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1. The status of thisreport

Joint research in HUMAINE aims to produce ‘exemplars. We chose the term exemplars to
convey that above all, the systems that we develop should embody sound principles. The
systems may be working models or ‘'in principle' specifications. Embodying sound principles
means not only that they should exemplify good ways of addressing individual problems, but
also that the set of exemplars taken as a whole defines a rational ways of partitioning the
overall problem of developing emotion-sensitive systems. Arriving at a satisfying partitionisa
major part of the challenge that HUMAINE faces, requiring iteration and consultation
between groups dealing with different thematic areas.

The Technical Annex sets process that is designed to meet that challenge. It will begin with
production by each thematic group of areview of key concepts, achievements and problemsin
its thematic area; and drawn from the review, an assessment of the key development goals in
the area. This review and assessment will be circulated to the whole network for discussion
and comment, aimed both at building understanding of basic issues across areas, and at
identifying the choices of goal that would be most likely to let the different groups achieve
complementary developments. That consultation phase will provide the basis for deliverables
in month 11, which will specify a range of exemplars that deserve serious consideration. A
further round of consultation will follow before concrete plans for each workpackage are
drawn up and shared at the 18 month plenary meeting.

This report is the review that defines the starting point of the process for work package WPA4,
whose brief titleis‘ Signals to signs of emotion and vice versa'.
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2. 2. Thematic definition of thisworkpackage

WP4 represents one of the HUMAINE thematic areas, and as such features integration
activities including a workshop and joint research activities. Sign/signal interfaces are a major
limiting factor in the development of emotion-oriented systems, whether the modality is
visual, auditory, somatic, or other. They affect both reception and synthesis. WP 4 aims to lay
the foundations for addressing these issues in a coherent way.

In everyday life people express their emotions through multiple modalities - their speech, their
face and their body. This means that a system that attempts to interact with humans, taking
into account their emotional state or attitude, needs to process, analyse and extract all these
cues that are provided to them through their user’s speech, facial expressions, hand and body
pose. Conversely, al of the cues can be used to convey emotional messages to a user.
Additional kinds of information not used in natural communication, but potentially relevant to
interfaces, come from emotion-related somatic and cortical changes. The expected focus of the
research activity is developing the basis for a coherent treatment of these issues.

The following main types of activity are carried out in the first year in WP4. Review and joint
anaysis of the field lay the foundation of the work. This will be reflected in the WP4
workshop to be held in Santorini Greece, September 19-21, 2004, which will strengthen
understanding within the group, but will aso make its work known to members of other
groups. The focus of the work in the first year is on definition of exemplar tasks that embody
key steps towards a coherent treatment of low-level issues.

The work in WP4 has been organized around four subgroups, that focus their contributions on
corresponding sectors of the WP thematic area. The first subgroup is dealing with emotional
analysis of speech signals, with the emphasis being placed on extraction of features, mainly
paralinguistic, with emotional content. The second subgroup deals with emotional analysis of
visua signals, including analysis and recognition of facial information and gestures. The third
subgroup focuses on analysis of physiological signals that also carry information about the
emotional states of users. Finally the fourth subgroup, is dealing with multimodal analysis and
recognition through intelligent techniques, with its work depending on the outcome of the
three other ones. In paraldl, the synthesis of signals, e.g., speech, visual/avatars, is closely
related to the analysis of them, as far as low level information is concerned; cues about it can,
therefore, be extracted by simple extraction of the results of the analysis tasks. However, at the
higher level, synthesis is closely related to man machine interaction and is thus considered in
the framework of Humaine WP6. A particular speech synthesis subgroup has been formed
which is linked with WP6, while interaction of WP4 SG2 teams with WP6 teams has been
established for dealing with emotional animation.
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3. 3. Review of key conceptsin thethematic area

In the following we review the key conceptsin all the above-defined subfields of WP4.

3A. Emotional Speech Sgnal Analysis

Speech is a maor channel for communicating emotion. Indeed, in some settings, such as
telephone conversations, it is the only available channel. The speech signal conveys a large
amount of information: textual, lexical, emotional and gestural information, as well as
information related to the identity, age and sex of the speaker. Extracting the information
related mainly to emotion is a daunting task that has been examined in many different
contexts- different elicitation methods, different labelling schemes, different sizes of
databases.

In the narrowest sense, two main problems are addressed by this workpackage:

1) finding the set of features in the speech signa that are most significant in conveying
emotions

2) finding the best classification algorithm that can indicate emotiona expression, based
on the above features

A multitude of factors conspire to make these problems difficult to solve. The types of
emotions being studied, which can vary widely from setting, along with the ways in which
they are indicated (discrete emotions vs. points on a scale) influence the solutions to very large
extent. The training data — database size, diversity (in settings, emotional content, number of
speakers, their backgrounds, language etc) aso influences the results. Technical and
technological considerations are also a major factor in determining the approaches to solving
the above problems. Analysis of large databases manually is prohibitively time-consuming.
Therefore this analysis must rely to some degree on automated analysis, with various degrees
of reliability (such as errors in pitch detection and phone and word recognition). Small
databases, on the other hand, which can be segmented and labelled manually, often provide a
limited degree of diversity.

In light of the difficulties described above, one main objective of this subgroup is to create
some form of common ground, sharing the combined experiences of the members of this
subgroup. Different approaches and methodologies adopted by the members of this
workpackage will be compared and discussed, hopefully resulting in exemplars which will
benefit the research community interested in these issues. A second objective is in integrating
with other modalities — finding how different modalities can interact, either in strengthening
or in complementing each other.

Several key concepts related to the analysis of speech and the information it conveys are
presented below: these have to do with the layers of information in the speech signal, and how
thisis analyzed with respect to emotiona content.

