 

develop their emotional awareness, and tangible user 
interfaces are used because of their well-known benefi-
cial influence on learning [30][43], and to overcome the 
difficulties that children with ASD experience when using 
computers.

The game consists of three parts, each one with its own 
goal and involving a different interaction style in order to 
use this variability to attract the player’s attention. These 
different parts are, in turn, three different games:

• Game 1—Recognition of emotions using TUI. This game 
starts with players being prompted with a picture depict-
ing an emotion in the app. While keeping this emotion in 
mind, they must go through a set of physical cards, each 
of them used as tangible objects by using NFC technol-
ogy, looking for the card which best represents the emo-
tion prompted. After the player has decided which card 
best expresses this emotion, they must bring it close to 
the NFC reader, i.e., the device where the app is running. 
If the card chosen is the right one, the player is prompted 
with the next emotion. If the chosen card does not repre-
sent the requested emotion, an error message is shown;

• Game 2—Depiction of emotion. In the second game, the 
players are prompted again with a picture depicting an 
emotion. However, in this case they must express this 
emotion themselves. Using the device’s camera, emotion 
detection services are used to recognize what emotion the 
player is expressing with his/her face;

• Game 3—Recognition of emotions in the wild using TUI. 
In this last phase, players have to recognize emotions 
again. However, instead of being prompted with a pic-
ture, they are shown a piece of video in which a specific 
emotion is being displayed. Using the cards from the first 
game (tangible user interfaces), the players must indicate 
what emotion is being shown in the video they are watch-
ing.

As was specified by the user requirements, in order to rep-
resent emotions in games 1 and 3 we have used pictograms 
as well as pictures of real people, so players have different 
references to learn about feelings and how to identify them. 
We turned these pictures into tangible user interfaces by 
using NFC tags hidden within them. Previously, these tags 
were programmed with their corresponding emotion name, 
e.g., the NFC tag attached to the picture of a woman smiling 
had the value “Happy” loaded onto it. For the part of the 
game entailing emotion detection, after reviewing several 
technologies [19] we chose Affectiva, which offers facial-
expression-based emotion detection via a straightforward 
SDK, and was easy to integrate into the main app. As part 
of the application usage flow, players have to log in using 
their credentials (previously, they should have signed up in 
the app) and then choose the game they want to play.
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The target audience of the application is children aged 
between 6 and 12 years old with ASD, so it is an audience 
mature enough to use electronic devices safely but still at 
an early phase in their education, so the learning of new 
emotional skills has a greater impact.

Regarding the evaluation of this tool, we carried out a 
preliminary evaluation of the system with the assistance of 
experts in the problem domain from the Association “Autism 
Development” to assess both the teaching capabilities of the 
tool and its usability. Two specialists from the Association, 
as well as three children with ASD, participated in this 
assessment, whose goal was to assess the acceptance of the 
system as a suitable tool to be used to teach emotions to chil-
dren with ASD and to test the usability of the first prototype 
of this application.

It is important to point out that the key contribution of 
this article lies in the integration of automatic emotion rec-
ognition technologies and tangible user interfaces in a seri-
ous game in order to obtain a more natural interaction, which 
is an essential feature especially when working with children 
with ASD. While the use of games and software applica-
tions to teach skills to children with ASD is not something 
new, this kind of tools usually requires the assistance of a 
therapist, a parent or a caretaker. By using automatic emo-
tion recognition and a more natural interaction mechanism 
(TUI), we have achieved a very user-friendly application, as 
the evaluation with experts has shown.

This paper is divided into six sections, including the 
current one. Section 2 introduces some key concepts that 
support the decisions taken during the development of 
the system. We provide a detailed description of the sys-
tem developed in Sect. 3. Section 4 presents the evaluation 
process carried out with children with ASD and specialists 
from the Association. Section 5 reviews the outcomes of the 
evaluation process. Finally, Sect. 6 presents the main conclu-
sions and lines for future work.

2  Background concepts and related work

2.1  Autism spectrum disorder

According to the Diagnostic and Statistical Manual of Men-
tal Disorders, autism spectrum disorder (ASD), commonly 
referred to as autism, is a neurodevelopmental disorder 
characterized by persistent deficits in social communica-
tion and social interaction across multiple contexts and 
restricted, repetitive patterns of behavior, interests, or activi-
ties, with these symptoms being shown in the early devel-
opmental period [4]. Every case of autism is unique since 
autism encompasses a whole spectrum: some cases may be 
mild, while others may be severe with regard to the symp-
toms. In fact, in 2013 the term ASD became in an umbrella 

term for a set of behavior disorders, namely early infantile 
autism, childhood autism, Kanner’s autism, high-functioning 
autism, atypical autism, pervasive developmental disorder, 
childhood disintegrative disorder, and Asperger’s disorder. 
Furthermore, since there is no cure [7], early diagnosis is 
very important, since the sooner this disorder is detected, 
the sooner the treatment can begin. Treatment includes 
occupational therapy, applied behavioral analysis, sensory 
integration therapy, etc. [51]. Again, although autism is not 
a curable disorder, the aforementioned treatments can help 
decrease the social deficits associated with ASD.

As part of the diagnosis process, the person must be 
assessed to establish the presence and/or severity of the 
symptoms. For instance, in the case of impairments related 
to communication and social interaction, these symptoms 
are pervasive in all kinds of social interaction and sustained 
in time. In order to obtain the most reliable and valid assess-
ment of these impairments, we must gather all the infor-
mation available: clinicians’ observations, the caregiver’s 
history, colleagues’ impressions and, when possible, a self-
report. Not only do we need to assess impairments in com-
munication, but also deficits in social-emotional reciprocity. 
Even though people with ASD may be able to communicate 
correctly from a formal point of view (correct grammar, 
good vocabulary, etc.), they may still struggle to engage in 
social interaction due to not knowing what tone or attitude 
adopt on each occasion, not understanding how the other 
person is feeling, avoiding eye contact, etc. Lack of reci-
procity is what characterizes social interaction with a person 
suffering from ASD [4].

Another characteristic symptom of ASD is restricted, 
repetitive patterns of behavior, activity or movement. 
Examples of this repetition are repeating movements over 
and over, aligning or ordering objects in a specific way, the 
parroting of heard words (echolalia), etc. This repetition 
also manifests itself through the adoption of routines, the 
ritualization of certain patterns (doing something by always 
following the same sequence of tasks), something that in the 
end evolves into a huge resistance to change. These routines 
can sometimes be the result of hypo- or hyperreactivity to 
certain stimuli, that is, an excessive fascination for, or rejec-
tion of, something involving taste, smell, texture or appear-
ance, or rituals involving these senses.

In short, poor social skills and emotional instability are 
inherent in people with ASD, with the severity of these 
deficits varying to a great extent depending upon the type 
of ASD the person has. Even though autism (ASD) does 
not have, strictly speaking, a cure, therapy can help people 
with this disorder become more independent and improve 
their social communication and interaction skills. One of 
the methods applied in therapy is social skill groups. This 
type of therapy takes place once a week over 12 weeks or 
more and entails a group of between two and six individuals 
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with ASD being led by one to three therapists. During these 
sessions, which last from 60 to 90 min, the therapists give a 
lesson about a specific social skill, including role playing, to 
practice this skill and promote a discussion about the whole 
lesson [44]. This form of therapy affects a person’s social 
functioning by providing a learning environment that allows 
immediate rehearsal and practice.

In contrast to this form of therapy, other types of therapy 
focus on improving communication in general, and for this 
purpose different protocols are deployed. For instance, when 
the goal of a therapy is speech production, speech imitation 
protocols are used. However, this approach presents some 
drawbacks. For example, since the subjects learn to imitate 
the teacher’s speech in a formal environment, they fail to 
generalize this new skill to new environments and social 
interactions [7].

As alternatives to speech imitation, other communication 
protocols have been used, such as sign language or picture-
based communication systems. Nevertheless, like speech 
imitation, these protocols present several drawbacks, such 
as the difficulty of learning sign language, or the inaccuracy 
of picture-point systems. These systems usually fail because 
they do not consider the point of view of the child. For 
instance, they assume that once the child knows the word to 
name something or someone, he or she will be able to use it 
in all contexts [8], and this is simply not true.

The Picture Exchange Communication System (PECS) 
proposed in 1994 [8] represented an approach that corrected 
the flaws of previous communication systems. This system 
suggests several phases, all of them with their own prompt-
ing, reinforcement, and error correction strategies, based on 
the principles of applied behavioral analysis, to teach spon-
taneous, functional communication to children. In the course 
of these phases, children are taught how to communicate 
using pictograms, to go through their pictograms to find the 
most suitable image for some answer, how to prompt a social 
interaction, how to comment on something, etc. [7].

Apart from PECS, other proposals based on showing pic-
tures, particularly pictures of faces, to children with ASD 
have been made. In [21], Golan et al. developed a children’s 
animation series called “The Transporters,” which was about 
eight characters who were vehicles with human faces, to 
teach children with ASD about facial expressions and emo-
tions expressed through this mechanism. According to the 
systemizing theory of autism, individuals with ASD have 
intact, or even enhanced, systemizing skills, which help 
them understand and analyze rule-based systems, find pat-
terns, and so on. A good example of a rule-based system 
is vehicles such as trains or cable cars, which only move 
back and forth along linear tracks, making them a predict-
able system. This series was built upon the following idea: 
since the vehicles in the show, which have faces of several 
actors and actresses expressing emotions attached to them, 

make up a “safe space,” children will pay more attention 
to them (even without realizing they are doing so) instead 
of avoiding the faces, helping them learn about emotional 
expressions [21]. Faces on vehicles are considered a “safe 
space” by children with ASD because vehicles are rule-
based systems, they are predictable, in contrast to human 
bodies, which move in unexpected ways. This study has been 
replicated and reviewed [5]1155, and the results, as well as 
their generalization, appear to be valid. In our game, we 
take advantage of this concept, namely the idea of attaching 
faces to predictable elements, in the form of tangible user 
interfaces, though PECS, using pictograms together with 
real photographs, to teach the different emotions to children 
and to help them generalize this knowledge. In our setup, 
each physical image becomes a tangible user interface that 
children will use to tell the app what emotion they have been 
requested to recognize during the different games.

2.2  Emotions

While they are pervasive in every aspect of our lives and 
are receiving more and more attention every day, emotions 
are still difficult to define and classify. If we start tracing 
the definitions of emotions back in time, we find endless 
debates and endless definitions. Aristotle proposed his own 
taxonomy of emotions in 400 B.C. The catalogue of propos-
als is so extensive that, in 1981, the authors of [28] gathered 
92 different definitions of emotion, each one considering a 
different aspect of the same topic. For now, and following 
the trends of affective computing over the last few years, we 
will take an emotion to be a physical reaction of the body, 
caused by the limbic system, to some event or circumstance. 
This reaction can be either perceptible for external observ-
ers (changes in the tone of voice, facial expressions, body 
gestures) or imperceptible (heartbeat, electrical brain activ-
ity, etc.). We will look at this more closely in the following 
subsection.

Two of the most popular proposals regarding emotions 
and their classification were made by Robert Plutchik and 
Paul Eckman. Robert Plutchik proposed a model based on 
a 2D/3D “flower” of emotions. In Plutchik’s model, called 
the wheel of emotions (Fig. 1), every human emotion is a 
combination of several primary emotions, namely ecstasy, 
admiration, terror, amazement, grief, loathing, rage and 
vigilance [42]. Each primary emotion can lead to others, 
depending on the degree of intensity with which someone 
feels it. The rest of the emotions are combinations of these 
primary emotions.

The other proposal was made by the psychologist Paul 
Ekman. One of the topics Ekman studied was the universal-
ity of emotions. Following the Darwinian view of emotions, 
Ekman wanted to prove that emotions, or at least a subset 
of them, were inherent in every human [15]. As part of this 
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study, he developed the Facial Action Codification System, 
a system which identifies 42 points on the face, the eyes and 
the head and uses them to identify an emotion [16]17. In this 
way, a facial expression can be defined by the position of a 
set of 42 points on the face. By codifying the human face as 
a set of numbers, FACS opened the door to the creation of 
emotion detectors based on facial expression using machine 
learning and automatic classifiers.

As per other studies carried out by Ekman, he discovered 
that there were six emotions which were universal to every 
human being, regardless of culture or education, since they 
were hardcoded into our DNA, following the Darwinian 
explanation for the origin of emotions [15]. These universal 
emotions are joy, sadness, anger, surprise, fear and disgust. 
However, since this study was published, some researchers 
have reviewed it, and find flaws and holes in this universality 
[52]. Some of these studies have even proposed a different 
number of universal emotions [26]. Despite the imperfec-
tions in Ekman’s theory, the six-basic-emotions approach 
is widely extended in the affective computing field, it being 
the de facto classification system used by emotion detectors 
to express what emotions have been found.

With regard to children with ASD, in order to get them 
to express an emotion, they must first learn how to iden-
tify it, and this is what games or practice exercises are for. 
Therefore, the game we have developed has three well-dis-
tinguished parts: a first part in which the children learn to 
identify an emotion, a second part in which they learn how 
to express it themselves, and, finally, a third part in which 
they learn to identify these emotions in the wild, in a spon-
taneous situation.

2.3  Affective computing

Affective computing (AC), as it was defined in 1995, is 
any form of computing that relates to, arises from, or influ-
ences emotions [40]. Although affective computing presents 
several lines of work, one of the most popular is automatic 
emotion detection, i.e., the use of automatic classifiers to 
detect emotions in a voice, in a face, etc. As we mentioned 
in the previous subsection, in the field of automatic emo-
tion detection, we understand an emotion to be its physical 
manifestation in the body. Hence, emotion detection encom-
passes the detection of those physical manifestations and the 
subsequent analysis of those signals.

