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Abstract of the Project

Socially-intelligent systems have to be capable of accurately perceiving and infer-
ring the personality and other particularities of different individuals, so as to pro-
vide a more effective, empathic, and natural tailored communication. To embody
this human likeness into such systems, it is imperative to have a deeper under-
standing of real human-human interactions first, to computationally model both
individual behavior and interpersonal interinfluence. However, there is a lack of
publicly-available audiovisual databases of non-acted face-to-face dyadic interac-
tions, which cover the richness and complexity of social communications in real
life. In this project, we collected the first of its kind non-acted audio-vidual multi-
view dataset of dyadic interactions. The main goals of this dataset and associated
research is to analyze human communication from a multidisciplinary perspective
(i.e. technological, sociological and psychological) and to research and implement
new paradigms and technologies of interpersonal behavior understanding. It is ex-
pected to move beyond automatic individual behavior detection and focus on the
development of automatic approaches to study and understand the mechanisms of
perception of and adaptation to verbal and non-verbal social signals in dyadic inter-
actions, taking into account individual and dyad characteristics. In addition to the
collection of more than 80 hours of dyadic interactions including 150 participants
performing cognitive tasks designed by the psychologists, this project performed a
proof of concept analysis of different technical challenges included in the database:

Setup design, calibration and synchronization of 6 HD cameras, 2 HD egocen-
tric cameras, 2 wrist heart rate monitors, 2 lapel microphones and 1 ambient
microphone.

Multi-view joint optimization of hand and body skeleton poses for enhanced
hand and body pose recovery.

Speaker audio segmentation.
Audio-visual spatio-temporal modeling of human emotions.

Multi-task face attributes analysis


HTTP://WWW.UB.EDU
http://mat.ub.edu

iii

The different contributions are presented and justified in the context of their re-
spective state-of-the-art, evaluated on proper public datasets, and finally tested as a
proof of concept evaluation on the recently designed dyadic dataset. Detailed dis-
cussion of the implemented work and its associated future research is provided.

Abstract of this Master Thesis

In particular, this master thesis is focused on the development of baseline emotion
recognition system in a dyadic environment using raw and handcraft audio features
and cropped faces from the videos. This system is analyzed at frame and utterance
level with and without temporal information. For this reason, an exhaustive study of
the state-of-the-art on emotion recognition techniques has been conducted, paying
particular attention on Deep Learning techniques for emotion recognition.

While studying the state-of-the-art from the theoretical point of view, a dataset
consisting of videos of sessions of dyadic interactions between individuals in dif-
ferent scenarios has been recorded. Different attributes were captured and labelled
from these videos: body pose, hand pose, emotion, age, gender, etc. Once the ar-
chitectures for emotion recognition have been trained with other dataset, a proof of
concept is done with this new database in order to extract conclusions. In addition,
this database can help future systems to achieve better results.

A large number of experiments with audio and video are performed to create
the emotion recognition system. The IEMOCAP database is used to perform the
training and evaluation experiments of the emotion recognition system. Once the
audio and video are trained separately with two different architectures, a fusion of
both methods is done. In this work, the importance of preprocessing data (i.e. face
detection, windows analysis length, handcrafted features, etc.) and choosing the
correct parameters for the architectures (i.e. network depth, fusion, etc.) has been
demonstrated and studied, while some experiments to study the influence of the
temporal information are performed using some recurrent models for the spatio-
temporal utterance level recognition of emotion.

Finally, the conclusions drawn throughout this work are exposed, as well as the
possible lines of future work including new systems for emotion recognition and the
experiments with the database recorded in this work.

Master Thesis Student Contributions

This project has been accomplished by a group of 4 master students. The contri-
bution of this master thesis within the whole project is explained in the following
lines.