Linquistic data:

This is the "text" in the speech signal, though it far removed from what one might find in a
normal written text. Anyone with some experience in transcription of spoken text is familiar
with a problem that crops up very fast in such an endeavour: the level of detail. In fact, levels
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of detall in transcribed text can vary wildly. Considering punctuation, for example — spoken
text contains information that parallels punctuation on a much more detailed level than
commas, periods and other written markers. Any stream of transcribed text that ignores these
signs is totally unintelligible. Speech also contains many disfluencies, false starts, pauses
(filled and unfilled), and in fact the syntax of spoken language can prove to be quite different
from that of written language. These are issues that seem to be the focus of many present
studiesin linguistics, of which the study of emotions as reflected in the linguistic datais one.

Paralinquistic data:

This is the information in the speech signal which is considered non-textual, though to some
extent the frontier between the two is not solid. Acoustically it is manifested in severa aspects
of the speech signal: Prosody, which is composed of intonation, duration, and intensity; and
speech quality. All of these interact strongly with the textual data: intensity, for example, is
inherently stronger for certain phonemes than for others. Prosodic parameters are the main
indicators for punctuation, though they also convey emotional information. VVoice quality is
influenced by a variety of physiological factors, though it also has a large part in conveying
emotion.

Feature extraction:

The raw speech signal is a stream of samples. Extracting meaningful information from this
signal involves the key phase of feature extraction; in effect, this involves transforming a data
stream at a high rate, with a high level of redundancy, into several channels of more
informative information at a lower rate. Feature extraction can take place on many levels of
abstraction and "density": from phrase markers, words, syllables and phones, down to detailed
measures of spectrum, energy and fundamental frequency. A large degree of variability is
found in feature sets used by different researchers in the field, depending on their technical
capabilities, available resources and interests.

Statistical methods/ classification algorithms:

Severa basic objectives can be found in the study of emotional speech: the most prominent
are characterization of emotional speech, implementation of automatic emotion detection, and
synthesis of emotional speech. Presently, the last of these is not in the scope of this
workpackage, though this may yet change. The two former objectives require some degree of
statistical analysis and maybe classification, based on the feature sets described previously.
These are usually treated as "black boxes" by researchers in emotions, though they merit close
examination in the context of this workpackage, as many different methods have been
examined in this context — decision trees, HMMs, neural networks, SVMs and others.

3B. A Taxonomy of Intonation and Voice-Quality Features

In the following a description is presented of the two main types of emotional paralinguistic
features, related to intonation and voice quality:

A. Intonation Analysis

Acoustics measures and their perceptua importance
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Any study of intonation begins with a calculation of instantaneous frequency wherever
voicing is present, at regularly spaced intervals. These intervals are usually around 10msec,
which seems to be a widely agreed upon value. The instantaneous frequency is termed FO,
whereas the perceived frequency is termed Pitch. In the frequency range of speech the two
are nearly always. The resultant contour of FO values is called the intonation contour or
pitch contour.

Variations in the pitch contour are due to speaker identity, emotional state, language, intent,
etc., but also to various effects that are of lesser importance to the study of emotion:
coarticulation, natural variability present in biological signals, momentary hoarseness and
vocal fry, low levels of intensity at onset and offset of voicing, etc. Ideally, feature
extraction methods should be able to separate and maybe discard pitch movements that are:

1. dueto microprosodic effects,
2. That are not perceptible to the human ear,
3. that are perceptible but have no pragmatic significance,

leaving those that are truly significant in expression of linguistic and parainguistic
information — stress, intent, emotion, etc.

Normalization and preprocessing of the pitch contour

Comparing intonation features across subjects requires some form of normalization. Each
individual has his’/her personal pitch average found in normal speech. This value can differ
greatly across individuals. At one end of the spectrum, direct comparisons in Hz can be
carried out across individuals. At the other end, simple relative normalization can be
carried out by dividing the overall contour for a given subject by his/her average pitch.

Preprocessing of the intonation contour should also take relative intensity into account, to
some extent. One often finds relatively large changes in pitch at phonation offset and onset,
where the intensity might be very weak, rendering these imperceptible or nearly so. Thisis
not reflected in the raw pitch contour.

Temporal segmentation

Most prosodic parameters, such as pitch maximum, minimum, average, etc., must be
computed over atimeinterval, or time window. Theidea length of thisinterval is not clear,
nor whether it should be fixed. It seems natural that the window of analysis should be
coherent with a unit of expression of a certain idea or emotion, though how to define thisis
not obvious. When dealing with short phrases uttered in isolation (usually acted speech),
these utterances are taken as units of analysis. These are usually severa seconds in
duration. When analyzing longer utterances, several possible approaches seem to appear in
the literature:

a A fixed time interval representing a reasonable choice of average "unit of
expression”. Different values are reported in the literature — usually several seconds.

b. An dternative is to segment utterances into more natura units. Cues to unit
boundaries that are most often used are pauses, specifically those of duration above
acertain threshold.

c. Linguisticaly, the basic unit of spoken language, as opposed to written language, is
known variously as the intonation unit, tone unit, or prosodic unit. Though its
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existence is widely agreed upon by theoretical linguists, there is no cut and dried
definition of what it actually is. Linguists usually rely on perceptual segmentation of
speech to find intonation unit boundaries, whereas automated segmentation is a
subject of ongoing research [Campione and Veronis|. Whether this unit of speechis
appropriate for emotion analysisis unclear at the moment.

First generation statistic features

From the outset of intonation research, various attempts have been made to find ways to
characterize the intonation of an utterance. In this section we summarize some of the
simpler features which seem to be useful at first glance, but can be somewhat misleading in
many Cases:

1. Pitch range — one of the most quoted features, it isin fact very sensitive to artifacts.
Pitch Detection Algorithms (PDA's) are notoriously error prone, often erring by a
factor of 2 or 1/2. Even solitary errors can cause the pitch range to be wildly wrong.
Slight hoarseness or vocal fry can also cause such errors — therefore unsupervised
use of pitch range is very risky. Finaly, speakers might occasionaly demonstrate
very short but large changes in pitch, causing a large pitch range bearing no red
perceptual importance.