In order to read these data, we need different types of 
sensors, depending on what type of information is going 
to be collected [19]. For instance, to read someone’s facial 
expression or body language, we need a camera or some 
device such as Kinect that allows us to capture images and 
to track the human body. Along these lines, there are also 
devices that allow us to track the user’s eyes, which, in the 
end, means that we can know what the user is looking at, 
for how long, etc. If we wish to analyze someone’s voice, 
we need a microphone; to read things such as someone’s 
heartbeat or muscle activity, we need more invasive tools, 
such as a wristband with sensors, electrodes placed on the 
part whose electrical activity we are going to measure, with 
all this connected to a controller, such as a computer or a 
Raspberry microcontroller.

Regarding emotion detection, a new trend has emerged 
in the field of HCI research that is based on the following 
idea: what if we could detect how users are feeling while 
using an application or system and use this information to 
change the behavior of that system in order to make the 
users’ experience as good as possible? With this idea in 
mind, much research work has been carried out over the past 
few years, and indeed our work forms part of this new trend 
for combining HCI and AC. However, marketing and user 
experience (UX) are not the only fields which are applying 
these AC-related technologies. In [31] the authors review 
how affective computing technologies and strategies have 
been applied to improve the lives of children with ASD. 
For this purpose, computer software that detects behavioral 
signs of emotions and models emotional functioning was 
used. Facial expressions, vocalizations, electrodermal activ-
ity, affective intelligent tutoring systems have been used to 
try to help children with ASD overcome their social deficits, 
and these studies obtained acceptable results, although there 
is a consensus about the need to continue replicating these 
experiments in order to actually systematize the application 
of AC technologies in ASD-related therapies [31],35.

With regard to the affective computing component 
included in this work, we have focused on emotion detec-
tion based on facial expressions, and we have integrated this 

Fig. 1  Wheel of emotions [53]
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kind of detection technology in our software application as 
part of one of the games. We chose this form of emotion 
detection over the other ones after reviewing the different 
emotional channels from which we can read affective infor-
mation from the users, the different tools needed to gather 
that information, the availability of these tools and, also, 
after considering our previous experience with other emo-
tion detectors [20].

The decision to choose facial expression over any other 
emotional channel was taken on the basis of the “universal-
ity” of facial expressions to express emotions, and the rela-
tive maturity of this type of automatic emotion detection. 
In the following subsection, the technologies used in the 
application developed are described.

2.4  Related work

Prior to the development of the app, we reviewed several off-
the-shelf applications of a similar nature. A list of applica-
tions developed for children with ASD to help them in their 
daily activities and to learn about emotions can be found 
in Table 1. By taking a quick look at the table, we can see 
that, in this sample, all the reviewed systems are used on a 
touch-based device, usually a tablet or a smartphone. It is 
also noteworthy that only one application, Emotionalyser 
uses facial recognition, and just a few of them use physical 
images as part of the game.

We also reviewed the existing literature regarding serious 
games applied in the education of children with ASD to find 
possible gaps in this research field. Reviews such as [33] 
and [57] reveal the state of the art regarding serious games 
applied to therapy for children with ASD. For instance, most 
current proposals are designed to be used on a desktop or a 
laptop computer. In [57], 40 papers are reviewed and 70 per 
cent employ serious games running on computers, disre-
garding more usual or natural interaction mechanisms such 
as touch screens or tangible user interfaces. With regard to 
automatic emotion recognition, the use of facial-expression-
based emotion detectors is quite scarce, but it is present in 
some approaches using serious games [18, 25, 27, 32, 39, 
46, 49]. It is worth highlighting that most of the reviewed 
games using emotion recognition use a “homemade” emo-
tion detector instead of resorting to off-the-shelf solutions or 
open-source software, with the impact in time and cost that 
this fact has on the process of developing a game.

For the sake of completeness, we decided to also review 
other studies focused on teaching skills to children with 
ASD. Artoni et al. [3] developed a web application, namely 
ABCD SW, consisting of several types of exercises, in such 
a way that it can be used by the children while a tutor or 
a parent is monitoring their progress from another device. 
Studies such as [21] and [57] have used the animated series 
“The Transporters,” which shows different vehicles such as 
trains and cable cars with human faces, to teach children 
with ASD to recognize faces and emotions. These studies 

Table 1  Comparison of related 
works

Name Platform (Android/
iOS/Web/Windows)

Camera 
(Yes/
No)

Facial recog-
nition (Yes/
No)

Real pic-
tures (Yes/
No)

Tactile inter-
face (Yes/
No)

Happy baby Android No No No Yes
Emotionalyser Android Yes Yes Yes Yes
Camp Discovery Android/iOS No No No Yes
Touch-Emotions Android/iOS No No No Yes
Emotions for Children Android No No Yes Yes
My Emotions Android No No No Yes
Learning emotions Android/iOS/
Windows No No No Yes
Montessori Android/iOS No No No Yes
Emotions Project Android/Windows No No Yes Yes
PictoTEA Android No No No Yes
MITA Android/iOS No No No Yes
Autism-Discovering emotions Android/iOS No No Yes Yes
How Do I Feel? Android No No Yes Yes
Emotion Learning Android No No No Yes
#Autism Emotions Android/iOS No No Yes Yes
Toddler Feelings Android No No No Yes
José Aprende Android/iOS No No No Yes
Even better Web No No No Yes
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try to use the children’s usually intact systemizing abilities 
to their benefit to help them learn how to look at faces and 
recognize expressions on them. Another example of a study 
using multimedia resources is [6], which uses the Mindread-
ing DVD to teach children how to recognize emotions. This 
DVD is essentially a set of 412 emotions, with each emotion 
being expressed by 6 different actors and actresses of differ-
ent ages and cultures.

Our proposal covers some of the gaps found in these 
applications since it includes a mechanism to automatically 
check the progress of the children with immediate feedback 
thanks to NFC and Affectiva technologies. The system pro-
posed in this paper is a serious game which has been devel-
oped for Android devices and uses both NFC and emotion 
detection (Affectiva) technologies. Furthermore, the picture 
exchange communication system (PECS) has been embed-
ded in the activities of each game implemented in our pro-
posal. As we indicated above, the key contribution of this 
proposal lies in the integration of different technologies, 
namely automatic emotion detection and tangible user inter-
faces, in order to provide an easy-to-use serious game so that 
therapists working with children with ASD can teach them 
to recognize emotions with a tool that keeps them engaged 
and entertained. In the next section, we present a description 
of the software application developed.

3  System description

EmoTEA is a serious game developed as a mobile applica-
tion designed to help children with ASD to improve and 
develop their emotional intelligence, especially emotional 
skills regarding emotion recognition, whether their own 
emotions or the ones expressed by someone else. The sys-
tem has two separate and well-defined parts: firstly, a user 
management section aimed at the person in charge of those 
children with ASD (a psychotherapist, their parents or legal 
tutor, etc.), and secondly, a section which contains the actual 
games, which is the part the users access after their carer has 
registered them in the application.

Regarding the multimedia resources used in the develop-
ment of EmoTEA and shown in the figures used throughout 
this paper, all the images and videos were taken from [2, 38, 
41] and [50], with license of use.

EmoTEA can be defined via three main elements:

• Target population. The application is aimed at children 
with ASD aged between 6 and 12 years old, and this age 
range was set in agreement with the Association “Autism 
Development.” It is also worth mentioning that the idea 
of EmoTEA itself arose from a collaboration with said 
association;

• Technology. EmoTEA has been developed using tangible 
user interfaces as the main interaction mechanism, and 
automatic face-based emotion detection. Besides using 
Android as the development platform, Affectiva’s SDK 
and NFC tags were used to enable EmoTEA to recognize 
emotions on the basis of facial expressions, and to turn 
physical objects into interfaces the app can interact with, 
respectively. By including TUIs in the application we 
take advantage of their beneficial effects in learning set-
tings, while Affectiva gives EmoTEA the power to auto-
matically evaluate users in emotion mimicking games;

• Target Skills. As stated above, one of the difficulties 
people with ASD face is the inability to express and/or 
understand emotions, and to recognize their own ones 
or the ones expressed by other people. EmoTEA’s main 
purpose is to tackle this problem, offering exercises to 
learn how to identify and express basic emotions [15]. 
These exercises, based on emotion identification and 
mimicking, seek to help people with ASD to develop 
their emotional intelligence skills.

The idea of developing this application arose from the 
collaboration established with the local Association called 
“Autism Development” and their need to improve the emo-
tional skills of children with autism spectrum disorder. In 
the course of several meetings, the main requirements of 
EmoTEA were established, such as the target population, 
for instance. By performing a critical review of studies on 
autism, it was observed that the authors in [10] concluded 
that autism spectrum disorders were usually diagnosed at 
ages which range from 3 to 10 years old, approximately, 
with that range shrinking by three years, from 3 to 7 years 
old, for children with autistic disorders. Furthermore, in [29] 
the authors state that ASD diagnoses are usually quite stable, 
i.e., diagnoses made in the early years of the child are rarely 
mistaken. The authors in [23] analyzed the progress of sev-
eral children with ASD from their early childhood to their 
early adolescence, concluding that even when most of the 
participants did not experience any improvement, there was 
a small group of them who did. Based on this information, 
the target population was chosen to be children with ASD 
aged between 6 and 12 years old, since it is a range of ages 
in which most of the diagnoses have been made but children 
have not entered adolescence yet, so it is easier for them to 
grasp new emotional skills [7],12. However, it is important 
to recall that ASD is a spectrum disorder, and the differ-
ences between each patient (intellectual ability, associated 
symptoms, etc.) can be huge, which may lead us to modify 
the limits of this range for certain situations. For instance, a 
child within this age range with extreme symptoms and low 
cognitive skills may need dedicated help from a psycholo-
gist or assistant, and would not be able to use EmoTEA. On 
the other hand, a child younger than 6 or older than 12 with 
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good intellectual skills may be suitable for the app. This is 
why the application was developed for children with autism 
spectrum disorder aged between 6 and 12 years old, but this 
range of ages may vary.

Regarding the technical development aspects of 
EmoTEA, tangible user interfaces (TUIs) are included as 
the main interaction mechanism with the system to make 
it easier to use for children with special needs, based on 
existing evidence in the literature about how the natural-
ness of TUIs allows children to be more explorative and 
expressive [43],48. TUIs were implemented as physical 
cards with images representing the different emotions, with 
these images being both pictograms and pictures of real 
faces portraying some emotion. Children have to manually 
handle the cards to find the one required by the system. In 
this way, they can learn to differentiate emotions in a more 
playful way. In addition, affective computing technology is 
included in the system to support the identification of facial 
expressions and to help children to learn how to express 
emotions. In this case, they have to "imitate" the emotion 
depicted by a picture on the screen and in this way they learn 
to express it. Finally, taking into account what the children 
have previously learned in the first activities, they will have 
the chance to apply this knowledge by observing videos and 
identifying the emotions shown in them.

Introducing this type of applications in the teaching pro-
cess of children with ASD is a challenge because it is dif-
ficult to alter their routine and when they change the activi-
ties they usually perform or the environment where they 
perform them, they get nervous and their behavior changes. 
Therefore, this application also aims to observe the adapta-
tion of children to the changes that take place within their 
environment.

The technical requirements for this application to run 
properly are minimal. It only requires a touch-based device 
(mobile phone or tablet), Android O.S. version 5.1 (Lol-
lipop) or higher, an NFC reader (available on most smart-
phones and tablets), an Internet connection and a camera 
with a minimum of 3 megapixels.

Additionally, and based on the experience we gained 
while assessing the system, we established the following 
ergonomic guidelines:

• There must be good lighting so that the users can see 
themselves. It is recommended to place the camera facing 
away from the light source and in front of the user. The 
user’s face must be clear (with the exception of glasses as 
they can be worn). The users must be facing the camera 
and keeping their hands from their faces since the appli-
cation will not detect their face if they turn their head or 
they are partially covering it with their hands;

• The device’s camera must be placed in front of the user 
and focused on the face of the user, thus avoiding pos-

sible shadows that could be created if the camera is 
placed at a different angle. The recommended distance 
to place the camera at is about 30 cm from the user. If 
the device with the integrated camera is resting on a 
table, you should find a suitable chair so that the cam-
era is placed in the correct position. The cards depict-
ing the different emotions must be brought close to the 
NFC reader, to within a distance of less than 10 cm for 
the reader to detect them properly and allow the appli-
cation to work correctly.

It is also important to point out that even though the 
application was developed and assessed within the context 
of the “Autism Development” Association, the application 
domain of our system is much bigger, and EmoTEA can 
be used in more general settings, e.g., at home, in regular 
classes at school, etc.

In the next subsection, we describe the three different 
games that make up the application, each of them with 
specific features and goals.

3.1  Game 1

In the first game, the user interacts with the mobile device 
and the cards representing the basic emotions as tangi-
ble objects. The app shows a picture of a face, and the 
user has to choose from among the different cards the one 
which represents the emotion corresponding to that pic-
ture, bringing the chosen card close to the NFC reader 
built into the mobile device. When they get 4 or more out 
of the 6 emotions right, they pass the level and, therefore, 
move on to the next one. If they fail, they keep playing at 
the same level. The application provides different types of 
feedback depending on whether the user succeeds or fails, 
always encouraging them to try again.

In the first level of difficulty, different images of real 
faces representing the basic emotions are shown and the 
user has to choose the card which corresponds to the emo-
tion requested, as shown in Fig. 2. In this level, the cards 
available to the users are pictures of real faces.