Study of the state-of-the-art of the emotion recognition problem using audiovi-
sual sources and the different techniques that make use or not about the context,
temporal information, memory blocks, etc. Deliver a emotion recognition system
using Deep Learning techniques based on unimodal handcraft audio features, raw
audio features and faces, and their possible fusion. Also study the influence of the
temporal information to model the changes across frames in the emotion recognition
problem in the unimodal and fusion experiments using RNNs. Help and participate
during the recordings of the different sessions of the Face-to-face Dyadic Interaction
Dataset placing and collecting the setup and attending the participants. Also anno-
tate this database labeling the utterances of the videos.
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Chapter 1

Introduction

In the computer vision and machine learning communities, one ongoing line of re-
search is modelling human interaction and behaviour. Social signal processing and
affective computing are two research elds that aim at understanding these interac-
tions by extracting audio-visual features and combining them to build bigger con-
structs such as personality or dominance. In particular, dyadic interactions between
individuals is a crucial aspect in studying how human beings react to the environ-
ment and with each other.

Exploring and analyzing dyadic sessions may result in a better understanding
of human interactions and behaviour. But as for every purpose or plan intended in
machine learning there is always one mandatory thing to have: data. In particular,
data for dyadic interactions between humans is quite rare to nd, for instance, there
is the IEMOCAP dataset. However, data for this sort of interaction analyzed from a
psychological perspective does not exist.

One goal of this master thesis was precisely to assist in the creation of a dataset
consisting of videos of sessions of dyadic interactions between individuals in dif-
ferent scenarios. Different attributes were captured and labelled from these videos:
body pose, hand pose, emotion, age, gender, etc. Furthermore, all participants of
the dataset were given a personality test survey, which means that each individual
personality was labelled. This represented a very ambitious challenge and makes of
this dataset a very unique object which may be very helpful for the computer vision
and machine learning communities in the future.

Although many attributes could be extracted from the data, one of the main goals
in this group master thesis is to develop a non-verbal emotion recognition system
using audio and frames sources from videos at frame level. This two sources are
proposed because facial expressions can help the audio to aim better the real emotion
of the subject. Deep learning techniques have been used to be able to model the
implicit emotions within a dyadic conversation between two subjects. Due to the
state of the art, one can af rm that predicting emotions using deep learning is very
challenging nowadays, due to different problems that are described in the following
chapters.

When two subjects are talking between them, the emotion can be modeled in ev-
ery piece of time without taking into account the course of the conversation. Instead,
this work proposes to divide the conversation in utterances and predict the emotion
of each utterance atlocal or frame level . From that idea came the second goal of my
part in this group master thesis: use also Recurrent Neural Networks to include the
temporal information in those emotion predictions.

This master thesis includes a discussion on the creation and contents of the dataset,
a chapter discussing the current state-of-the-art in Emotion Recognition using Deep
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Learning techniques, a chapter describing the methods chosen, a chapter analyz-
ing the results obtained and nally a chapter containing the conclusions and future
work.



Chapter 2

Emotion Recognition

Humans verbally communicate by speech and language. This enables faster shar-
ing of messages, conveying of ideas and spreading of inventions. Communication
between humans is actually not just what humans say, but also how they say it. Fur-
thermore, facial expressions, as a part of non-verbal communication, are responsible
for about 55%, voice intonation for about 38% and actual words for 7% of the mes-
sage perception [3]. Emotion recognition is a very actively growing eld of research.
The goal of human emotion recognition is to automatically classify user's temporal
emotional state basing on some input data.

As it was mentioned, emotions play a major role in a Human life. At differ-
ent kind of moments or time Human face re ects that how he/she feels or in which
mood he/she is. Humans are capable of producing thousands of facial actiongluring
communication that vary in complexity, intensity, and meaning. Emotion or inten-
tion is often communicated by subtle changes in one or several discrete features [19].
Moreover, speech communicatiaontains paralinguistic information of the speaker
such as tone or pitch of voice, what may be helpful to predict an emotion during a
conversation. Although enormous efforts are invested in recognizing the emotions
from speech, still much research is needed. For these reasonsyoice and facial ex-
pressions are the ones that have been exploited during the last years to develop a
robust emotion recognition system.

Notably, most approaches try to obtain these emotions from posed facial expres-
sion In these approaches, is easier to achieve higher performance because it only
focuses on facial expression without being immersed in a conversation. Nowadays,
there exist different methods that model these posed facial expressions, but there is
a lack of methods trying to model facial expressions during a conversation between
two subjects. Considering the inter-personal in uences that thrive in the emotional
dynamics of dialogues becomes more challenging the paradigm of emotion recogni-
tion.