2. Pitch variance — Pitch range is more reliable than pitch range, since it is equaly
influenced by all values in the window. Still, it gives no indication of how changes
in pitch were affected. For example, time reversed pitch contours would give the
exact same variance, with very different perceptua consequences.

3. Pitch mean/median — changes in pitch mean or median are often reported in
association with mood, emotional state. Of course this gives no indication of
excursions from the mean, but furthermore it isn't clear at all whether listeners use
this value as a perceptual cue- listeners can usually distinguish emotiona state
without prior knowledge of a speakers pitch mean during neutral speech.

4. Pitch maximumyminimum — similarly to pitch range, these values can easily be
biased even by occasional errors in the PDA. An interesting question is whether
they should be normalized or not. Due to ceiling and floor effects, for example, it
seems that they can be useful when not normalized. In a recent study, for example
[Amir, Ziv and Cohen, 2003], they gave more significant results when not
normalized than when normalized.

Advanced statistic features

The features listed in the previous section suffer from several drawbacks. On a purely
technical level, the are susceptible to errors in the PDA agorithm, and are very sensitive to
normalization methods. More importantly, they give no indication of the temporal patterns
in the pitch contour, which can be extremely important. In this section we will list features
which are based on the raw pitch contour, i.e. those that are not based on parametric
models, yet which try to overcome the drawbacks mentioned above, at least to some extent.

Features based on parametric models

Parametric models, used in many branches of engineering, including speech processing,
have the ability to give succinct representation of complicated data sets, as long as these
confirm to a set of underlying assumptions. A good example is LPC (Linear Predictive
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Coding), as applied to estimation of short term spectra and the instantaneous shape of the
vocal tract.

Several parametric models have been suggested for approximating the shape of the pitch
contour. Interestingly, some of these perform a certain amount of data reduction based on
perceptually related criteria, which is important in discarding uninformative pitch
movements. Some agorithms are amost purely curve fitting methods, while others are
formulated in terms of parameters that are supposedly linked to underlying linguistic
events.

Currently it seems that parametric models have not been used widely in the context of
emotional analysis [ one exception — the work by Mozziconnaci]. It seems that thisis an
interesting avenue for further work, since these models can represent entire prosodic
"tunes’ in the most efficient manner.

B. Voice quality analysis

The analysis of voice quality is complicated by the fact that it is often masked by segmental
and intonational features. In the frequency domain, for example, differences in the
spectrum of the glottal pulse are not easily detected when this pulse is further modified by
the vocal tract. In the time domain, involuntary changes in the pitch contour, such asjitter,
are superimposed on other, voluntary, changes in pitch. The approaches to extracting
useful voice quality features, despite these difficulties, are outlined below.

Time domain features

Though changes in pitch are usually ascribed to prosody, certain microprosodic effects are
commonly regarded as voice quality effects. To these one can aso add local changes in
intensity. Loca fluctuations in pitch, over several pitch periods, are termed jitter, whereas
local fluctuations in intensity are termed shimmer. Many different methods have been
proposed in the literature for measuring these two. Since they are of great interest to speech
therapists, some form of standardization are necessary. Some widely accepted measures are
now implemented in widely used software such ad MDVP and PRAAT.

As noted above, the main difficulty in measuring jitter and shimmer is that they can be
biased greatly in the presence of voluntary changes of pitch and intensity. In clinical
settings, subjects are usually requested to utter a single sustained vowel when these
parameters are to be measured. Clearly this is impossible when dealing with emotional
speech.

Features based on short term spectra

The short term spectrais determined by segmenta information to a very large extent, rather
than by the glottal pulse. Though one can conceivably compare similar phones, carrying
this out automatically is prohibitively complicated. One common approach is ssimply to
average short time spectra over a relatively long segment of speech, severa seconds in
length at least. Thisis known asthe LTAS - Long Term Average Spectrum. The LTAS is
necessarily a gross measure, smearing local changes over alarge interval, with no ability to
track small short-term changes in spectra. Nevertheless it can prove useful, giving
statistically significant correlation with emotion in the same was as pitch mean, taken over
similar intervals.

Features based on Parametric models

Such features are related to inverse filtering.
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3C. The MPEG-4 Natural Synthetic Hybrid Coding (NSHC) Sandard

One of the most important recent devel opments towards unification of representations for both
analysis and synthesis purposes has been the ISO MPEG-4 standard, and particularly its
Synthetic Natural Hybrid Coding Part (SNHC). The SNHC sub-group of MPEG-4 released
three versions:

MPEG-4 Version 1: face animation. The definition and animation of avatars are
known by the name FBA (Face and Body Animation) has been adopted by MPEG-4 in
1998; it is the Face and Body Animation (FBA) framework. Here, the avatar body is
structured as a collection of segmentsindividually specified; the avatar face is a unique
object animated by deformation controlled by standardized feature points. FDPs are
used for the definition of the model of the face and FAPs control its animation.

MPEG-4 Version 2: Body animation. BDPs (Body Definition Parameters) control the
intrinsic properties of each anatomical segment of the avatar body and BAPs its
animation. The BDP node includes information related to the avatar body
representation as a static object composed by anatomical segments and deformation
behaviour.

MPEG-4 Part 16: animation of generic virtual objects. MPEG-4 adopted in its latest
amendment a generic deformation model, which is called BBA (Bone-based
Animation). As specified in the Part 16 of the MPEG-4 standard this generic model is
implemented through bones and muscles and this concept has a result the Skeleton,
Muscle and Skin (SMS) framework.