Once the first level is passed, the second level is 
unlocked. In this second level, real images are shown on 
the device, as in the previous level, but in this case the 
cards offered to the users show pictograms representing 
the different emotions. In this way, the user has to choose 
from among the different cards which pictogram corre-
sponds to the real image shown on the device. Therefore, 
they learn how to identify different representations of the 
same emotion, both in real pictures and in pictograms.
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3.2  Game 2

Once the children have learned and identified the different 
emotions, linking emotions with real (faces) and conceptual 
(pictograms) representations of them, they are now ready to 
learn how to express them themselves. This is the main pur-
pose of the second game: teaching children how to express 
emotions with their faces by mimicking. When the game 
starts, the picture of an emotion is shown, and the name of 
the emotion is displayed. Then, the user has to express it 
with their face, and their facial expressions are analyzed to 
know whether they are expressing the emotion correctly or 
not. The feedback provided in this game is the same as in the 
previous one. The emotion detection through facial expres-
sions was implemented by integrating Affectiva technology 
[1] in the solution proposed.

In the first level, pictures of emotions expressed by real 
faces are shown. The user has to imitate the facial expres-
sion according to the expression depicted in the picture, as 
shown in Fig. 3.

In the second level, the goal is the same, but this time 
the system shows pictograms instead of real pictures to ask 
the user to express an emotion. It is not so much a ques-
tion of “imitating" what the pictogram shows as a question 
of recognizing what emotion a pictogram is portraying and 
knowing how to express it themselves. Figure 4 shows an 
example of this level in which emotions of joy and anger 
had to be expressed.

With games 1 and 2, we aim at teaching children with 
ASD how to recognize and express the facial expression of 
the six basic emotions. As for the TUIs used in these first 

two games, the user requirements stated that the cards used 
as TUIs shall include both pictograms and real pictures, so 
that players could have different references to learn about 
feelings and how to identify them.

3.3  Game 3

In this last game, the system displays fragments of the Pixar 
film called “Inside out” showing situations in which the 
emotions learned in the previous games can be identified. 
In this game, users also interact with the cards, used as TUIs. 
The aim of this game is to help users recognize emotions in 
contextual situations. To this end, firstly the user watches 
the video fragment for a few seconds, and then they have 
to choose the corresponding emotion from among the cards 
available for this purpose, bringing the correct card close to 
the mobile device with the NFC reader, as in game 1.

This game has been divided into two levels of difficulty 
according to the difficulty of recognizing emotions. In the 
first level, we set joy, sadness and anger as the possible 
emotions to be recognized, and in the second level, we set 
surprise, fear and disgust, since they are more difficult to 
recognize than the first ones. Figure 5 shows a video frag-
ment representing joy in a contextual situation.

This third game perfectly complements the first two 
games since it allows the users to put their emotion recogni-
tion skills to the test. In this game, emotion is not portrayed 
by a fixed image, but by a whole set of features: the faces of 
the characters shown in the video, their surroundings, the 
color palette, the theme of the scene, etc. By playing this 
game, users start linking emotions, not only to faces and 

Fig. 2  Game 1—level 1
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Fig. 3  Game 2—level 1. Imitat-
ing joy and surprise

Fig. 4  Game 2—level 2. 
Expressing joy and anger
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words but to situations, which helps them to generalize their 
emotion recognition knowledge to new settings.

4  Preliminary assessment of the system

As was mentioned above, we carried out an evaluation with 
ASD specialists from the Association in order to assess the 
teaching capabilities of the application in learning emo-
tions, and its acceptance by the specialists who work with 
children with ASD. The idea was to assess the use of our 
system as a good alternative or complement to the traditional 
therapies they usually apply for this purpose, as well as its 
usability. The system was assessed on the premises of the 
Autism Development Association, which is registered by 
the Local Council under Organizations for Disabled People, 
with number 25.2255/03. This association works at helping 
children with ASD develop their personal skills and facili-
tate their integration into society. Both the children and the 
psychotherapists belonging to this association participated 
in the evaluation, and in this way the educators could assist 
the children with ASD while using the application in a real 
usage scenario.

The study was ethically approved by both the executive 
team and the professional staff of the Autism Development 
Association and was in accordance with the Declaration 
of Helsinki [54]. Before the beginning of the assessment 
sessions, informed consent was obtained from all the par-
ticipants, including the parents or legal guardians of the 
children participating in the assessment. The children also 
had their parents’ permission to use images or videos of the 
evaluation sessions.

To limit the scope of this process, the evaluation was 
delimited so that the participants would only play the first 

level of each one of the games, since the corresponding 
second levels use the same mechanics. Below we describe 
the key aspects considered during the assessment:

• Functionality. The application provides what is neces-
sary to successfully meet the objectives for which it 
was designed;

• Usefulness. Educators believe that the application is 
useful to improve the emotional skills of children in a 
playful and entertaining way;

• Ease of use. The application has a simple interface both 
for those who have been previously informed about 
how it is used and for those who do not have prior 
information.

In summary, the preliminary assessment performed was 
mainly focused on the acceptance of the system by the 
specialists who work with children with ASD, as a good 
alternative or complement to the traditional therapies they 
usually apply to teach children emotion-related concepts. 
This preliminary assessment helped us gather their opin-
ions on the usefulness of the system and identify specific 
usability problems.

4.1  Method

In this section, we present the method used during the 
assessment, including the description of participants, the 
context in which the evaluation was carried out, the tasks 
to be performed, as well as the place, the device used to 
run the application and the tools used by the evaluators. 
We also describe the process and the usability metrics 
applied. Finally, we present the results of the evaluation.

Fig. 5  Game 3—level 1
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4.1.1  Evaluation techniques

The system evaluation was designed considering traditional 
evaluation techniques [13] and the current context of this 
project. The main goal of this preliminary evaluation, as has 
been mentioned above, was to assess the suitability of the 
proposed tool for its objective, that is, to teach children with 
ASD to recognize emotions. To this end, we designed the 
evaluation by combining the techniques of Cognitive Walk-
through, Thinking Aloud and Cooperative Evaluation. The 
evaluation was carried out by specialists from the Associa-
tion and one child each time, so the psychotherapists could 
check in real time how the children react to the application, 
whether they understood how it works, whether the con-
tent was appropriate for the skill they should learn from it, 
whether they were getting frustrated without us noticing, etc. 
During the whole process, the specialists made comments to 
the evaluator about the children’s reactions, the application’s 
usability, etc. One of the benefits of this evaluation technique 
is that we do not need many children to assess the tool, but 
just a set of archetypical participants who are representative 
of the different kinds of children that might use the system.

4.1.2  Participants

The evaluation was carried out with two psychotherapists 
and three children of different ages and different degrees 
of autism. The children, aged between 8 and 10 years, had 
some previous experience of using similar applications and 
devices such as tablets and/or mobile phones. One of these 
children presented a mild degree of autism, while the other 
two presented a more severe degree. This sample allowed us 
to appreciate differences between users with different levels 
of ASD. Despite the apparent small number of children we 
could recruit, as the main goal was to assess the acceptance 
of the system by the physiotherapists, we designed the evalu-
ation as a cognitive walkthrough, where it is more impor-
tant to have representative participants than to have a lot of 
children with similar characteristics repeating the evaluation 
tasks. Finally, at the end of the evaluation, the psychothera-
pists who participated in the evaluation provided important 
feedback, as experts in the field, in relevant aspects observed 
during the evaluation. Both the educators and the children, 
with their help, completed the SUS (System Usability Scale) 
questionnaire to measure the users’ satisfaction [9].

4.1.3  Context of use

We defined two tasks to be performed during the evaluation: 
navigate between the different parts of the application and 
play the first level of each game. Although they are pre-
sented here as two different tasks, the navigation task was 
transversal to the playing task. The navigation task consists 

in guiding the user through the different screens and levels 
of the application. It is important to note that the evaluation 
was not focused on evaluating the children’s knowledge of 
emotions, but their ability to interact with the application, 
that is, whether they were able to interact properly with the 
cards as TUIs and express emotions in front of the mobile 
camera in a natural way. The tasks that the participants had 
to perform were the same as those that a user willing to com-
plete the entire game should carry out. The navigation task 
was considered finished when the "Thank you for playing" 
screen popped up, while the task of playing the first level of 
each game was considered finished when the "Level passed" 
screen popped up.

As mentioned at the beginning of the section, the 
evaluation was carried out on the premises of the Autism 
Development Association of Albacete. The evaluation was 
performed individually, i.e., there was one child with the 
psychotherapists in each evaluation session. The evaluator 
was in charge of writing down the most important aspects of 
the evaluation, promoting the Thinking Aloud technique to 
gather all comments and suggestions from the educators, as 
well as helping children in the case of technical problems. 
We used a stopwatch to calculate the time spent performing 
each task, and a camera to take pictures and videos during 
the evaluation (see Fig. 6). Finally, all the participants com-
pleted the SUS questionnaire at the end of the evaluation.

4.1.4  Experimental design

Before starting the evaluation, the parents of the participants 
were required to sign an authorization to allow their children 
to participate in it. When children arrived at the assessment 
session, they were informed about the evaluation process 
for testing the application. They were also informed that 
this evaluation would only be used for testing the software 

Fig. 6  Child interacting with EmoTEA during the evaluation process
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application, not for assessing their personal capabilities. Ini-
tially, children were informed that the evaluation consisted 
in playing the first level of the three games, and involved 
interacting with the cards (tangible objects) and the device’s 
camera. The interaction mechanisms with both the cards and 
the camera were also explained in detail. Once all the above 
were completed, we began with the individual evaluation of 
each participant together with their psychotherapist.

At the end of the evaluation, all participants were asked to 
complete an adapted SUS questionnaire. Before completing 
it, they were instructed about how to do so. The educators 
also completed the SUS questionnaire to give feedback from 
their point of view as specialists in the field.

The tasks performed in the evaluation were the following:

• Task 1: Browse the application. This task was performed 
throughout the evaluation and consisted in browsing the 
application to test that the navigability and options pro-
vided were easily understood. In this task, the user was 
guided through the different screens of the application, 
and this represented the flow a user would follow while 
using the application, except for the fact that the par-
ticipants of this evaluation only played one level of each 
game;

• Task 2: Performing the first level of the three games. To 
simplify the evaluation, children only had to tackle the 
first difficulty level of each game. This is enough for them 
to interact with the tangible objects and the device’s cam-
era to test the practicality and ease of use of these interac-
tion mechanisms incorporated in the system to play the 
different games.

4.1.5  Usability metrics

The usability metrics applied in the evaluation were the 
following:

• Effectiveness

• Completion rate. Percentage of tasks completed with 
(assisted completion rate) and without (unassisted 
completion rate) the help of the person in charge of 
the evaluation;

• Errors. Actions that do not lead to completing the 
task or times the child needs to tackle the task in 
order to complete it;

• Assistance. The number of times that help is offered 
by the person in charge of the evaluation so that a 
task can be carried out and finished;

• Efficiency

• Task time. Amount of time, in minutes and seconds, 
needed for a user to complete a task;

• Satisfaction. This metric was measured with the System 
Usability Scale Test (SUS test) that all participants com-
pleted at the end of the assessment session. The question-
naire consists of 10 questions that assess various aspects 
related to the usability of the application [9].

4.2  Assessment results

Table 2 shows the outcomes of the first task involving brows-
ing the application, whereas Table 3 shows a statistical sum-
mary of these data. In addition, we can observe that, except 
for one participant, the others were able to complete the 
tasks on their own.

The outcomes of the second task show that the partici-
pants required more help in this case. Table 4 shows the 
outcomes of this task, and Table 5 shows the statistical sum-
mary of these data.

Finally, the average value obtained from the SUS test was 
90.625 out of 100. Apart from the answers to the SUS test, 
it was important to know the opinion and suggestions of the 
educators in order to obtain information that might be valu-
able for the further improvement of the system, and assess 
the acceptance of the system, so we wrote down all the com-
ments they made on different aspects that arose during the 
assessment.

5  Assessment discussion and conclusions

The evaluation process was carried out without major 
problems, and the results obtained provided very valuable 
information. The browsing activities presented no problems 
for the participants, as the educators informed us that the 
children had previous experience with computer devices. 
However, the activities involving playing the different games 
posed a bigger challenge for our participants. For instance, 
the children with a more severe degree of autism had some 
problems when expressing emotions using their facial 
expression (game 2). These problems are conveyed by the 
increasing assisted completion rate, errors, and assistance 

Table 2  Results of task 1 (browsing the app)

Participant Assisted 
completion 
rate (%)

Unassisted 
completion 
rate (%)

Time Errors Assistance

1 0 100 3:45 0 0
2 0 100 4:43 1 0
3 14.29 85.71 5:02 1 1
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during the playing task (Table 5). The use of NFC tags also 
posed a challenge at the beginning of the evaluation: one of 
the children tried to place the cards over the screen, since 
he did not know where the NFC reader was. Surprisingly, 
they very quickly learned the interaction mechanism of 
grasping the cards and bringing them close to the mobile 
device. Despite these initial difficulties, the children became 
totally engaged with the application and enjoyed its interac-
tion mechanisms (TUIs), since they were new and fun for 
them. As a matter of fact, they wanted to continue playing 
after having finished the session. The psychotherapists high-
lighted this fact, as children usually get tired very soon when 
doing any kind of training, but in this case, their attitude 
was totally different. Thus, one of the main findings of the 
assessment was the engagement of the children when using 
the system.

As for the SUS test results, they fit with what the edu-
cators told us about the application with the Think Aloud 
assessment technique. Once the children learned how to use 
the cards (as TUIs), they started to have fun, even when 
some of the participants could not finish the second game. 
We will consider all these data when preparing a future ver-
sion of the application.

In addition, it is important to acknowledge the limitations 
of the evaluation performed. It was carried out in a very 

controlled environment, with each child being assisted by 
their psychotherapist. A more complete, long-term evalua-
tion with a higher number of participants is still necessary 
to really assess the educative value of the system proposed 
and to detect further usability issues.