De nition 1  Emotion recognition is the process of identifying human emotion, most typ-
ically from facial expressions as well as from verbal expressions.

[13] said that an emotion is a reaction to stimuli that lasts for seconds or minuasst
is described, there are different categories and measurements of emotion, depending
on the nal purpose. In the last years, deep learning techniques have became more
important for researchers to improve traditional methods such as hand-crafted fea-
tures. Later, it will be discussed the state of the art and the evolution that the main
emotions recognition techniques have undergone over the last years.
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2.1 Applications

Although all the effort is over developing new systems and new methods to recog-
nize an emotion in different scenarios, it is very complicated to imagine the bene ts
that these systems can obtain with in different industries. This section brie y de-
scribes some real applications and discuss how useful are for the society [13][16].

Software usability : There is a lot of evidence, that human emotions in uence
interactions with software products. There is also a record of investigation on
how products can in uence human feelings and those feelings make people
buy or not. Therefore investigating emotions induced by products is an object
of interest of designers, investors, producers and customers, as well. Software
usability depends on multiple quality factors, such as functionality, reliability,
interface design, performance and so on.

Education: Some emotional states support learning processes and other sup-
press them. The distinction of the two groups of emotional states in some
cases is not obvious, for example such positive mood as hilarity is not good
for learning processes, while slightly negative emotional states foster critical
thinking and are appropriate for analytical tasks. Automatic emotion recog-
nition algorithms can help to explore this phenomena by making assessments
of learner emotional states more objective than typical questionnaire-based in-
vestigations.

Enhanced websites customization : With the grow of the Internet, service providers
collect more and more information about their users. Based on these data,
content, layout and ads are displayed according to the user's pro le. Adding
information about the emotions of users could provide more accurate person-
ality models of the users.

Video games: There are a lot of reasons that can in uence upon human's be-
havior during playing the game. They could be divided into factors connected
with the game, such as increasing monotony or becoming accustomed playet,
and to game independent factors which are connected with current physical
and mental condition of the player. The rst group of reasons may be in some
extent predicted or estimated by the game designer but that is impossible to the
reasons of the other group. That is why the real-time recognition of player's
affect may become such important for video games industry in the nearest fu-
ture. Video games that are able to dynamically react to the recognized current
player's emotions are called truly affect aware video games.

Others: public services (government, airports security), satisfaction in call cen-
tres, determining patients feeling and comfort level about the treatment, deter-
mining fatigue in the case of driving and alerting in advance, facial emotion
detection in interviews, etc.

2.2 Affective Computing and Emotion Classi cation

Affective computing is the study and development of systems and devices that can
recognize, interpret, process, and simulate human affects. Then, it can be said that
Emotion recognition is a sub- eld of Affective computing. In Affective computing,
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researchers usually compute emotions using different sources, such as facial expres-
sions or speech.

In speech recognition as well as emotion recognition from speech, data material
is an important resource. First, it has to be recorded, then it is necessary to reprocess
the data, i.e. to transcribe and annotate the recordings. One of the main challenge
of emotion recognition is how to annotate accurately the ground truth emotion of a
speaker or subject. To achieve a level of con dence in emotions ground truth, there
are several ways to label an emotion. While there is ongoing debate regarding what
the de ning features of an emotion are, emotions can be broadly conceptualized as
“adaptive action tendencies that occur in response to changes inside or outside the organism,
speci cally changes that challenge states and systems necessary for SuriEnaitions
can be measured across at least three different modes of response: physiological,
cognitive and behavioral. Within this broad approach to de ning emotion, there are
at least two major perspectives adopted for more speci cally understanding emo-
tions. The rst approach can be referred to as a discrete emotiongerspective. Within
this perspective, emotions are generally thought to be speci c, cross-cultural, innate,
systemic responses. For example, fear can be thought of as a discrete emotion that
across cultures is characterized by elevated physiological arousal, perceived threat,
and escape behavior. In contrast to the discrete emotions perspective, the dimen-
sional perspective suggests that emotions are responses to environmental stimuli
that vary along dimensions of key features or characteristics. Within the dimen-
sional perspective on emotion, theory and empirical work has converged to suggest
at least three core features to an emotional response (i.e., valence/pleasure, arousal,
and dominance/control). These dimensions are theorized to respond somewhat in-
dependently resulting in dimensions that can differentially respond across time to
emotion eliciting events. Now, the next list describes three important methods for
annotating emotions [29]:

Basic Emotions:

Basic Emotions is a Discrete method. Although the view that some emotions
are more “basic” than others is widely accepted by emotion theorists, there is
little agreement on which emotions should be included in the list of the ba-
sic ones. Their number varies depending on the theory. The most popular list,
sometimes referred to as “The Big Six,” was used by Ekman et al. (1969) in their
research on universal recognition of emotion from facial expression. The list
included happiness, sadness, fear, surprise, anger, and disgust, which are still
the most commonly accepted candidates for basic emotions. Over the years
some theorists, including Ekman, have shortened or expanded the list. For in-
stance, Plutchnik (1980) added acceptance and anticipation, Ekman (1999; Ek-
man and Cordaro 2011) added contempt, and Levenson (2011) added interest,
relief, and love. More recently, other candidates for basic emotions have been
proposed, e.g., love or jealousy (Sabini and Silver 2005). Some authors have
also used their own terminology. For instance, Panksepp (2007; Panksepp and
Watt 2011) listed play, panic/grief, rage, seeking, fear, lust, and care as the ba-
sic (“primary-process”) emotions. As well, some researchers extended it with
the categories neutral, since certain parts of communication can also be non-
emotional, and other to give the annotators the opportunity to rate emotions
which do not t the given labels. The decision whether a particular emotion
guali es as basic is based on a set of criteria. Although these criteria vary
across theories, many authors agree that a basic emotion should be associated
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with distinctive universal nonverbal expression, distinctive neural and phys-
iological components, distinctive subjective experience, and distinctive regu-
latory and motivational properties [24]. As these Basic Emotions represent
primary emotions, mixed or blended emotions cannot be represented.

Geneva Emotion Wheel (GEW) :

The Geneva Emotion Wheel (GEW) is a dimensional method and consists of
discrete emotion terms corresponding to emotion families that are systemati-
cally aligned in a circle. Underlying the alignment of the emotion terms are the
two dimensions valence (negative to positive) and control (low to high), sep-
arating the emotions in four quadrants: Negative/low control, negative/high
control, positive/low control, and positive/high control. As itis shown in Fig.

2.1, the response options are “spikes” in the wheel that correspond to different
levels of intensity for each emotion family from low intensity (towards the cen-
ter of wheel) to high intensity (toward the circumference of the wheel). Also,
in the very center of the wheel, the response options “no emotion” and “other
emotion” is offered. As the labellers can assign at most three labels to each ut-
terance, mixed emotional states can also be labelled by this method. The GEW
has previously been used in a variety of contexts, ranging from managers' af-
fect during decision making (Tran, 2004) to the evaluation of body movements
and consumer experiences. These studies show that the GEW is a particularly
useful measurement instrument under time pressure and with repeated mea-
surements [28].

FIGURE 2.1: GEW with 40 emotion terms arranged in 20 emotion
families.

Self Assessment Manikins (SAM) :

The Self-Assessment Manikin (SAM) is a dimensional method and a picture-
oriented questionnaire developed to measure an emotional response. It con-
tains ve images for each of the three affective dimensions that the participant
rates on either a 9- or 21-point scale. The annotators can label the utterance
on three different axes, valence-arousal-dominance (VAD), without needing to
cope with emotional categories. The advantage of this method is the absence
of discrete emotional categories, so that different perceptions cannot in uence
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the assigned emotion label. The VAD-space is divided into octants, to allow
a comparison to categorial emotion theories, and a neutral centroid is placed
in the centre of the space. In the typical implementation it is used axes with
the following classi cation: +V and V for positive and negative valence, +A
and A for aroused and unaroused, and +D and D for dominant and submis-
sive. Additionally, emotions can be identi ed located on a boundary area be-
tween octants as “mixed emotions” and count them proportionally for all cor-
responding octants. The SAM is an imagery-based measure that therefore can
be thought of as language-free. Thus, use of the SAM is not circumscribed to
any one culture, and it can be easily understood and appropriate for use in dif-
ferent countries. Another feature of the SAM that makes it widely applicable is
that it is brief. Due to its brevity, it can be used to capture emotional responses
to a wide array of emotion elicitation methods [6].