In the framework of the MPEG-4 standard, parameters have been specified for Face and Body
Animation (FBA) by defining specific Face and Body nodes in the scene graph. The goal of
FBA definition is the animation of both realistic and cartoonist characters. Thus, MPEG-4 has
defined alarge set of parameters and the user can select subsets of these parameters according
to the application. The FBA part can be also combined with multimodal input (e.g. linguistic
and paralinguistic speech analysis).

MPEG-4 specifies 84 feature points on the neutral face, which provide spatia reference for
FAPs definition. The FAP set contains two high-level parameters, visemes and expressions.
Most of the techniques for facial animation are based on a well-known system for describing
“al visually distinguishable facial movements’ called the Facial Action Coding System
(FACS). FACS is an anatomically oriented coding system, based on the definition of “Action
Units’ (AU) of a face that cause facial movements. An Action Unit could combine the
movement of two muscles or work in the reverse way, i.e, split into severa muscle
movement. The FACS model has inspired the derivation of facia animation and definition
parameters in the framework of the ISO MPEG-4 standard. In particular, the Facial Definition
Parameter (FDP) and the Facial Animation Parameter (FAP) set were designed in the MPEG-
4 framework to alow the definition of a facial shape and texture, eliminating the need for
specifying the topology of the underlying geometry, through FDPs, and the animation of faces
reproducing expressions, emotions and speech pronunciation, through FAPs. Viseme
definition has been included in the standard for synchronizing movements of the mouth
related to phonemes with facial animation. By monitoring facial gestures corresponding to
FDP and/or FAP movements over time, it is possible to derive cues about user’s expressions
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and emotions. Various results have been presented regarding classification of archetypal
expressions of faces, mainly based on features or points mainly extracted from the mouth and
eyes areas of the faces. These results indicate that facial expressions, possibly combined with
gestures and speech, when the latter is available, provide cues that can be used to perceive a
person’s emotiona state.

3D. Emotional Visual Sgnal Analysis

This includes both analysis of facial expressions and of gestures, mainly of hands. In
particular:

Facia Expression Analysis

There is a long history of interest in the problem of recognizing emotion from facial
expressions [16], and extensive studies on face perception during the last twenty years
[19,12,14,18]. Analysis of the emotional expression of a human face requires a number of pre-
processing steps which attempt to detect or track the face, to locate characteristic facia
regions such as eyes, mouth and nose on it, to extract and follow the movement of facial
features, such as characteristic points in these regions, or model facial gestures using anatomic
information about the face. Techniques which attempt to identify facial gestures for emotional
expression characterization face the problems of locating or extracting the facial regions or
features, computing the spatio-temporal motion of the face through optical flow estimation,
and introducing geometric or physical muscle models describing the facial structure or
gestures.

Affective Gesture Analysis

Traditionally, in Al it had been assumed that the limb structure is the most important feature
for human-like movements. Dittrich [27] reported that expressivity can be conveyed by the
movement trajectories of the human body completely independent of the limb structure of the
body. This finding has since been confirmed repeatedly (see [25]). Furthermore, Dittrich et al.
[26] demonstrated that observers are able to recognise emotiona states from dance
movements.

In particular, detection and interpretation of hand gestures has become an important part of
human computer interaction (MMI) in recent years [29]. Sometimes, a simple hand action,
such as placing a person’s hands over his ears, can pass on the message that he has had
enough of what he is hearing; this is conveyed more expressively than with any other spoken
phrase. To benefit from the use of gestures in MMI it is necessary to provide the means by
which they can be interpreted by computers. The MMI interpretation of gestures requires that
dynamic and/or static configurations of the human hand, arm, and even other parts of the
human body, be measurable by the machine. First attempts to address this problem resulted in
mechanical devices that directly measure hand and/or arm joint angles and spatial position.
The so-called glove-based devices best represent this solutions' group.

Since the processing of visual information provides strong cues in order to infer the states of a
moving object through time, vision-based techniques provide at least adequate, alternatives to
capture and interpret human hand motion. At the same time, applications can benefit from the
fact that vision systems can be very cost efficient and do not affect the natural interaction with
the user. These facts serve as the motivating forces for research in the modeling, analysis,
animation, and recognition of hand gestures. Analyzing hand gestures is a comprehensive task
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involving motion modeling, motion analysis, pattern recognition, machine learning, and even
psycholinguistic studies.

The first phase of the recognition task is choosing a model of the gesture. The mathematical
model may consider both the spatial and temporal characteristic of the hand and hand
gestures. The approach used for modeling plays a pivota role in the nature and performance
of gesture interpretation. Once the model is decided upon, an analysis stage is used to compute
the model parameters from the image features that are extracted from single or multiple video
input streams. These parameters constitute some description of the hand pose or trajectory and
depend on the modeling approach used. Among the important problems involved in the
analysis are those of hand localization, hand tracking, and selection of suitable image features.
The computation of model parameters is followed by gesture recognition. Here, the
parameters are classified and interpreted in the light of the accepted model and perhaps the
rules imposed by some grammar. The grammar could reflect not only the internal syntax of
gestura commands but aso the possibility of interaction of gestures with other
communication modes like speech, gaze, or facial expressions. Evaluation of a particular
gesture recognition approach encompasses accuracy, robustness, and speed, as well as the
variability in the number of different classes of hand/arm movementsit covers.

Gesture tracking and recognition

The modeling of hand gestures depends primarily on the intended application within the MMI
context. For a given application, a very coarse and smple model may be sufficient. However, if the
purpose is a natural-like interaction, a model has to be established that allows many, if not all, natural
gestures to be interpreted by the computer.

Human hand motion is highly articulate, because the hand consists of many connected parts that lead
to complex kinematics. At the same time, hand mation is also highly constrained, which makes it
difficult to model. Usually, the hand can be modeled in several aspects such as shape, kinematical
structure [10], dynamics[7, 28].