In conclusion, the psychotherapists who participated in 
the system evaluation gave their approval and considered the 
system a good tool to teach emotion-related concepts to chil-
dren with ASD. One of the main features that contributed 
to the success of the system and that differs from previous 
works is the combination of automatic emotion recognition 
and tangible objects as the main interaction mechanism. 
According to them, the system not only has the necessary 
contents to teach the different aspects of emotion recognition 
to children, but also has an innovative interaction mecha-
nism, based on tangible and graspable cards, which appeals 
to children and keeps them engaged for longer while they are 
also learning. This is one of the most common deficiencies 
in applications of this nature according to the existent litera-
ture, since researchers and developers usually overlook the 
interaction mechanisms integrated in their systems in favor 
of creating more different types of exercises, more complex 
control panels, etc.

Some improvements are proposed as future work based 
on the collaboration established with experts in this field. 
Firstly, the order in which the pictures currently appear is 
always the same. It seems that a random order would be 
a much better idea to prevent children from learning the 
order in which the pictures appear, and thus learning the 
emotion by heart, not by a correct identification. On the 
basis of a similar concept, we also plan to increase the 
number of real pictures, as looking at a wider range of dif-
ferent people will help them identify the different expres-
sions of an emotion, since not all people express emo-
tions in the same way. Secondly, we also plan to include 

Table 3  Statistical data for 
Task 1

Statistical Values Assisted comple-
tion rate (%)

Unassisted comple-
tion rate (%)

Time Errors Assistance

Mean 4.76 95.24 4:30 0.67 0.33
Min 0 85.71 3:45 0 0
Max 14.29 100 5:02 1 1
Standard deviation 8.25 8.25 0:40 0.58 0.58

Table 4  Results of Task 2 (playing games)

Participant Assisted 
completion 
rate (%)

Unassisted 
completion 
rate (%)

Time Errors Assistance

1 85.71 14.29 3:00 0 1
2 71.43 28.57 4:09 1 2
3 71.43 28.57 4:32 0 2

Table 5  Statistical data for 
Task 2

Statistical values Assisted comple-
tion rate (%)

Unassisted comple-
tion rate (%)

Time Errors Assistance

Media 76.19 23.81 4:20 0.33 1.67
Min 71.43 14.29 3:00 0 1
Max 85.71 28.57 4:32 1 2
Standard deviation 8.25 8.25 0:48 0.58 0.58
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collaborative activities. Collaboration in reaching different 
levels would encourage them to practice other important 
abilities. Lastly, secondary emotions could be added so 
that they could learn to identify more sophisticated and 
complex types of emotions.

6  Conclusions

Autism spectrum disorder is a neurodevelopmental disorder 
which impairs the social skills of a person, especially those 
relating to emotional awareness and emotion recognition. 
However, these emotion-related skills can be learnt, espe-
cially if this learning process starts in early childhood.

In this paper, we present a novel system based on tangible 
user interfaces implemented with NFC technology and face-
based emotion recognition software to help children suffer-
ing from ASD recognize and express emotions, supporting 
our proposal on the existent literature related to specialized 
therapies for children with this disorder. Our application 
is mainly based on novel interactive mechanisms, namely 
automatic emotion recognition through the device’s built-in 
camera, and tangible user interfaces (TUIs). NFC (near field 
communication) technology has also been used to implement 
natural interfaces for children to handle the objects needed 
for playing the different games. TUIs provide a familiar 
and simple way for children to interact with the game in a 
fun and intuitive way. According to the specialists, we have 
developed a serious game that avoids disruptive elements 
so that the attention of children can be focused on learn-
ing how to identify emotions in different situations as well 
as how to express such emotions themselves. The software 
application has been assessed with children with ASD and 
their psychotherapists in a real setting, obtaining very good 
results and the specialists’ acceptance of the system as a use-
ful tool to be used for teaching emotion-related concepts. In 
addition, we have gathered important feedback that will help 
us improve the application. Once these improvements have 
been implemented, we plan to carry out a long-term evalua-
tion of our tool to assess its impact on learning.
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Abstract
Multimodal emotion detection has been one of the main lines of research in the field of
Affective Computing (AC) in recent years. Multimodal detectors aggregate information
coming from different channels or modalities to determine what emotion users are
expressing with a higher degree of accuracy. However, despite the benefits offered by
this kind of detectors, their presence in real implementations is still scarce for various
reasons. In this paper, we propose a technology-agnostic framework, HERA, to facilitate
the creation of multimodal emotion detectors, offering a tool characterized by its modu-
larity and the interface-based programming approach adopted in its development. HERA
(Heterogeneous Emotional Results Aggregator) offers an architecture to integrate differ-
ent emotion detection services and aggregate their heterogeneous results to produce a
final result using a common format. This proposal constitutes a step forward in the
development of multimodal detectors, providing an architecture to manage different
detectors and fuse the results produced by them in a sensible way. We assessed the
validity of the proposal by testing the system with several developers with no previous
knowledge about affective technology and emotion detection. The assessment was
performed applying the Computer System Usability Questionnaire and the Twelve
Cognitive Dimensions Questionnaire, used by The Visual Studio Usability group at
Microsoft, obtaining positive results and important feedback for future versions of the
system.
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1 Introduction

With the first appearance of Affective Computing (AC) 25 years ago [55], and hence of
automatic emotion recognition, the following set of questions arose: What channel broadcasts
emotional information with the highest clarity? How are these different channels related? Are
there any other mechanisms to infer someone’s emotional state? Hundreds of experiments
were carried out, most of them focused on finding emotion traits in facial expressions and in
voices. Furthermore, some research was conducted into whether it was possible to discover
how a person was feeling according to physiological data obtained from them. A later trend
even studied (and still does) how to detect emotions or affective states based on behavior. For
instance, Oehl et al. [51] analyzed the pressure applied on the steering wheel by drivers to
detect stress and thus possible dangerous situations; Yamachi [69] studied how the movement
xof the mouse could express anxiety in the subject; and Jaques et al. [31, 44] investigated how
eye movement could be used to detect emotions which are important for a learning process,
such as boredom or curiosity. Nevertheless, from the beginning there was another trend which
looked at how emotion recognition could be greatly improved by fusing the results from
several emotion recognizers. This type of detector is called a multimodal emotion detector,
since it uses several kinds of emotional information to determine what emotion a person is
expressing [53].

According to several emotion theories (emotions as expressions, emotions as embodi-
ments), emotional episodes activate multiple physiological and behavioural response systems
[2]. In other words, emotional expressions are revealed through several channels at the same
time (face, voice, body posture, etc.), so it makes perfect sense to read these signals from those
different channels simultaneously to perform a better emotion recognition. In fact, analysing
input from a single modality can lead us to wrong results. For instance, facial expression and
voice can be controlled by the person we are reading data from. Physiological signals cannot
be consciously modified, but the information we get from them is very primal: is the person
scared? Is the person excited? When a person writes something, they may not be feeling as
their writing is reflecting. All these modalities provide us with information about how someone
is feeling but attending to just one of them is misleading. Someone may be smiling, but their
physiological signals might be low; someone might have a straight face while saying they are
comfortable, but their voice can reveal they are very nervous; someone can be completely
serious, and being on the edge of a panic attack; someone might be writing about being super
excited about something, while being completely emotionless. All these examples have a
common point: if we only pay attention to one modality of emotion expression, we might be
losing information. That is the reason why multimodal detectors can be so powerful [12].

However, the mere use of a single detector of emotions in just one channel presents several
challenges in itself, so multimodal (MM) systems have largely been ignored in practice.
Although we can find different proposals for multimodal processing methods, multimodal
frameworks, etc., there is still a gap regarding the practical use of these proposals. Besides, the
variety of services in existence [19] for the detection of emotions from one channel or another
makes it difficult for people to easily apply them, not to mention to integrate them all together.

Not only is choosing and acquiring or implementing these emotion recognition services a
complicated task, but also making them work together presents intrinsic challenges. Having
several emotion detection services working at the same time means that we have to spend
additional time making them work together, as we have to wait until we have received data
from all of them, analyse their behaviour and the data they produce, fuse these data correctly so
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the aggregation of the information produces more information, instead of hiding or degrading
that which we already have, etc. This new challenge that arises when we try to use different
emotion recognition services together is one of the reasons why the presence of multimodal
detectors is so scarce in real-world applications (or scarcer than what might be expected given
their recognized superiority over unimodal emotion detection systems) [49].

Another difficulty that researchers have to face when they wish to develop a multimodal
system is the lack of references: the proposals available in the literature or in repositories such
as Github are either very abstract (proposals of UML diagrams of an ideal multimodal system)
or very specific (rigid systems prepared for a certain problem or necessity). This fact defines a
gap in the available resources for developers and researchers who may have operational
emotion detectors but who do not have the resources to develop a system which aggregates
them altogether from scratch.

In the present work, we proposed a framework called HERA (Heterogeneous Emotional
Results Aggregator) in order to try to fill the gaps in the existent literature regarding the lack
of actual implementations of frameworks. In Fig. 1 we can see a simplified diagram showing
the current situation regarding the integration of heterogeneous emotion detection technolo-
gies. This figure highlights the incompatibility problems derived from this integration and how
the HERA framework would fit in this ecosystem to solve these issues.

HERA offers an architecture to manage different emotion detectors producing results in
different formats and to aggregate these heterogeneous results into a single, richer result. As a
proof-of-concept, we have modelled and implemented our proposed framework using
JavaScript and the ExpressJS framework, in the form of a web server, so it is easier to integrate
multimodal emotion detection in an existing project regardless of the technology that the
researchers are already using. Concerning the data fusion, HERA also contains a proposal for a
three-level data fusion model in which data is aggregated in three different phases. Firstly, each

Fig. 1 Conceptual idea of the framework HERA
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individual detector fuses all the data already gathered from previous requests. Secondly,
detectors of the same type fuse their data together, using a data fusion strategy appropriated
to these types of data. Once each group of detectors has aggregated its data and produced a
single result, these data are aggregated again using a second strategy, one that fits this new
context (fusing data coming from different types of affective channels and which can present
contradictory values, for instance). Thus, we fuse the data in a sensible way, correcting
possible discrepancies by fusing data from detectors of the same type and then being able to
find new information when we fuse aggregated data considering its origin and circumstances.
This aggregation process also involves a translation process, through which the heterogeneous
results are translated into a common notation. For this purpose, we have used the PAD model
[49] to represent the results obtained by each detector, so we store every result in the same
format, regardless of the original format it had.

As it was mentioned above, this first implementation of our framework has been developed
using modules and an interface-based programming approach, so it is easy to extend and adapt
to particular cases. Thanks to this development approach, extending HERA is a matter of
implementing new modules, without having to modify its core module at all. Also, thanks to
its server nature, HERA can be deployed on any device capable of running Node (or Docker),
so it can be integrated in an existent project with a minimal impact on the project’s codebase.

Since the framework we propose is not only conceptual, but has been actually implemented
in JavaScript as a tool for other developers, from now on we will refer to HERA indistinctly,
with any of these terms: “framework”, “tool”, server or “system”, depending on the aspect
being highlighted.

It is important to point out that the key contribution of our work relies in the JavaScript
implementation of the framework proposed (along with the modular structure and the data
fusion framework proposed within HERA) and in the fact of offering a tangible tool to
developers working in AC. While the problem of multimodality and emotion detection models
has been tackled many times from many perspectives in literature before, we failed to find a
proposal which actually offered an implementation for developers to easily integrate into their
projects. Despite finding several frameworks which could fill the aforementioned gap in
literature, they still present some deficiencies that we have tried to fix with our proposal.
Since this is the goal of this proposal, the development of new data fusion algorithms or new
forms of automatic classification is out of the scope of this paper.

In this paper, which is divided into six sections, we present a novel tool for integrating
several emotion recognition services in the same place using a modular, scalable, fully
customizable, and three-level multimodal system. In Section 2 we look at key aspects of
multimodal systems, such as the kind of fusion they can use or the different systems that can be
used to represent emotions. In Section 3, we present the implemented system and its different
parts. In Section 4, we review the evaluation process of our multimodal system, together with
the data we harvested during this process. Finally, we present several conclusions and future
work in Section 5.

2 Background concepts and related works

The concept of multimodality already existed in HCI before Affective Computing came into
being. Even when the technology to create these multimodal interactive systems was not yet
available, HCI researchers were already testing how users preferred to interact with a system,
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simulating multimodality using Wizard-of-Oz systems, i.e., systems which seem to work on
their own but, in reality, have ‘a researcher (the “wizard”) who simulates the system responses
from behind the scenes’ [45]. Early studies such as [28] discovered, back in 1991, that users
preferred to interact through several channels at the same time. In [28], a study using a Wizard-
of-Oz prototype was carried out in order to discover how the users preferred to perform a
manipulation task in a three-dimensional space. Almost 60% of the participants preferred to
interact with the system using both gestures and speech. This same phenomenon was described
some years later in [50], where 95% of the users involved stated a preference for multimodal
interaction.

When Affective Computing was defined for the first time in 1995 [54], the existent signal
and data fusing knowledge became the perfect breeding ground for multimodal affective
systems, i.e., systems that fuse data coming from different emotional channels (facial expres-
sion, voice tone, body gestures, electrodermal activity, etc.) to obtain a more accurate
measurement, to correct anomalous samples from defective sensors, to detect affective states
or behaviours that cannot be detected by attending to just one emotional channel, etc. In 1998,
Chen et al. [8] implemented De Silva’s proposed algorithm [61] to classify emotions expressed
in 36 clips of synchronized audio/video, hence building the first actual multimodal human
emotion recognition system. This marked the beginning of a new line of work in Affective
Computing: Multimodal Emotion Recognition (MMER).