2.3 Audio and Video Features

Development of machines with emotional intelligence has been a long-standing goal
of Al. With the increasing infusion of interactive systems in our lives, dialogue
videos have proliferated across the internet through platforms like movies, webinars
and video chats. This project tries to detect emotions in videos of dyadic conversa-
tions. A dyadic conversation is a form of a dialogue between two entities. This kind
of videos convey information through three channels: audio, video, and text. This
master thesis is focused on developing a real time emotion recognition system. That
is why only audio an video sources are going to be used because text does not allow
to implement a real time system in this scenario.

One of the challenges in the emotion recognition problem is how to represent
the data. An important part of the literature focuses on the ways to represent au-
dio/video contents by features that can be subsequently used by classi ers.

2.3.1 Audio

Speech is considered to be a very complex signal, since apart from the meaning it
carries information regarding the speaker's identity and language and his/her emo-
tion. When the type of the information is considered, it is common to divide the
methods that adopt speech into two distinct categories [23]: explicit or linguistic
information, which concerns articulated patterns by the speaker; and implicit or
paralinguistic information, which concerns the variation in pronunciation of the lin-
guistic patterns. This last one approach ignore the content of speech and instead
focus on associating low-level features to emotions. Extracted features may either
be low-level descriptors or statistics extracted on these descriptors. The main dis-
advantage of the linguistic models is that they do not typically provide a language-
independent model. Each language has its own speci ¢s and is subject to cultural
differences. As such, there might exist a plethora of different sentences, speakers,
speaking styles and rates.

There are some different methods for treating the audio data, but all of them
have a common part: the audio is rst divided into audio-segments using windows
(binary temporal mask). Normally, these audio windows have a length between
30-200 ms and are processed with techniques of voice normalization and intensity
thresholding.
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Once the audio is segmented using sliding windows, there are three principal
methods for obtaining the audio features:

1. Hand-crafted features : The most common software used for this task is openS-
MILE , which is a toolkit that unites feature extraction algorithms from the
speech processing and the Music Information Retrieval communities. Au-
dio low-level descriptors such as CHROMA and CENS features, loudness,
Mel-frequency cepstral coef cients, perceptual linear predictive cepstral co-
ef cients, linear predictive coef cients, line spectral frequencies, fundamental
frequency and formant frequencies are supported. Delta regression and vari-
ous statistical functionals can also be applied to the low-level descriptors [9].
Literature shows that there exists a high correlation between many statistical
measures of speech with speakers' emotion. For example, high pitch and fast
speaking rate often denote anger while sadness associates low standard devi-
ation of pitch and slow speech rate.

2. 1D-Convolution : Instead of using a hand-crafted method, each raw audio
window is passed through a 1D-Convolutional Neural Network to obtain a
feature vector.

3. Spectrogram + 2D-Convolution : A spectrogram is a visual representation of
the spectrum of frequencies of a signal as it varies with time. The process
for obtaining a spectogram is the following one: rst, the audio signal is di-
vided in windows; then, the frequency representation of each window is com-
puted applying the STFT; and nally, each frequency representation is plot-
ted in time [Fig 2.2]. They are used extensively in the elds of music, sonar,
radar, and speech processing. Spectrograms of audio can be used to identify
spoken words phonetically and they are highly used in the studies of pho-
neticsand speech synthesisThe reason of using spectograms is because they
join the temporal and frequency information in one image. The objective is to
obtain the spectrogram of each audio window and pass them through a 2D-
Convolutional Neural Network to obtain a feature vector.