In general, human hand motion consists of the global hand motion and local finger motion. Hand
motion capturing deals with finding the global and local motion of hand movements. Two types of
cues are often used in the localization process: color cues [20], and motion cues [26]. Alternatively
the fusion of color, motion and other visual or non-visual cues like speech or gaze is used [22].

Hand localization is locating hand regions in image sequences. Skin color offers an effective and
efficient way to fulfill this goal. According to the representation of color distribution in certain color
spaces, current techniques of skin detection can be classified into two genera approaches:
nonparametric [20] and parametric[5].

To capture articulate hand motion in full degree of freedom, both global hand motion and
local finger motion should be determined from video sequences. Different methods have been
taken to approach this problem. One possible method is the appearance-based approaches, in
which 2-D deformable hand shape templates are used to track a moving hand in 2-D [25].
Another possible way is the 3-D model-based approach, which takes the advantages of a
priori knowledge built in the 3-D models.

Meaningful gestures could be represented by both temporal hand movements and static hand
postures. Hand postures express certain concepts through hand configurations, while temporal
hand gestures represent certain actions by hand movements. Sometimes, hand postures act as
specia transition states in temporal gestures and supply a cue to segment and recognize
temporal hand gestures. Although hand gestures are complicated to model because the
meanings of hand gestures depend on people and cultures, a set of specific hand gesture
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vocabulary can always be predefined in many applications, such as virtua environment
applications, so that the ambiguity can be limited.

In certain applications, continuous gesture recognition is required; as a result, the temporal
aspect of gestures must be investigated. Some tempora gestures are specific or smple and
could be captured by low detail dynamic models. However, many high detail activities have to
be represented by more complex gesture semantics, so modeling the low-level dynamics is
insufficient. The HMM (Hidden Markov Model) technique [3] and its variations [24] are often
employed in modeling, learning, and recognition of temporal signals. Because many temporal
gestures involve motion trajectories and hand postures, they are more complex than speech
signals. Finding a suitable approach to model hand gesturesis still an open research problem.
Practical large-vocabulary gesture recognition systems by HMM are yet to be devel oped.

Gesture interpretation

Gesture analysis research follows two different approaches that work in paralel. The first
approach treats a hand gesture as a two- or three dimensional signal that is communicated via
hand movement from the part of the user; as aresult, the whole analysis process merely tries
to locate and track that movement, so as to recreate it on an avatar or trandate it to specific,
predefined input interface, e.g. raising hands to draw attention or indicate presence in avirtua
classroom.

The low level results of the approach can be extended, taking into account that hand gestures
are a powerful expressive means. The expected result is to understand gestural interaction as a
higher-level feature and encapsulate it into an origina modal, complementing speech and
image analysis in an affective MMI system [2]. This transformation of a gesture from a time-
varying signal into a symbolic level helps overcome problems such as the proliferation of
available gesture representations or failure to notice common features in them. In general, one
can classify hand movements with respect to their function as [4]:

Semiotic: these gestures are used to communicate meaningful information or
indications
Ergotic: manipulative gestures that are usually associated with a particular instrument
or job and

Epistemic: again related to specific objects, but aso to the reception of tactile
feedback.

Semiotic hand gestures are considered to be connected, or even complementary, to speech in
order to convey a concept or emotion. Especially two maor subcategories, namely deictic
gestures and beats, i.e. gestures that consist of two discrete phases, are usualy semantically
related to the spoken content and used to emphasize or clarify it [6]. Thisrelation is aso taken
into account in [1] and provides a positioning of gestures along a continuous space [4].

In this study, certain gestures are considered spontaneous, free form movements of the hands
during speech (gesticulation), while others, termed emblems, are indicative of a specific
emotion or action, such as an insult. An interesting conclusion in [6] is that the alternative use
of gestures and speech in order to comprehend the communicated emotion or idea makes the
whole concept of body language obsolete. Indeed, the study shows that instead of being “mere
embellishments” of spoken content, gestures possess a number of para-linguistic properties.
For example, such gestures convey a specific meaning only when considered as a whole, not
as mere collections of low level hand movements. While spoken words are usualy
unambiguous and can be semantically interpreted only when in a complete sentence or
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paragraph, gestures are atomic when it comes to conveying an idea and typically their actual
form depends on the personality and current emotional state of a specific speaker. As aresullt,
gestures cannot be analyzed with the same tools used to process the other modals of human
discourse. In the case of gesticulation, we can regard gestures as functions of hand movement
over time; the result of this approach is that the quantitative values of this representation, such
as speed, direction or repetition, can be associated to emotion-related values, such as
activation. This essentially means that in many cases we do not need to recognize specific
gestures to deduce information about the users emotiona state, but merely track the
movement of their arms through time. This concept can aso help us distinguish a specific
gesture from a collection of similar hand movements: for example, the “raise hand” gesture in
aclassroom or discussion and the “go away” or “I’ ve had enough” gestures are similar when it
comes to hand movement, since in both cases the hand is raised vertically. The only way to
differentiate them is to compare the speed of the upward movement in both cases: in the latter
case the hand is raised in a much more abrupt manner. In our approach, such feedback is
invaluable, since we try to analyze the users emotional state by taking into account a
combination of both gesture- and face-related features and not decide based on merely one of
the two modals.

3E. Emotional Physiological Sgnal Analysis

The following signals are generally recognised to contribute to discriminating among emotion-
related states:

ECG

GSR
RESP
Skin Temp

The raw signals from these channels are not necessarily informative without preprocessing
that extracts relevant attributes. Preprocessing routines can be developed, using the analyses
reported by [Picard, 2001] as amodel, and the following descriptors can be extracted from the
raw signas.