This line of research has enormously advanced over the last years, taking advantage of the
power that machine learning and big data offers to AC, what has led to the appearance of very
different proposals to produce multimodal detectors using machine learning [11, 47, 63,
70–72]. While these works provide interesting approaches, the key contribution of this paper
is to offer a software tool addressed to developers so that they can easily integrate these trained
detectors into a bigger system, and this is the reason why the framework HERA does not
include any type of machine learning algorithms in its implementation. Nevertheless, HERA’s
architecture has been designed to allow developers to ingrate their own automatic classifiers
and models as local emotion detection services which behave just as the remote ones. In
addition, although HERA does not use any form of machine learning to integrate data from
different sources at this time, this could be included in future versions.

In the next subsection, we review how the data fusion is carried out, the different levels at
which it can be performed and how these data can be represented. Lastly, we review the
situation of multimodal affective technology today.

2.1 Types of data fusion

One of the inherent challenges in Multimodal Systems is data fusion. While being one of the
key assets of MMER systems, data fusion is also one of the most difficult aspects to
implement. In order to obtain added value from aggregating data from different sources, it is
mandatory to combine them properly. In other words, you cannot just, for instance, calculate
the average of all the data your emotion recognizers produce, but you must fuse these data
following a fusion strategy. In the field of data fusion, there are several fusion strategies, each
one taking place at a different point of the data processing flow [4, 43, 55]:

& Raw-level fusion. A system performs a raw-level data fusion when it works with the data
at their purest level, i.e., as they are produced by the different sensors. Arrays of positions
of each Facial Unit, numbers expressing the skin conductivity or temperature, the heart
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rate, an audio file: these data are raw data. One drawback of this kind of fusion is that
sensors must be measuring the same magnitude in order to be able to fuse their outputs.
You cannot fuse a number expressing someone’s heart rate with a number expressing the
frequency of someone’s voice at a given time, but you can fuse the two measurements of
two different heart rate sensors to reduce the Mean Squared Error (MSE).

& Feature-level fusion. When a system extracts the features expressed by the raw data and
combines them, it performs a feature-level fusion. A feature can be some signal’s mean
during a certain window of time, the name of a posture or a facial expression represented
by an array of mark positions, etc.

& Decision-level fusion. A system performs a decision-level fusion when it combines the
final results produced by each classifier, that is, each emotion detector, these usually being
expressed using the six basic emotions (joy, sadness, fear, anger, disgust and surprise) [15]
together with percentages (joy 38%, sadness 10%, etc.) indicating how much each emotion
is present in the data analysed, although there can be far more affective states identified.
On this final level, we retrieve these affective states, together with their corresponding
score, and compare them all together to obtain a high-level, richer, and more accurate
result. Decision-level fusion is the most commonly used approach for multimodal HCI [2].
The main benefit of this approach over the other ones is that, at this point, all the results are
(almost) on the same page, regardless of the format they had when they were first
produced.

& Hybrid fusion. This approach is actually a combination of feature-level fusion and
decision-level fusion. This type of approach arises when we fuse the features of two
detectors, classify the results using an automatic classifier and then fuse the result of that
classifier with the results produced by another emotion detector (another classifier).

& Model-level fusion. This approach is not exactly a data fusion approach since the data are
not actually fused but fed into another classifier which has been trained to classify
multimodal information.

Since HERA does not implement the emotion detectors, but just requests the results from
them, we will always work on the decision-level, using the PAD format that we define below.

2.2 Emotion representation

Another defining feature of emotion recognizers is the way they represent the detected
emotions. The definition of emotion itself was already a hot topic of discussion in antiquity,
and this discussion is still fully alive today, a fact which has led to the coexistence of 92
emotion theories [34]. Despite this debate about what emotions are, how they are produced or
how they are felt by a person, when it comes to representing them using values, there are
several approaches which are currently being used [35, 40, 60, 66]:

& Categorical models. Also called discrete emotion representation models, these represen-
tation models use categories in the form of labels to represent emotions. With this type of
models, a detected emotion is expressed in terms of the categories we are using. One of the
most extended categorical models is the one proposed by Paul Ekman [15], which uses the
famous six basic emotions to express an emotion. It is also very common to see the
“neutral” category added to this model to represent the absence of emotion. Although these
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models are easy to understand, it may be difficult to choose the correct categories to
accurately represent an emotion.

& Dimensional models. In order to alleviate the inflexibility of categorical models, dimen-
sional models were proposed. Instead of having fixed categories of emotions, these models
use dimensions which express aspects of an emotion, so what was expressed using a fixed
set of categories and a set of percentages is now expressed as a point in a dimensional
space (usually 2D or 3D). One of the most widely used dimensional approaches is the
PAD (Pleasure, Arousal, Dominance) model, which was proposed in [46]. In this model
emotions are expressed in three dimensions, each one in a range of values that usually goes
from −100 to 100 or − 1 to 1. These dimensions convey how pleasant (100) or unpleasant
(−100) a person’s feelings about something are, how aroused (100) or relaxed (−100) a
person feels and how dominant (100) or submissive (−100) a person feels while experienc-
ing an emotion. In Fig. 2 we can see a graphic example of this model, in which fixed
categories representing emotions are now sectors in a 3D space. This type of models
allows us to work with machine learning algorithms in an easier way and also provides us
with a form of representation that can become a layer of abstraction for different categor-
ical models, as we will describe later in this paper.

& Componential models. This type of models could be considered categorical models as
well, since they are built on fixed emotion categories, but they define another dimension of
information, defining hierarchies of emotions (Plutchik model, OCC model) [35] or even
adaptations for specific fields of research (Hourglass of emotions [5]):

After reviewing the different models, the classic PAD model was chosen as the standard
model to represent emotions in our proposed framework. The reason behind this decision is
twofold. Firstly, categorical and component models assume the orthogonality of emotions
which, in contrast, are overlapping. In comparison, the dimensional model better accommo-
dates the inherent overlapping nature of different emotions. Also, when it comes to

Fig. 2 PAD space [74]
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operationalise these models, the dimensional model is easier to implement as well. Secondly,
dimensional models help us overcome the heterogeneity of formats commonly used in the
industry to represent results. Even when most of the emotion detection services which exist
nowadays use a categorical system to represent emotions, they are all different. Hence,
developers find themselves facing a problem of heterogeneity of results: they have different
services producing results based on the same data, but each service expresses its results in a
different way, with a different set of tags, using different ranges of values, what makes it
impossible to merge those results directly. To provide a solution to this problem, we have
included an aggregation mechanism in the proposal of our framework based on translating
every result to a standard format. For this purpose, we have chosen PAD, which allows
developers to express an emotion as a point in a 3D space. By homogenising all the results
produced by each detector, we can aggregate them all together, producing a richer and more
solid final result. In following sections, we will see how it was deployed in HERA.

2.3 Research challenges of multimodal emotion recognition systems

Multimodal systems have been the focus of much work in the last few years. New mechanisms
for reading emotions have been developed, classification tools have become more powerful
and more accessible, and many public databases with multimodal affective data to work with
have been created [49, 55]. Over these years, the initial challenges have been met, but new,
more complex challenges have arisen. Some of these challenges are explained below [4, 14]:

& Limitation of the available data to train emotion detectors. Since emotion detectors are just
automatic classifiers, they rely on the datasets they are fed to be able to perform
appropriately. For a long time, the shortage of multimodal affective databases limited
the amount of works that could be done in this field, even though some multimodal
databases have appeared in the last years (e.g., DEAP [36], RECOLA [57], BP4D+ [73]).
There is also a problem with the use of prepared datasets, and it is that models trained with
these data do not perform well in spontaneous environments [14, 59, 52], although there
are proposals to fix this issue [33, 37, 73].

& No context information being considered.MM systems work better when they consider an
affective state in the context of previous ones, since this makes it possible to better
consider new emotional responses. However, even when there are proposals to consider
this information, contextual information is sometimes overlooked [49].

& Irregular ecosystem. Unless you have access to a set of trained models to detect emotions
in different channels, you are forced to resort to existent, publicly available emotion
detectors (assuming you do not have the time to learn how to develop your own model,
to gather the media necessary to train it, and to improve it to reach an acceptable degree of
accuracy). The ecosystem of the different detectors available over the Internet is quite
extensive. For instance, you can find free open-source detectors which are offered via
TensorFlow models, services offered on payment of a fee which let one analyse media
resources through HTTP requests, etc. The problem here is that each service works in a
specific way and has its own advantages, which makes the learning and integration process
very slow at the beginning.

Even though these are some of the challenges researchers and developers working in the field
of AC have to address, the irregularity of the ecosystem is the most difficult to overcome,
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especially when developers try to make different services work together. In order to solve this
problem, we have developed HERA, a framework to integrate different emotion detection
services together that only demands the developer to complete a small template of code in
order to integrate a new service into a bigger ecosystem. In Section 3, we will describe how
HERA is organised and how it is used.

As it was stated above, the main contribution of this proposal does not rely on the training
of an automatic classifier or any other model, but in the development of a framework to
integrate very heterogeneous technologies together. This approach does not use machine
learning algorithms, as the goal is to merge results based on empirical knowledge.

2.4 Multimodal emotion recognition systems

As we mentioned above, the concept of multimodality has been around for quite a long time now
and not just in theory.Multimodal systems have been deployed and tested in fields such as education
[1, 13, 20, 27, 29, 32, 68], healthcare [6, 7], marketing [5, 30, 38, 42, 58] or gaming [22, 59].

However, most of the systems developed in these cases were completely ad-hoc, that is,
they were developed thinking specifically about the use case they were going to be applied in,
there being very little effort on the part of the academic community to develop more abstract
systems or frameworks for developing multimodal emotion recognition systems.

Prior to the development of the HERA system, we reviewed the existing literature to study
possible frameworks or systems that were created for this purpose. The related works we found
are briefly described next. Gonzalez-Sanchez et al. proposed an agent-based software archi-
tecture of a generic multimodal framework using design patterns [23], a proposal that they
implemented and tested in several real scenarios with different types of inputs [24].

Zheng et al. proposed a multimodal framework specifically to recognise emotion from EEG
and eye movement [75].

Maël Fabien’s team, in partnership with the French Employment Agency, developed a
multimodal emotion recognition system in the form of a web app (using Flask) which analyses
facial, vocal and textual emotions. This system is meant to be used to analyse the face, voice
and written text of a person being interviewed for a job offer [17].

Myeongjang Pyeon started the development of a web-based interactive multimodal emotion
recognition framework but left it unfinished and undocumented [56].

Alepis and Virbou [1] developed a proposal which is the closest to our proposal we have
been able to find, although it is designed specifically for mobile phones and handheld devices.

The W3C Multimodal Interaction Working Group has proposed a framework to develop
multimodal systems, that is, systems that allow the users to interact through different interac-
tion channels [65]. Even though multimodality, when it comes to interaction, does not
completely correspond to multimodality when it comes to emotion detection, the Multimodal
Interaction Framework (MMI) presents a similar architecture to the one proposed in this work.
Among the similarities with our approach, this framework (MMI) is also based on different
components in charge of receiving input data to produce a result, in this case, multimodal
interactions to produce a concrete action on the system. Nevertheless, in the MMI framework,
the second level component performs semantic interpretations of the multimodal actions,
whereas in our proposal the second level component performs the translation to a common
format (PAD) of the different emotion recognition sources (facial, voice, etc.). Regarding
emotions, W3C has also proposed a notation to represent them using XML, based on the
different emotion models that we presented above [64].
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Even though a lot of different implementations of multimodal systems can be found on
Github, most of them cover specific use cases instead of giving the structure or tools necessary
to create one of those systems. The HERA system aims to fill that gap. In the next section, a
description of the system can be found, together with an explanation of the decisions that were
made in order to develop it.

3 System description

HERA is a three-level multimodal emotion detection framework designed to manage different
emotion detectors in one place, detect emotions in multimedia resources using these recog-
nizers and aggregate results from each emotion detection service. Essentially, HERA (from
now on also referred to as the server, the framework, the tool, or simply the system) works like
a proxy for other services, these being a third-party emotion recognizer, a device streaming
affective or physiological data, etc. Instead of communicating with the services directly,
having to spend additional time synchronizing them, performing the authentication process
that they may need, discriminating between them depending on the type of resource one
wishes to analyse and so on, one can simply tell the system which services one wishes to use
and provides it with the settings that those detectors need. When this setting is finished, HERA
will simply wait for the analysis requests to arrive, processing them according to the type of
media that the request contains and the kind of affective information that the system should
seek in this media. HERA will automatically redirect the analysis request to the proxies that
can handle these requests, later storing the results that each service produces.

It should be noted that this proposal is not a closed ecosystem with a limited number of
services. Our project has been developed following an Interface-Based Architecture in order to
increase the modularity and maintainability of the system. This means that every detector
implements the same interface (see Detector subsection), so adding more detectors (proxies) to
the system is a matter of implementing this interface for each of them.

In the next subsections, the HERA ecosystem is described in detail.

3.1 Development approach

This first version of HERA was developed in the form of an API REST using Node.js and the
framework Express.js [16]. The development of this framework as an API was based on these
principles:

& Interoperability. Developing the framework as a module of a specific technology or
programming language would have restricted its access to possible users, since researchers
or developers working in AC may already be working with a certain technology or
framework. If this technology is not compatible with the technology used to develop our
tool, or the developers do not know how to use it, they would not be able to use our
system, making our tool available only to developers who are familiar with this technology
or those that could integrate it with the technology they are already using. In order to
facilitate access to HERA and expand our target user group, we developed this proposal as
a web server (which can also be containerized using Docker), taking advantage of the
universality of HTTP communications, which can be implemented with most of the
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technologies available nowadays, so HERA can be used in any project regardless of the
underlying technology.