FIGURE 2.2: Computation process of a spectrogram.
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2.3.2 Videos and Images

Visual indicators such as facial expressions are key to understand emotions. But im-
age and video classi cation and the process of preprocessing and extracting features
remains challenging. Visual features can be broadly categorized into three classes:

1. Local handcrafted approaches. They include handcrafted features and their
corresponding encoding methods. There are lots of methods for this purpose,
but the following three are the most common:

(@) SIFT (Scale Invariant Feature Transform): This method is invariant at
scale and rotation and works in two steps: detection of feature point as
the rst step and feature description as the second one. At the begin-
ning of the procedure, gradients and orientations of pixels are computed.
This is done for each key point and its neighborhood. The feature vector
is a combination of the orientation of histograms within the sub-regions
around the feature point.

(b) SURF (Speeded-Up Robust Features): It is similar to SIFT, but it is faster
and detects the key points by using the determinant of the Hessian matrix.

(c) HOG (Histogram of Oriented Gradient): At each pixel, the image gra-
dient vector is calculated and converted to an angle, voting into the cor-
responding orientation bin with a vote weighted by the gradient magni-
tude. Votes are accumulated over the pixels of each cell. The cells are
grouped into blocks and a robust normalization process is run on each
block to provide strong illumination invariance. The normalized his-
tograms of all of the blocks are concatenated to give the window level
visual descriptor vector for learning.

2. Learning based approaches. They are mainly represented by CNNs (Con-
volutional Neural Networks) for image recognition. There are two different
approaches. The rst one consists of using 2D-CNNs to obtain the features for
each frame of the video independently. This 2D networks can be useD either as
feature extractors and return a feature vector for each input, or can be followed
by a classi er to obtain an image classi cation system. The second approach
aims to include the spatio-temporal information across frames or utterances
by using 3D-CNNs or adding RNNs (Recurrent Neural Networks) layers af-
ter the 2D-CNN. This architectures and some examples of these methods are
explained in section 2.5.

3. Facial Action Coding System (FACS) : It is a comprehensive, anatomically
based system for describing all visually discernible facial movement. It breaks
down facial expressions into individual components of muscle movement, called
Action Units (AUs). There are 49 different Action Units in total. Each of them
represent a different movement of a part of the face, so it is easy to describe
each emotion by the combination of these Action Units. In Fig. 2.3 there are
some examples of the most common facial expressions and the Action Units
that are involved in them.
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FIGURE 2.3: Example of emotion expressions and their respective Ac-
tion Units.

2.4 State-of-the-art - Databases

Since emotions are expressed through a combination of verbal and non-verbal chan-
nels, a joint analysis of speech and gestures is required to understand expressive
human communication. In this context, one of the major limitations in the study of
emotion expression is the lack of databases with genuine interaction that comprise
integrated information from most of these channels. For this reason, in this section
is described the most used databases for emotion expression, depending on the nal
objective of each one.

2.4.1 Posed Emotions

Emotions acted out based on conjecture or with the guidance from actors or profes-
sionals are called posed expressions [26]. Most facial emotion databases, especially
the early ones i.e. Banse-Scherer, CK and Chen-Huang, consist purely of posed facial
expressions, as it is the easiest to gather. However, they also are the least representa-
tive of real world authentic emotions as forced emotions are often over-exaggerated
or missing subtle details. Due to this, human expression analysis models created
through the use of posed databases often have very poor results with real world
data [1]. To overcome the problems related to authenticity, professional theatre ac-
tors have been employed, e.g. for the GEMEP database.

In 2000, the Cohn-Kanade (CK) database was released for the purpose of pro-
moting research into automatically detecting individual facial expressions. This ini-
tial release, includes 486 sequences from 97 posers. Each sequence begins with a
neutral expression and proceeds to a peak expression. The peak expression for each
sequence in fully FACS coded and given an emotion label. The emotion label refers
to what expression was requested rather than what may actually have been per-
formed. For the CK+ distribution, they have augmented the dataset further to in-
clude 593 sequences from 123 subjects (an additional 107 sequences and 26 subjects)
[15].

The CK [15] only consist of frontal portrait images taken with simple RGB cam-
eras. Newer databases try to design collection methods that incorporate data, which
is closer to real life scenarios by using different angles and occlusions (i.e. hats,
glasses, etc.). Great examples are the MMI and Multi-PIE databases, which were
some of the rst well-known ones using multiple view angles. In order to increase
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FIGURE 2.4: Examples of the CK+ database. The images on the top
level are subsumed from the original CK database and those on the
bottom are representative of the extended data.

the accuracy of the human expression analysis models, databases like the FABO have
expanded the frame from a portrait to the entire upper body [1].