From ECG: (Heart Rate, Heart Rate Diff., Beat Magnitude)
From GSR: (GSR Level, GSR Diff)

From RESP: (Breath Rate, Breath Rate Diff., Breath Magnitude)
From Skin Temp: (Temp Level, Temp Diff).

Physiological indicators are expected to reflect underlying psychological states — stress,
arousal, emotion, etc — with the relationship might being quite complex. Combining them
with other modalities, especially related to speech and visual information is of great interest
[Cowie et al 2001].

In particular:

An extensive body of research in psychophysiology has established that visceral signs of
emotion show some statistical discrimination between emotional and non-emotiona states,
and to some extent among emotions [Levenson 1992; Cornelius 1996]. Broadly speaking, the
research indicates that a few variables carry most of the information about visceral differences
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between emotional states (e.g., [Cacioppo et a 1993, 2000] (from Lewis & Haviland-Jones
(eds)) (2000)). They are:

* Heart rate

* Skin conductance

* Electromyographic activity
* Respiration

* Skin temperature

In addition to these generic variables, several more specific ones relate to individual emotions.
There is evidence that anxiety may be marked by simple indicators such as the startle eye
blink (Yartz & Hawk 2001; Koukounas & McCabe 2001]. “Stress’ is associated with
cardiovascular changes that may be confounded with effects of emotion per se [Feldman, et a
1999], but aso more specifically with elevated serum cortisol and lowered salivary secretory
immunoglobulin A levels (see [Hucklebridge et al, 2000]). Another line of research has
probed relationships between emotion and states of the central nervous system, measured by
EEG (see [Davidson, Ekman, Saron, Senulis, & Friesen 1990; Davidson 1999] and brain
imaging techniques (for recent reviews, see [Rolls 1999], [Davidson, Jackson, and Kalin
2000]).

Of the measures described, the traditional somatic measures are much the most useful. The
techniques needed to obtain them are not excessively intrusive, and they are relevant to a
considerable range of states (rather than being useful for detecting one, but of no relevance to
others).

Emotion — related features identified by traditional psychophysiology

Psychophysiology has explored a wide range of indicating variables. Some are directly related
to sensor output (e.g. finger temperature), but others are derived by pre-processing of
considerable complexity. [Cacioppo et al, 1993, 2000] provide an invaluable summary of the
evidence for links between features of these kinds and emotional states. The most widely cited
features are listed below [Oresteia, 2003], and then the Table gives key studies in which they
were explored (using the abbreviations given).

* Heart Rate; HR

* Skin Conductance Level; SCL
* Number of Non-specific Skin Conductance Responses; NNSCR
* Finger Temperature; FT

* Face Temperature; FCT

» Muscle Activity; EMG

* Movement;, MVT

» Systolic Blood Pressure; SBP
* Diastolic Blood Pressure; DBP
* Stroke Volume; SV

* Cardiac output; CO

* Finger Pulse Volume;, FPV

HUMAINE 17 |ST FP6 Contract no. 507422



HUMAINE D4b

* Respiration; RESP

* Pulse Transit Time; PTT

* Blood Volume;, BV

» Number of Muscle Tension Peaks, NM TP
* Respiration Rate; RR

* Hand Temperature; HT

* Inspiratory Index; 11

* Total Peripheral Resistance; TPR

* Respiration Irregularity

Study Dependent Variables (with data from 1993 & 2000 editions)

AXx, 1953 SBP, DBP, SV, HR, FCT, FT, SCL, EMG, RESP,NNSCR, NMTP, RR
Schachter, 1957 HR, SBP, DBP, FCT, FT, SCL, EMG, RESP, SV, PR, HT, Il, RR, CO, TPR
Averill, 1969 HR, SBP, DBP, FCT, FT, SCL, FPV, NNSCRs, RESP, RR, RI

Torangeau &

Ellsworth, 1979 HR, SRL, NNSCRs

Schwartz et al.,1981 HR, SBP, DBP

Ekman et al.,1983 HR, FT, SRL, EMG

Stemmler, 1989 HR, FT, SCL, EMG, MTV, RESP, PTT, FBV, BV,RR, NNSCR, FCT

Tassinary et al.,1989 SCL, HR

Levensoneta. 1990 HR, FT, SCL, EMG/MVT

Levensonetal., 1991 HR, FT, SCL, MVT

Levensoneta., 1992 HR, FT, SCL, PTT, FPV, RESP,RD, RR

Visceral Features linked to emotional states.

Emotion — related features used in computational prediction

Leading on from the psychophysiological tradition, but with some different emphases, is work
in the emerging area of ‘emotional computing’. The most extensive series of studies in this
area was reported by [Picard et a, 2001]. Their research aimed at discriminating self-induced
emotional states in a single subject. It is important to be clear that such a task is in many
respects highly simplified. The subject was always the same, and induced the states in the
same way. Even so, prediction was greatly improved by procedures designed to take account
of day-to day variations in the subject’s state. That illustrates the reason why investigators do
not generally suggest ssimple standard thresholds for measures to be considered indicative of
emotion. The features that they found most useful are listed below. The numbers in
parentheses are an index of usefulness in prediction: they describe the proportion of the
group’s analyses in which the variable concerned contributed to prediction of the subject’s
state. An obvious contrast with the classica psychophysiological studies is that the Picard
group formed features by applying standard statistical operations to the raw signals.

The measures involving difference are formed by summing absolute vaues for loca
derivatives or second derivatives. Normalised measures are derived from the corresponding
raw measures by transforming the latter to give a mean of 0 and variance of 1. the fact that
they are often useful reinforces the question mark over the relevance of criteria couched in
terms of absolute thresholds.
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1. Difference (.89) and second difference (.78) of facial muscle tension.