& Independency. When developers are working on an application that involves emotion
detection, they have to use valuable time and resources in coding all the aspects related to
emotion detection and processing, polluting the codebase with code that does not actually
do anything in the app, but which manages aspects that it does not manifest in the final
application view. With this approach, i.e., keeping all the emotion processing logic aside,
on a separate server, developers just need to take care of capturing the media that they wish
to analyse, communicating with HERA and handling the results that the system produces.

& Easy to extend. In order to make this framework an appealing multimodal system for
developers to use, we need to design it so that it is able to work with many different
services. However, we cannot code all the needed functionality to work with every
possible device or service in existence. Even if HERA includes some well-known detec-
tors (that is, their corresponding interface implementation), such Face++, which has
already been implemented, developers may need to change how the system works with
them, or they may need to communicate with a brand new emotion detection service, so
this framework needs to be easy to extend, using the mechanisms provided by JavaScript
in this case so it is simple to add support for new devices.

Based on these three precepts, the HERA system was developed as a web server with Node.js,
using the Express framework to build the REST API infrastructure. Thus, our framework is
designed to be deployed on a Node server and used as part of a bigger system, as the diagrams
in the next figures (Fig. 3 and Fig. 4) show.

In the next subsection, the different artifacts and components of HERA are described in
detail.

3.2 Architecture

In Fig. 3, we can see a standard UML deployment diagram which shows our framework in a
simulated real context. As explained above, HERA is actually a Web server built with Node.js
and ExpressJS, so it can run on a server or in a Docker container, for instance. Once the server
is deployed, developers using this framework would communicate with it using HTTP
requests, which work with the TCP/IP protocol. In the right-hand part of the diagram, we
can see several services as examples of information sources for which HERA could act as a
proxy. The first one represents a Generic Emotion Recognition Service, usually offered as an
API which requires an access token that the API owners must issue for you previously. It is

Fig. 3 Architecture - Deployment diagram
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very common to pay for this kind of services to integrate emotion detection in an application,
since the companies who makes them offer well-trained emotion recognizers as a service.
These services usually work over HTTPS, receiving an item of multimedia which holds
affective information (a picture or a video, a sound file, an excerpt from a text, etc.) and
returning a set of results in a specific format, usually a categorical approach (the emotion
detected is expressed in terms of Ekman’s six basic emotions [15]). However, this service
could also be a local server providing an emotion detection service implemented by the
developers themselves using the scikit-learn package, for instance. The other three nodes
represent physical devices that could be attached to the device running our server or to the User
application directly. These physical devices could communicate their results via HTTP
(through an intermediary system) or directly to HERA, using more direct protocols such as
USB or Bluetooth. In the case of devices measuring physiological variables, the results would
be rawer, requiring some processing on the server before they can be translated into a more
understandable format, but we will look at this topic in the next subsection.

Returning to Fig. 3, we can see that the system is made up of five main artifacts:

& api.js. This file holds all the API-related logic. Even though there are a couple more files
related to the Express framework and the API logic, the declaration of the different
endpoints that the developers reach from their external applications can be found in api.js.

& users.js. In order to be able to keep track of requests coming from different applications (or
from the same application but for different purposes), HERA implements sessions using
the users.js artifact. This artifact contains logic to create new users, which are actually

Fig. 4 Architecture - Component diagram
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sessions, using cookies, to add information (detectors) to these sessions, to refresh sessions
and to delete them when a certain timeout is reached.

& core.js. This artifact contains the core functionality of the API, that is, the management of
the different detectors, all of them organized in different groups depending on the affective
channel in which they can detect affective information and the orchestration of the
subsequent data fusion (after performing the analysis of media resources).

& detector.js. This artifact contains the key building block of the API: an abstraction for a
device or a system providing affective information. For each emotion information provid-
er, whether it be a physical device, a paid API offered by a third party or an automatic
classifier trained to identify emotions running locally, HERA creates a Detector object,
which will act as a proxy for this service, handling the requests that usually would be sent
directly to it. Following the principle of keeping the system modular, each detector
implements part of its functionality as an external module that is imported when the
Detector object is created. We will review this in Subsection 3 of this section.

& merge.js. This artifact contains the different strategies that can be used to fuse the affective
data. These strategies receive a list of PAD triplets, which come from the results produced
by the different detectors and return a single PAD triplet. In addition, since the strategies
also follow a modular approach, they can be defined by following another format or
adding more elements (or properties) to the final result, creating new information based on
that which we already have, and this is one of the main assets of HERA.

In Fig. 4 we can see a component diagram showing how the different artifacts work together to
fulfil the users’ requests:

& The api.js artifact from Fig. 4, here represented by the API component, exposes the API
endpoints that users reach using HTTP requests. This API has been developed using
Express.js, and the different endpoints can be reached using GET and POST requests. In
the following subsections, we will specify how many endpoints HERA offers and what
information they need to operate.

& As stated above, the system uses sessions to tell incoming requests apart and to store
detector handlers, so the API component needs the functionality exposed by the User
Management component, which corresponds with the users.js artifact.

& Likewise, the User Management component uses the logic offered by the Detector
Handler component (implemented in the core.js artifact) to attend to the users’ requests.
This component contains logic to add new detectors to the current session, to organize
them into groups depending on the input they can handle, to forward requests to the
corresponding group and to fuse the data available in every detector.

& In order to use a detector in this framework, developers must have previously implemented
a set of methods so this detector can be handled by the system (although HERA already
includes several Detectors that are implemented in its repository). These methods consti-
tute the Detector interface. In the following section we will see this interface in detail.

& Finally, both detectors and the Detector Handler of a session need access to the data fusion
strategies, which are managed by the Data Merging Strategies component. Each detector
use strategies to merge their own results into a single value (a PAD triplet), while the
Detector Handler uses strategies at two different levels: first, it fuses the results coming
from each category of detector, and afterwards it fuses together the results produced in this
previous first fusion. We will see how this process works in the following subsection.
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In the next subsections we will review how the data fusion is performed, how the detectors are
integrated in the system and what would be the regular workflow of the framework.

3.3 The detector interface

As we mentioned at the beginning of Section 3, in order to be an effective tool, HERAmust be
able to work with all types of affective information providers, whether it be an API receiving
requests over HTTPS and returning JSON objects with a certain content, a physical device
streaming an array of data via a USB port, or a device communicating with the system through
Bluetooth packages. Not only must the system deal with data in very different forms, but also
with the idiosyncrasies imposed by each detector (authentication processes, gathering of data,
etc.). In order to deal with this range of possibilities, HERA uses the Detector class as an
abstraction layer, treating every different detector as a Detector object. Every detector has an id
(which is usually its name), the kind of content in which it can find affective information (face,
voice, body, etc.), a list of the media formats it supports (images, video, audio tracks, etc.), a
delay property which indicates the average response time of the detector, the address where
the detector delivers its service (if any), and two lists storing the results produced, one with the
original results and one with the corresponding PAD translations. In an object-oriented (OO)
programming language, Detector would be an abstract class and every specific detector would
be a new class which would extend it, adding the functionality that this new detector could
need. However, since basic JavaScript does not support abstract classes directly, HERA
implements it using modules: every detector is implemented as a module which must export
three key functions, which are associated with a Detector object in runtime. These three
functions are:

& initialize. This method takes care of any initialization tasks that your detector needs. For
instance, if this detector is a proxy for a third-party service offered via Internet, developers
may need to obtain an auth token first. If this detector is a proxy for a bluetooth wristband,
developers may need to put their discovery and connection code in this method. If
developers do not need any initialization, they should just return a resolved promise
(Promise.resolve).

& extractEmotions. This is the main method of every detector, the one in charge of
performing the actual emotion detection, whether this be forwarding a media resource to
an API over the internet, reading RAW data from a sensor, etc. This method receives three
parameters, namely context, media and callback. Context is the environment from which
the method is called, usually a Detector object. This is done so that these methods can be
specified in a separate file, but results can be stored correctly in the corresponding Detector
object. Media is a path to the file which holds the affective information, if there is any. If
there is no file (maybe the detector reads some RAW data from a certain port or socket in
this method), this parameter will stay unused for the sake of the aforementioned interface-
based programming paradigm. The final parameter, namely callback, is an optional
callback to handle the retrieved data, in case further manipulations are needed.

& translateToPAD. This method is one of the keys of this proposal, since it is the part of
HERA that allows us to integrate heterogeneous emotion detectors. In order to actually be
able to treat all the detectors in the same way, we need to translate all the results they
produce to the same language. The chosen language for this task is the PAD format, which
we introduced in Section 2. This method must implement the transformation of the
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incoming results, so the affective results (whatever their format is) received by a detector
are translated into a triplet of three numbers, each one being a value between −1 and 1,
which stands for how negative or positive the expressed emotion is, how relaxed or excited
the person is, and how passive or dominant that person feels while experiencing that
emotion, respectively. In Fig. 5, we can see an example of the type of transformation this
method does.

Regarding the organization of these different modules, it is highly recommended to keep
them organised in folders according to categories (a face folder for modules of detectors
which support facial-expression-based emotion detectors, a voice folder for voice-based
emotion detectors, etc.), although this is not actually necessary since the path to a given
detector’s functions is fully specified in the request for setting up the different detectors.

In the next subsections we will see how this uniformized data is integrated and how these
methods are associated with their corresponding detector.

3.4 Data fusion

In Section 2 we introduced one of the key aspects of a multimodal system, namely the fusion
of different types of data coming from different sources of affective information. Since
multimodal systems gather information with different formats coming from different sources,
they need to perform a transformation and/or an integration task of this data in order to produce
a coherent final result. Therefore, the first thing to do when a new result is produced is to
translate it into its corresponding PAD value. Every detector keeps a list of all the results they
have produced, so the data fusing challenge is to turn a set of lists of PAD results into a single
result while considering the context of all the detectors, as some of these results may have been
produced by different detectors of the same type analysing the same media file (e.g., two face-
based emotion detectors analysing the same picture), by different detectors analysing media
resources with different formats (e.g., one result produced by a face-based emotion detector
and one result produced by a voice-based emotion detector), by detectors with a very different
rate of result production (e.g., one detector has produced 3 results and another detector has
produced 1.000 results), etc.

We have designed a fusion framework which fuses data three times, one per level:

& The first level is made up of the specific detectors that have been integrated into HERA,
that is, emotion detection services which had had their Detector interface implemented. In
other words, we say that an emotion detection service has been integrated into HERA

Fig. 5 Example of translateToPAD
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when we have created a file which contains the three methods mentioned in the previous
section to communicate with said detection service and to translate its responses. The
fusion in this level is done by telling every detector to aggregate its results from the current
session into one result. At this point, each detector has turned its list of results into a single
PAD triplet.

& The second level is made up of the categories of detectors detecting emotions in the same
modality. HERA organises detectors by placing those which can detect emotions in the
same modality under the same group, this way, when a request of emotion detection over
this category arrives, HERA forwards this request to each detector capable of fulfilling it.
The fusion at this level is done by aggregating the results produced by the fusion in the
previous level together, always grouping these results by category. At this point, HERA
has a PAD triplet per category. Since the detectors of each category have all produced a
result for each request received, aggregating all the results of the same category into one
helps to decrease small discrepancies.

& In the third level of this data fusion framework, HERA aggregates the output of the
previous level into a final single PAD triplet. The aggregation strategy at this level might
be more complex than the one used in the previous levels, since now we might have to
consider different weights for the different categories, metadata attached to the PAD triplet
produced by each category, etc.

Figure 6 shows a sequence diagram that models the data fusion process throughout the whole
system:

& The user sends a merging data request to HERA through the results endpoint (Fig. 7). As it
is stated in the documentation, this request demands three parameters: a list of channels

Fig. 6 Fusion strategy diagram
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that are going to be merged, the name of the strategy that the API has to use to aggregate
the local data and the name of the strategy that the API has to use to aggregate the data of
detectors from different categories. In Fig. 7, we can see a request to this endpoint using
JavaScript and the request package. In this snippet, we are asking HERA to fuse all the
data from the “face” and “voice” channels. In our tool, a channel is a group of detectors
which can extract emotions from a certain modality. For instance, the channel “face” a list
of detectors which can read emotions from the face of a person (facial expression). The
channels’ names can be fully customized by the users of HERA.

& When HERA receives a “/results” request, it forwards the request to the Detector Handler
component of the API, which keeps the detectors organized in categories. Since each
detector on each category holds a list of results in PAD format, HERA must combine all
these results into one. To do so, HERA will request every Detector object to aggregate its
own results using the local strategy localStrategy that was attached to the request.

& Each Detector object keeps two lists of the results produced in the current session: one list
contains the results in its raw form, while the other one contains the PAD version of those
same results. When the mergeResult method is invoked, the Detector calls the
applyStrategy function from the merge.js module, which applies the fusion strategy
specified in the aforementioned request to a list of PAD results. The merge.js module
has all the implemented strategies organised in a dictionary. In the context of HERA, a
strategy is a function which receives a list of triplets, each triplet representing an emotion
in a PAD space, and returns a single triplet. In Fig. 8, we can see an example of a strategy,
which performs an average operation over the different coordinates of the PAD values of
the list. Since HERA is implemented in JavaScript, we can also take advantage of the
capabilities of the language to add extra properties and metadata to this final result.

& Once every detector has aggregated its data using the localStrategy strategy, they return
this single PAD data to the Detector Handler object. At this point, HERA has a PAD triplet
per Detector, being these detectors organised in categories. The next step is to aggregate

Fig. 7 /results request endpoint

Fig. 8 Strategy example
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the PAD triplets from the same category into one. To do so, HERA will repeat the
operation from the previous step: for each category, the Detector Handler object will
invoke the applyStrategy method from merge.js, passing a list with as much results as
detectors objects there are in that said category. Because of the similarity of results, the
same localStrategy strategy from the previous step is used.