2.4.2 Emotion Under Speech

In this subsection, it is presented the most important databases that contains record-
ings with emotions under speech (conversations, phrases,etc), so it can be possible
to analyze emotions from video and audio. In case of multimodal data, the audio
component can provide a semantic context, which can have a larger bearing on the
emotion than the facial expressions themselves. However, in case of solely audio
data, like the Bank and Stock Service and ACC databases, the context of the speech
plays a quintessential role in emotion recognition [1].

There are mainly two types of emotion databases that contain audio content:
stand-alone audio databases and video databases that include spoken words or ut-
terances. The information extracted from audio is called context and can be gener-
ally categorized into a multitude, wherein the three important context subdivisions
for emotion recognition databases are the semantic, structural, and temporal ones
[1]. Following, there is a description of the most important video databases of the
literature.

IEMOCAP - Interactive Emotional Dyadic Motion Capture Database  [5]:

This kind of databases are usually called inducted and the participants usually
interact with other individuals or are subject to audiovisual media in order to
invoke real emotions. Induced emotion databases have become more common
in recent years due to the limitations of posed expressions. The performance
of the models in real life is greatly improved, since they are not hindered by
overemphasised and fake expressions, making them more natural.

It was captured by the Speech Analysis and Interpretation Laboratory (SAIL)
at the University of Southern California (USC) in 2007. This database was
recorded from ten actors in dyadic sessions with markers on the face, head,
and hands, which provide detailed information about their facial expression
and hand movements during scripted and spontaneous spoken communica-
tion scenarios. The actors performed selected emotional scripts and also im-
provised hypothetical scenarios designed to elicit speci ¢ types of emotions
(happiness, anger, sadness, frustration and neutral state). The corpus contains
approximately twelve hours of data (20 month capturing) and each video has
a variable number of utterances, assigning only one emotion to each utterance
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found in the conversation. The detailed motion capture information, the inter-
active setting to elicit authentic emotions, and the size of the database make
this corpus a valuable addition to the existing databases in the community for
the study and modeling of multimodal and expressive human communication.

For the recording, the subjects were seated all the recording in order to avoid
having gestures outside. As well, the subjects had 3 meters of separation be-
tween them, just to avoid sound interferences and visual occlusions. They used
two microphones (Schoeps CMIT 5U, 48KHz) to record both speakers and the
nal audio is provided merging both signal in unique audio le. Fig. 2.5 is one
example of a full conversation between two actors.

FIGURE 2.5: Example of the IEMOCAP database.

As commented before, there are 5 principal emotion to have into account (hap-
piness, anger, sadness, frustration and neutral state), but this database has
three methods to label the emotions and make it more robust to changes:

1. Subjective evaluations : Six human evaluators were asked to assess the

emotional content of the database in terms of emotional categories. As
mentioned before, the database was designed to target anger, sadness,
happiness, frustration and neutral state. However, some of the sentences
were not adequately described with only these emotion labels. Since the
interactions were intended to be as natural as possible, the experimenters
expected to observe utterances full of excitement, fear and other broad
range of mixed emotions that are commonly seen during natural human
interactions.

. Self-emotional evaluations : In addition to the emotional assessments

with naive evaluators, they asked six of the actors who participated in
the data collection to self-evaluate the emotional content of their sessions
using categorical (i.e., sadness, happiness) and attribute (i.e., activation,
valence) approaches.

. Continuous emotional descriptors : An alternative approach to describe

the emotional content of an utterance is to use primitive attributes such
as valence, activation (or arousal), and dominance. The self-assessment
manikins (SAMs) were used to evaluate the corpus in terms of the at-
tributes valence [1-negative, 5-possitive], activation [1-calm, 5-excited],
and dominance [1-weak, 5-strong]

IEMOCAP database contains 5498 utterance (normally distributed in 4290 for
training and 1208 for testing) from 5 different sessions with 2 actors per session
(10 actors in total). It sums up a total number of 151 different videos of variable
length, representing different situation and acted or improvised conversations.
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