2. Mean blood pressure (.78).

3. Normalised rate of change in heart rate (1.0) & average acceleration/decel eration of heart rate (.83).
4. Difference (.89) and second difference (.78) of skin conductivity.

5. Mean of 1 st difference of smoothed conductivity (1.00).

6. 1 st & 2nd difference of lung volume (.78); normalised 1 st difference (0.89) has a dlight advantage.
7. Power spectral density functions for respiration.

In the following we refer to multiresolution analysis of physiological data and features
extracted from complex data, such as ECG signals.

Multiresolution Wavelet Analysis

The multiresolution-analysis procedure consists of transforming the discrete-time sequence of
R-R intervals into a space of wavelet coefficients. The transformed signal can be thought of in
terms of a landscape over a two-dimensiona plane whose axes are interbeat-interval number
and scale. Smaller scales correspond to more rapid variations and therefore to higher
frequencies. The height is the value of the corresponding wavelet coefficient. With such a
three-dimensional construct it is possible to simultaneously trace the behaviour of the R-R
sequence at multiple scales, as it proceeds in time. Wavelet analysis has proved to be a useful
technique for analyzing signals at multiple scales. It permits the time and frequency
characteristics of a signa to be ssmultaneously examined and has the advantage of naturally
removing polynomial non-stationarities [Oresteia, 2003].

Pulse Detector

ECG signadls exhibit non-stationarities and slow global variations making the wavelet tools
attractive for efficient analysis. We can implement a wavelet-based pulse (R-) detector that
operates robustly even for hard-to-interpret ECGs. The kernel of the algorithm is a
multiresolution discrete wavelet decomposition scheme using a biorthogonal basis. The soft
thresholding involved in the analysis procedure is based on two critical assumptions:

@ Existence of aminimum allowable heart rate

@ Existence of a minimum allowable R-S distance (contiguous maxima and minima of

QRS)

In order to detect severa features of interest we can implement the agorithm proposed by
[Sivannarayana et al., 1999]. We can replace their R- detection module and use their method
to detect Q and S points on the ECG waveform. Sivannarayana et al. use biorthogonal wavelet
filtering to decompose the signal over different scales and determine accurately amplitudes,
durations of various ECG segments.

Allan Factor

The Allan factor [Teich, 2001] is the ratio of the event-number Allan variance to twice the
mean. The Allan variance at a particular scale is a measure of how averages, over windows of
length T, change from one period to the next. Therefore, as opposed to the ordinary variance,
it is defined in terms of the variability of successive counts. Intuitively, one can relate the
fluctuation of Allan variance to possible irregularity (arrhythmia) in the heartbeat sequence.
For a homogeneous Poisson point process, A(T) = 1 for any counting time T. Any deviation
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from unity in the value of A(T) therefore indicates that the point process in question is not
Poisson in nature. An excess above unity reveals that a sequence is less ordered than a
homogeneous Poisson point process, while values below unity signify sequences, which are
more ordered. For a point process without overlapping events the Allan factor approaches
unity as T approaches zero.

Wavelet-Transform Standard Deviation

Since the ECG signal fluctuates in time, so does the sequence of wavelet coefficients at any
given scale, though their mean is zero [Malik, 1996]. A natural measure for this variability is
the wavelet-coefficient standard deviation, as a function of scale. This quantity has recently
been shown to be quite valuable for HRV analysis. It is expected that the wavelet coefficients
for abnorma ECGs exhibit different variability than those for normal ones at intermediate
scales. For example a heart-failure patient will exhibit a wavelet transformed ECG with
substantially lower variability than the one from a normal patient. A special case obtained by
using the Haar wavelet basis is the HRV measure referred as RMSSD as an abbreviation for
Root-Mean-Sguare Succesive Interval Differences. This acts as a measurement of short-term
variation and estimates high frequency variations in heart rate. Therefore, it can also serve as
an indicator of abrupt heart beat changes during the evolution of the ECG.

3F. Multimodal Emotion Recognition

This task includes integration of the features and cues extracted from the different modalities,
combined analysis of them in the framework of existing knowledge for the specific
modalities, as well as for their combination, taking into account the context of interaction. In
this sense it involves both WP4 and WP6, with contributions related to the lower analysis part
being handled in WP4 and ones related to perception and interaction handled in WP6. The
issues related to integration are discussed in the following section.

Various intelligent technologies can be used for evaluating the integration of multimodal cues,
including statistical techniques, neural networks, fuzzy systems, neurofuzzy techniques,
support vector machines, Hidden Markov models (HMMs), knowledge technologies including
ontol ogies and reasoning.
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4. Review of key achievementsin thethematic area

In the following we provide areview of key achievementsin all WP4 subfields:

4A. Emotional Speech Sgnal Analysis

Many studies on emotional speech have appeared in the literature. Very often one finds that
researchers working on this subject must deal with diverse aspects, since it is by nature very
interdisciplinary. The motivation behind such studies also varies widely. On one end of the
spectrum we find research that is conducted with a practical implementation in mind, such as
analysis of call center data. At the other end we find research that is much more theoretical in
nature, studying awider range of emotions and attempting to characterize them in detail.

One key achievement in thisfield is the acknowledgment that there is no single "holy grail” in
emotion detection. It seems to be agreed upon that studies conducted in different settings
have different objectives, and employ different methods.

At present it seems that the most successful attempts are those in which the settings are
relatively constrained — by the character of the databases, the range of emotions, the number of
speakers, etc. To quote from a recent study by Batliner et a., performing anger/neutral
classification on call center data: "...Recognition rates for these settings are best for a speaker-
specific classifier (one experienced speaker, acting), worse for a speaker-independent
classifier (several less experienced speakers, reading), and even worse for a speaker-
independent classifier with naive subjects’.