& Once HERA has obtained a PAD triplet per category, the Detector Handler will call the
applyStrategy function again with these triplets as arguments, using the globalStrategy
strategy this time. Usually, the localStrategy strategy will be an easier operation since the
data to aggregate is much more similar, while the globalStrategy strategy will probably
consider the context of the each triplet, possible metadata added to the triplets, etc.,
although the same strategy could be used in the different steps of the process.

& Using the globalStrategy strategy, a single PAD triplet, which could possibly hold
additional metadata, is produced. This final result is sent back to the user, finishing the
merging workflow.

3.5 System workflow

After having reviewed the different parts of the proposed framework, now we will see how all
these pieces work together (Fig. 9). Once the server is running (deployed on a Node server and
attending to requests in a specific port), the workflow is as follows:

& Requesting an access token. As we mentioned above, HERA uses sessions to distinguish
where the requests are coming from and/or to group different sets of detectors. These
sessions are implemented using cookies, which store an access token that the server
provides us with. This access token must be included in any request directed to the server
in the future, otherwise we will not be able to access its functionality, and it will warn us
about the absence of an access token. In order to obtain our access token, we must send a
request to the API’s root (endpoint “/”). In response, the system will create our session on
the server and send us in return our unique access token stored in the userId cookie. This id
allows us to communicate with the rest of the endpoints. Trying to communicate with these
endpoints without including this unique id in the request will return an error (“Session
wasn’t initialized. Send request to “/” first”). This id is linked to a
user object which will store the detectors’ proxies, the data returned by these, etc.

& Setting up the server. Once we have our access token, we can communicate with HERA so
that it creates a proxy for each detector we wish to use in the current session. To do so, we
must send a request to the “/init” endpoint, attaching to said request the information
about the detectors we wish to use. This endpoint will link a DetectorHandler object
to our user session and will create a Detector object for each detector specified in the
request (this setting information can be included directly in the request or stored in a file on
the server if we are always using the same detectors, in which case we must specify the
route of this file in our request). Our system also supports a benchmarking process for each
detector: if we provide each category of detectors with a folder containing resources that
those detectors can analyse, setting up a detector at this endpoint will start a benchmarking
task, in which all the resources from the corresponding folder will be analysed using this
detector. From this task an average response time is calculated so that we can later filter
detectors out depending on their response time.
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& Requesting a media analysis looking for emotions. After calling the previous endpoint,
HERA is ready to handle our emotion analysis requests. In order to request an analysis, we
must reach the “/analyse” endpoint, sending to it the resource we wish to analyse, if
any (the server may need to pick this resource itself from a socket or a USB port), the type
of resource it is and how the affective information is coded, that is, whether it has to
analyse the resource by looking for faces, for voices, etc. HERA uses this information to
forward the requests to the detectors capable of taking this request, all of them organized in
categories under our DetectorHandler object. This endpoint uses the
extractEmotion function of each detector to retrieve the corresponding results, and
the translateToPAD functions to store the results. The response to this endpoint does
not contain the results, since they must be requested through the next endpoint.

Fig. 9 System workflow
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& Asking for results. Finally, once the detectors have produced the required results,
developers would poll on the HERA server to ask for the integration of the produced
results using the “/results” endpoint. In order to communicate with this endpoint,
we have to indicate what data merging strategies HERA should use to aggregate the
results and what channels should be aggregated together. In this way, this endpoint can
be used to retrieve the RAW results for a single channel, a PAD triplet with additional
properties produced by aggregating all the existent results, etc.

The framework also includes another endpoint which developers can use to filter detectors out
once they have been created. Thus, developers have an additional tool to control their detectors.

& Filtering detectors. After creating the detectors, we may wish, for instance, to filter out
detectors which are too slow, or maybe we have lost one of our affective channels and we
wish to remove that category of emotion detectors. To do so, we can send a request to the
“/setup” endpoint, indicating which categories we are actually going to need or a
threshold that the average response time of each detector must satisfy (to remove detectors
which take longer than that threshold to complete a request). As per the rest of the API, this
endpoint can be modified to add options and filters.

4 Framework evaluation

An evaluation of the system was conducted with seven software developers, all of them with
previous experience in the development of applications and in the use of APIs. In this section,
the different aspects of the assessment are presented.

HERA was developed under the hypothesis that separating the emotion processing logic
from the main application, and providing a modular data fusion framework would help
developers to integrate emotion detection in their applications more quickly and more easily,
and also give them the possibility of further exploiting the affective information they could
gather. In this evaluation we seek to prove this hypothesis.

4.1 Participants and context

For this experiment we recruited seven software developers aged between 22 and 35 years old,
all of them with experience in the development of server-side applications and in the use of
third-party APIs. Any of them had previous experience with emotion-related technologies,
although two of them were familiar with AC concepts. We decided to recruit developers with
no previous knowledge on emotion detection technologies so that they could focus on the
process of integrating technologies together from a beginner’s perspective. According to Jakob
Nielsen, even five participants are sufficient to detect 85% of the usability problems in a
system [48]. Although seven participants may seem a small number, as the main goal was to
assess the validity of the system by specialists in the field of software development, we
considered more important to have representative participants than to recruit many people
with similar skills repeating the same tasks.

The setup of the experiment consisted of two devices. The first device was a web server
deployed on the Amazon Web Services (AWS) platform, which is accessible at all times. This
platform was responsible for keeping a HERA server instance running. Evaluation tasks
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involving HTTP requests to the system were carried out by directing those requests to this
server. The second computer was the computer used by each developer participating in this test
to perform the corresponding evaluation tasks. Prior to the evaluation, each developer was
asked what equipment they would rather use, and all of them decided to use their personal
computer, even though they were also offered a computer which had all the software they
might need to complete the evaluation tasks. The HERA server was launched using Node.js
v12.14.0 and Express v4.16.0, and the evaluation tasks were performed using Node.js
v12.14.0 and two different Python versions (2.7 and 3.7).

4.2 Evaluation metrics

After reviewing previous studies on API usability assessment [2, 10, 26, 62, 67], especially the
API evaluation framework used by The Visual Studio Usability group at Microsoft [9], we
decided to adopt a combination of the Twelve Cognitive Dimensions Questionnaire and the
Computer System Usability Questionnaire (CSUQ) [3, 25, 41]. The Cognitive Dimensions
framework was proposed in 1989 as a framework to evaluate the different aspects
(dimensions) of a programming language, but in the last few years it has been applied to
specific products, such as APIs, for instance. These dimensions are the following: abstraction
level, learning style, working framework, work-step unit, progressive evaluation, premature
commitment, penetrability, API elaboration, API viscosity, consistency, role expressiveness
and domain correspondence. To apply this framework, we prepared a questionnaire with
twelve questions, one per dimension, so that participants could manifest their impressions of
the API regarding each dimension. For example, does the API expose all its functionality, or
does it expose only certain abstractions of different functionalities? How easy is to make a
change? Does the API work in a consistent way? This is a sample of the kind of questions that
the users had to answer. In line with [9], we gave this questionnaire to the participants before
and after performing the evaluation, to contrast their expectations of how the API should work
against their impressions of how it actually works. Regarding the CSUQ, this is a questionnaire
of 19 questions, all of them answered with a 7-point Likert scale, about the usability of the
product being tested [39]. Altogether, users complete three questionnaires: one to check their
expectations, one to gather their impressions of the tool (using the cognitive dimensions
framework), and finally one to measure the usability of the tool.

4.3 Experimental design

After considering previous works on the assessment of APIs [2, 10, 26, 62], we designed the
following evaluation framework:

(i) Research design. The experiment was designed as a within-subjects experiment, so users
could appreciate the process of using the HERA system against the use case of not having
it, that is, having to communicate with several emotion detectors manually, sync the
return of results and the posterior fusion of data. Hence, each participant is put through
three programming exercises which are essentially identical. This exercise consists of a
set of tasks whose final goal is to communicate with two emotion detection services, so
they analyse a media file looking for emotional responses. The participants wrote three
programs to: (1) communicate with two different emotion detection services, namely
Face++ and DummyDetector; (2) request an emotion analysis of a given media file, a
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picture in this case; and (3) fuse the different results of each detector into a single metric.
For the first exercise, the participants chose their preferred programming language to
communicate with these emotion recognition services. For the second exercise, they used
the same language to write requests as if they were going to be sent to our server, while
for the third exercise they had to use a different programming language to actually
communicate with our server, although all of them used JavaScript or Python. The second
exercise serves as a training process in the use of HERA, in which users learn how to use
it, which involves communicating with the different endpoints, configuring the proxies on
the server, and asking for an analysis and the corresponding results. In the final exercise,
the users recovered the requests they wrote in the second exercise and adapted them to be
sent to the server that was actually deployed, so that it would be able to act as a proxy for
the Face++ and DummyDetector services.

(ii) Intervention. An instance of the server was launched using the Amazon Web Services
Elastic Beanstalk service, which allows us to easily deploy a web application or
infrastructure. As was stated in the instructions script that was given to the participants,
interaction with the system would be carried out through HTTP requests directed to the
AWS server. The participants were also offered a computer prepared with all the
software needed to complete the different programming tasks, but they were also offered
the possibility of using their own laptops if they were more comfortable programming on
their own computers.

The whole evaluation process was divided into four parts.

(i) Introduction to the Test. The participants were introduced to the HERA System and to the
context in which it exists, covering such things as the existence of different emotion
recognition systems, how every system is different, how there is no norm for how things
should be done, etc. In this first phase, they were given a document with instructions on
what they had to do during the assessment, and information they would need in the
process. After reading this script, they would complete the Twelve Cognitive Dimensions
Questionnaire, answering the questions by thinking only in terms of the expectations they
had about how the HERA System should work.

(ii) First part of the Test. In this part of the test, the participants had to communicate with
Face++ and DummyDetector to ask for the emotions presented in a picture of a face. For
this task, they used the programming language they preferred in order to communicate
with the different servers, to store the results and to combine them in some way (they
were advised to take the mean of the results representing the emotion “happiness”
according to each different service).

(iii) Training with HERA. Once they had finished the first part of the evaluation, they
performed a simulation using HERA. Using the programming language of their prefer-
ence again and the documentation from the evaluation script and from the framework’s
repository [18], they had to write a structure for a set of generic requests aimed at each
endpoint of the API.

(iv) Second part of the Test. In this second part, the participants communicate with the
HERA system in order to ask it to carry out the previous task for them. The participants
communicate with an instance of the system deployed on AWS to authenticate them-
selves, to set up the different proxies for each detector (Face++ and DummyDetector), to
ask for an emotion recognition analysis on a media file (a picture) and a subsequent
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fusion of the results. This second part is done with a programming language that is
different from the one used in the previous exercise. The goal of this is to make sure that
the users focus on the behaviour of the framework, and that they are not distracted by the
idiosyncrasies of a specific programming language.

(v) Completing usability questionnaires. After completing the three programming exercises,
the participants completed the Twelve Cognitive Dimension Questionnaire again, this
time answering the questions by considering their actual impressions of the tool, and the
Computer System Usability Questionnaire. In this last questionnaire, a set of demograph-
ic questions were included.

The data collected during the evaluation were subsequently analysed, and the outcomes are
described below.

4.4 Evaluation outcomes and discussion

During the evaluation, we measured the time it took the participants to finish each part,
together with the errors they made (regarding the use of HERA, not the libraries they need to
make the HTTP requests), and the times they needed help from the evaluator. In Table 1 we
can see the time each participant needed to finish each part, the errors they made and the times
they needed assistance (the participants’ data have been anonymized).

In Fig. 10 we can see the average time the participants needed to finish each part. This
parameter shows a dramatic reduction in the time needed to finish a task, thus validating part of

Table 1 Participants data

Participant Total time Time first phase Time training phase Time second phase Errors Assistances

Participant #1 0:52:28 0:25:55 0:21:20 0:05:13 0 0
Participant #2 0:59:05 0:27:32 0:23:51 0:07:41 1 0
Participant #3 1:21:11 0:39:46 0:23:24 0:18:01 1 4
Participant #4 0:50:50 0:20:36 0:20:55 0:09:19 1 0
Participant #5 0:50:33 0:14:42 0:30:30 0:05:21 0 5
Participant #6 0:34:52 0:15:34 0:14:06 0:05:12 1 2
Participant #7 0:37:55 0:14:24 0:17:27 0:06:04 0 2

Fig. 10 Average time spent by phase
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our initial hypothesis, namely that after a previous training phase, which is not very expensive
in terms of time, the use of HERA becomes very straightforward. Also, we must bear in mind
that, since the evaluation is highly scripted, the participants save a lot of time in the first phase
that is not reflected in the data gathered. The tasks of studying how to integrate emotion
recognition in the system, how to gather the media, and analysing the different response
formats of each detector (without having an evaluator helping you to dissect an HTTP
response or an intricate JSON object) are all highly time-consuming, and they are not reflected
in the first column of the figure, even though this phase already took the longest on average.

In Fig. 11 we can see a more detailed view of the data from Table 1 (omitting the time from
the training phase). In this figure, each pair of columns represents the time it took a participant
to finish the first and second phase. It is clear that the first phase took much longer to complete
(around 20 minutes), in comparison with the second one (between 5 and 7 minutes). Due to the
characteristics of this sample (small groups, little data dispersion), we carried out a Mann–
Whitney U test to mathematically assess this time difference between the two phases, which
led us to state that the two sets of data are significantly different with an alpha value of 0.05 (U
= 3.0, p = 0.00364).

Finally, we can see the results gathered by the different questionnaires in Fig. 12 and
Fig. 13. In Fig. 12 we can see the average response for each question. Since this questionnaire
was composed by placing the positive value of the answer as the highest value (7 in this case),
the higher the average response, the more positive the answer is, and the higher the total score,
the higher the user satisfaction is. In this case, the average response for almost all the questions
is above 5, with an average standard deviation of 0.9993, excepting the ninth question.

This question, which asks about the clarity of error messages returned by the API, has a
standard deviation of 1.66 (a high value for such a narrow set of options). This difference of
opinions was actually explained by the participants who gave a low value as an answer in later
interviews.

The two users who answered that question with the lowest values had several issues with
the HTTP library that they were using (bad URLs, wrong way of attaching data to the request,
etc.), which gave them message errors they did not fully understand, due to a lack of
knowledge of that particular library. Since they associated these vague errors with our server

Fig. 11 Time spent per phase and user
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(when the server was not even receiving the request), they gave a low score in that field. The
rest of the questions received, on average, good scores. The total average score of this
questionnaire is 106.5 out of a total of 133, which equals to 8.01 out of 10. This mark, along
with the small deviation for each answer, can be interpreted as an agreement from the
participants regarding the high usability of the system.

Finally, in Fig. 13, we can see the two spider diagrams we obtained by plotting the answers
given to each dimension of the Twelve Cognitive Dimensions Questionnaire. By following the
approach in [9], we surveyed the participants before and after, in order to be able to contrast
their expectations and their impressions of the application. On average, we can see how our
framework met most of their expectations, even improving upon what they were expecting,
especially in the dimensions of Learning style, Premature Commitment, API Viscosity, Role
Expressivity and Domain Correspondence.

With these results, we can conclude that the recruited developers found the tool useful to
integrate technologies they were not familiar with. It is important to remark that this was the
goal of this assessment. Since there are no other tools like HERA on literature to reduce the
slope of the learning curve when it comes to integrate different emotion detectors and develop
multimodal detectors, developers usually find it difficult to start developing this kind of
detectors. This may lead to the development of defective multimodal systems or even to the
abandonment of a project, in favour of a simpler unimodal detector. Although we reviewed
some projects about multimodal detectors in section 2.4, these were designed ad-hoc for
specific purposes or platforms, so the effort of trying to adapt these to a new scenario might be

Fig. 12 Average answers of the Computer System Usability Questionnaire

Fig. 13 Average responses of Twelve Cognitive Dimensions Questionnaire
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even bigger than the effort of researching multimodality properly and develop a solution from
the ground up. HERA is an effort to assist those developers in the elaboration of multimodal
systems. However, further assessment with more archetypes of developers is still needed to
assess the tool.

Regarding the application of HERA, this framework has been designed as a separate
application that can be launched anywhere thanks to the underlying technology that we have
used in its development. This approach just adds another entity to any existent architecture,
leaving the mainframe of this existent application cleaner than it would be if all the emotion-
related logic had to be written from scratch in the system. Some of the scenarios that would
benefit from the use of HERA are the following:

& Applications with educational purposes. The idea of HERA actually spawned during the
development of multimedia applications with education purposes [20, 21], when the
development of said applications exposed the limitations and difficulties of building
multimodal systems. In the context of these previous works, a tool deployed in the
backend of the application would have helped us to develop the system, even if it had
needed some customization.

& Applications handling multimedia content. Part of HERA needs to be capable of handling
different types of multimedia input, being it in the form of a stream, a file, etc. Even if this
first version has been more focused on the fusion of data, the proper management of
multimedia information can be a valuable asset of HERA on its own.

& Applications involving business processes. Some of the activities that companies carry out,
like costumer attention, can harvest great benefits from opinion mining and other forms of
emotion detection. A system like HERA can help develop a more tailored solution to
analyse the input of clients.

5 Conclusions

In this paper we have reviewed HERA, a framework developed in JavaScript to support the
creation of multimodal emotion detectors and their subsequent integration with other applica-
tions, and the evaluation process that we carried out to test the first version. HERA has been
developed while following the principles of modularity, independency and extendibility, since
it is offered as an open-source tool that other developers are encouraged to adopt and help
grow. With this tool, we strive to fill a gap in the existent literature, bringing together theory
and implementation, and supporting our proposal in a standard format, namely the PAD
classification system. The system proposed in this paper is designed to offer an easy way of
including emotion recognition in an existing system in a straight-forward way, and reducing
the usual workload involved in this task. Integrating our framework in another application’s
infrastructure is a matter of launching a Node server running the framework and sending
HTTP requests to it, with this having only a minor impact on the app source code. Since the
framework has been developed over Express and is open source, a new web application could
be developed by even using the framework source code as a starting point. Although using this
framework is not completely immediate, since it requires a previous setup and user training
phase, we have proved empirically that the benefits of using this framework, in terms of time
and effort, are worth this preparation phase. We tested the tool with real users, who used it to
develop a small demo, which revealed some of HERA’s strong and weak points.
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One of the current challenges is to go on developing HERA so that it can support more
forms of interactions and new detectors. Even though one of its key aspects is that it is easy to
extend, the more features it has from the beginning, the more likely it is that new developers
use it, thus enlarging the community of HERA’s users, which will help us to find bugs and
make HERA bigger, safer and more solid. In order to tackle this challenge, we will review
existent mainstream emotion detection services to integrate them into HERA. This extension
process will also include popular handheld and wearable devices, which will contribute to
extend the communication capabilities of HERA.

This first version of the framework is specially focused on the fusion of data, but HERA
can still be improved to increase its capabilities regarding the management of media input, so
that developers can stream multimedia data to HERA and request analysis over these contin-
uous streams, instead of making punctual requests each time.

When it comes to the fusion of data, HERA can greatly benefit from having a wide variety
of algorithms to aggregate data all together. We will consider different usages of this tool to
develop algorithms to cover the different needs of future developers.

Lastly, the management of results within HERA can open the door to machine learning, that
could be applied once we have gathered enough results, previously validated by experts. This could
help to triple validate the aggregated data and/or to increase even more the richness of the data.
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Chapter 4

Conclusions and future work

This chapter presents the main conclusions that may be drawn from the research performed. In
addition, some future research lines that could be explored starting from the findings of this Thesis
are described at the end of the chapter.

4.1 Conclusions

This PhD Thesis presented as compendium of publications has contributed with new interaction
mechanisms which integrate affective technology and Human-Computer Interaction techniques,
which have been applied and assessed in different application domains. The final results consist of
a series of prototypes which have been enriched with emotion detection capabilities, granting them
the ability to modify their behaviour automatically according to the users’ mood, to log affective
information from the users for later processing, etc. With these proposals, we can consider the main
goal of this thesis, as well as the specific goals, fulfilled.

It is important to highlight that, even though this thesis by compendium is endorsed by three
publications in international scientific journals ([16][19][20]), some others works outside of these
previous papers have been carried out as well, such us conferences publications [16][18], Bachelor
theses [13][44] and publications which have not been published yet.

The contributions which endorse this thesis by compendium can be organised in a set of steps:

1. A literature review has been carried out to gain insight of the different elements, entities and
disciplines which participate in Affective Computing. This review allowed us to understand the
current trends existent in the field and to discover potential gaps in the research being carried
out. This knowledge allowed us to build a strong bedrock from where we would building our
next projects.

2. While studying the big picture of AC, we decided to pay attention to the type of publication
which was attracting the most attention in the field. After completing the aforementioned
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review, we discovered that most of the real-world applications being built belong to the fields
of e-learning, e-health and marketing. This informations allowed us to consider a multiple view
perspective when building our own proposals.

3. Using the information gathered during the previous review, we developed several prototypes
integrating mechanisms from AC and HCI techniques, offering new interaction mechanisms
through the use of emotion detection.

4. After building the aforementioned prototypes, we decided to take a step forward in the proposal
of affective prototypes using this new acquired experience. Since part of designing and building
affective software involves integrating emotion detection into a bigger system, we decided to
propose an architecture to assist in this task. This architecture, which also supports the creation
of multimodal emotion detectors, has the potential to support researchers and developers in
their tasks to add emotion detection capabilities to a system.

5. The previous works led us to ponder about the impact that affective mechanisms could have on
software quality, and how this could be measured. While existent quality models are designed
with high levels of abstractions, so they can be adapted to virtually any software, they fail to
capture some of the idiosyncrasies of affective technologies. In order to overcome this obstacle,
we proposed en extension of the quality model defined in the ISO 25010, to support developers
and researchers in the quality assessment of affective applications.

4.2 Future work
We have identified different ways in which the research outcomes presented in this Thesis could be
extended. Firstly, the most urgent task is to finish the paper about our quality model extension proposal.
This paper, which has been developed with the collaboration of Professor Per Ola Kristensson from
the University of Cambridge, is also the result of a research stay which took place from April 2022 to
July 2022 in Cambridge (United Kingdom), at the Intelligent Interactive Systems research group.

Secondly, we are studying the possibility of designing a framework to assist researchers in
the development of affective prototypes oriented to e-learning. This proposal, which has not been
completed refined yet, should include support to create users, add emotion detection service, connect
to other devices over Bluetooth, HTTP requests and other communication protocols, etc.

Finally, one of our works which has not been published yet is a proposal to include emotion
detection in a system built to perform remote physical therapy using Kinect v2. This proposal exploits
the relationship between emotion, motivation and recovery speed, and it is still being developed right
now.



Capítulo 5

Conclusiones y trabajo futuro

Este capítulo presenta las conclusiones principales que se extraen de los trabajos realizados. Al final
de este capítulo, se comentan también algunas de las líneas de investigación futuras que se construirán
sobre los hallazgos y conclusiones extraídos de esta tesis doctoral.

5.1 Conclusiones

En esta tesis por compendio se han presentado diversas soluciones y propuestas para constituir
nuevos mecanismos de interacción que han sido enriquecidos con técnicas de Computacion Afectiva,
expandiendo las capacidades de aplicaciones y sistemas informáticos para dotarlos de capacidades
afectivas que permitan llevar a cabo nuevos tipos de interacción y ofrecer nuevas experiencias de
usuario. Así, se han cumplido tanto el objetivo principal de esta tesis como sus objetivos específicos
(ver Sección 1.3), produciéndose una serie de resultados que satisfacen dichos objetivos (ver Capítulo
2).

Es importante destacar que este compendio de publicaciones está avalado por tres publicaciones
([16][19][20]), sin perjuicio de otras publicaciones [16][18], Trabajos de Fin de Grado [13][44] y
artículos en proceso de publicación que también se han producido en el marco de esta tesis.

De esta forma, las aportaciones que avalan esta tesis pueden definirse en esta serie de pasos:

1. Se ha realizado una revisión de la literatura que ha permitido conocer el panorama actual de
la Computación Afectiva y entender las tendencias de investigación actuales en congresos
y revistas sobre el tema, así como los principales interesados y promotores de esta nueva
disciplina de la informática. Este paso nos permite establecer unas bases sólidas sobre las que
construir las aportaciones posteriores.

2. Una vez que se acotó el campo, se realizó un estudio sobre las distintas aplicaciones que
más atención estaban atrayendo en el sector, que resultaron ser, entre otras, la educación y la
sanidad, seguidas de cerca por el marketing y el diseño. Analizar las distintas formas de aplicar



102 Conclusiones y trabajo futuro

la CA en distintos campos dio una visión de perspectiva múltiple que fui muy útil a la hora de
diseñar las distintas aportaciones de esta tesis.

3. Usando el conocimiento adquirido con los dos hitos anteriores, se desarrollaron varios sistemas
interactivos que integraban mecanismos propios de la CA con técnicas de IPO, lo que dio lugar
a un abanico de propuestas que integraban distintas formas de detección de emociones para
ofrecer nuevos mecanismos de interacción.

4. Tras el desarrollo de diversos prototipos afectivos, se propuso una arquitectura para la imple-
mentación de detectores de emociones multimodales, esto es, detectores detectan emociones
en más de un canal a la vez. Dada la dificultad que la implementación de estos detectores suele
conllevar, en esta tesis se propuso e implementó una arquitectura de detector multimodal para
aliviar esta dificultad.

5. El desarrollo de los hitos anteriores supuso reflexionar sobre la forma de evaluar la calidad
de aplicaciones afectivas, y cómo los modelos existentes fallan en capturar algunos aspectos
importantes de estas aplicaciones, sin perjuicio de que sean totalmente válidos para medir la
calidad de software afectivo. Sin embargo, en pos de ofrecer un modelo de calidad que no
borre características importantes de posibles sistemas afectivos, se realizó una extensión del
modelo de calidad propuesto en la ISO 25010 para dar cabida a la evaluación de sistemas que
integren CA.

5.2 Trabajo futuro
En lo que respecta a trabajo futuro, la tarea más inmediata consiste en finalizar la publicación sobre la
extensión del modelo de calidad de la ISO 25010. Esta publicación constituye además el resultado de
haber realizado una estancia de tres meses entre abril y julio de 2022 con el Dr. Per Ola Kristensson,
en la Universidad de Cambridge, en el grupo de investigación Intelligent Interactive Systems.

En segundo lugar, se ha planteado desarrollar un marco de trabajo para el desarrollo de aplicaciones
afectivas enfocadas al sector de la educación, ofreciendo funcionalidad básica como la gestión de
usuarios, el acceso a sensores y detectores a través de distintos protocolos de comunicación, etc.,
agilizando el proceso de desarrollo de herramientas afectivas en el campo de la educación.

Por último, uno de los trabajos pendientes de publicación consiste en una ampliación de una
aplicación para telerrehabilitación física para dotarla de la capacidad de leer las emociones de los
pacientes durante sus rutinas de ejercicios y analizar el progreso de estos en función de las emociones
experimentadas a lo largo del proceso de rehabilitación.
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