Motivation for analysis of call-center data is very practical in nature: improving the quality of
service. At first glance it seems to be arather simple setting, since the interaction usually has a
well-defined goal, such as ordering tickets, performing stock market transactions, etc. The
expected emotions are aso restricted — neutral, irritation/anger (when the system
malfunctions), and maybe fear (when the system seems to perform the wrong action). Studies
carried out on this type of data [Batliner et al., Devillers et a, Petrushin] report good results
on acted speech, with difficulties encountered when analyzing similar emotions (such as anger
and fear) and more so when encountering the variability found in natural speech.

Studies with a more theoretical orientation have been carried out extensively, most often on
acted speech. Analysis carried out on a smal number of actors, using the same text for
different emotions is a severely constrained situation. Though it can be considered very
limited in scope, this type of study, as carried out by Montero et a., for example, can be
readily applied to finding prosodic rules used to create synthesized emotional speech.

Analyses carried out on acted speech have provided numerous insights into the general
characterizations of so called "prototypica emotions’ (most often including a subset of fear,
anger, happiness and sadness). A qualitative summary of the general features found in these
appeared aready in a review by Murray and Arnott, in 1993. Though later studies perform
much more detailed quantitative analyses, using widely varying features sets and analysis
methods, researchers repeatedly mention that many obstacles remain in the way of recognition
even on acted speech — among them large degrees of variability in emotional expression,
difficulty in establishing emotional categories, and recurringly — finding the most
representative feature sets.

To summarize:
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Existing research has examined a variety of different settings, with different
constraints. Several common frameworks for studying this field have emerged, with
perhaps call center data being the most practical at this stage.

Existing research has served to point out the multitude of problems inherent in
emotion detection from speech. Some of these are in the domains of other
workpackages, which should nevertheless be in close collaboration with WP4.

Research in to the human perception of various emotions in acted speech can serve as
ageneral guideline of what can be expected from automatic recognition — though there
isno apriori indication that these figures cannot be surpassed.

Many efforts have been put into the examination of various features sets, on a wide
range of time scales, from sub-segmental to suprasegmental. Though these are

becoming more and more sophisticated, we are far from finding an "ultimate" set of
representative features.

4B. Emotional Visual Sgnal Analysis

Extraction of Facial Features Relevant to Expression Analysis

Facial analysisincludes a number of processing steps which attempt to detect or track the face,
to locate characteristic facial regions such as eyes, mouth and nose on it, to extract and follow
the movement of facial features, such as characteristic points in these regions, or model facial
gestures using anatomic information about the face [33].

One of the main questions is what signal characteristics are relevant for human perception.
Even more fundamentally, one might ask what makes an emotional signal possible. One of the
important question in modelling facial expressions and distinguishing between emotional
expressions is the question about the exact nature of the information used in visual analysis. A
study by Dittrich [28] investigated whether the location and number of facial features that are
visible would affect the perception of facial expressions when the face is moved around.
Using biological motion displays it was found that even a small number of facial locations
displayed would convey the emotional expressions. Even more importantly, he found that the
distribution of facia locations could be random instead of defined facial features such as eyes,
nose or mouth. In other words, many facial areas might be able to convey the characteristics of
specific emotional expressions and one does not need the cover the full range of facial features
or the full area of the face to effectively analyse or express emotions.

As aready mentioned, most of the models of facial gestures are based on the well known
Facia Action Coding System (FACS). FACS is an anatomically oriented coding system,
based on the definition of “action units’ of a face that cause facial movements. The FACS
model has inspired the derivation of facial animation and definition parameters in the
framework of the ISO MPEG-4 standard. In particular, the Facia Definition Parameter (FDP)
set and the Facial Animation Parameter (FAP) set were designed in the MPEG-4 framework
to alow the definition of a facial shape and texture, as well as the animation of faces
reproducing expressions, emotions and speech pronunciation. Viseme definition has been also
included in the standard for synchronizing movements of the mouth related to phonemes with
facial animation.

Although FAPs provide al the necessary elements for MPEG-4 compatible animation, we
cannot use them for the analysis of expressions from video scenes, due to the absence of a
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clear quantitative definition framework. In order to measure FAPs in rea image sequences, a
mapping has been defined [30] between them and the movement of specific FDP feature
points (FPs), which correspond to salient points on the human face.

Robust and accurate facial analysis and feature extraction has aways been a complex problem
that has been dealt with by posing presumptions or restrictions with respect to facial rotation
and orientation, occlusion, lighting conditions and scaling. These restrictions are being
eventually revoked in the literature, since authors deal more and more with redlistic
environments, while keeping in mind pioneering works in the field.

Hand detection and tracking

Hand tracking systems are used to extract emotion-related features through hand movement.
The general process involves the creation of moving skin masks, namely skin color areas
which are tracked between subsequent frames. By tracking the centroid of those skin masks
estimates of user’s movements can be computed.

Most hand tracking techniques utilize fused color and motion segmentation algorithms. A
region-growing color segmentation step such as RSST or a morphological partitioning tool
such as watershed can be used to extract color areas, and combine them with optical flow
information. Unfortunately those methods are slow, even when combined with muilti-
resolution techniques. In order to implement a computationally lighter system, a-priori
knowledge related to the expected characteristics of the input image should be taken into
account. Since the context is MMI applications, it can be assumed that the head is in the
middle area of upper half of the frame and the hand segments near the respective lower
corners. In addition to this, concentration can be on the motion of hand segments, given that
they are the end effectors of the hand and arm chain and thus the most expressive object in
tactile operations.

For each given frame, as in the face detection process, a skin color probability matrix is
computed by calculating the joint probability of the Cr/Cb image values. The skin color mask
is then obtained from the skin probability matrix with thresholding. Both color and motion
masks contain a large number of small objects due to the presence of noise and objects with
color similar to the skin. To overcome this, morphologica filtering is employed on both
masks to remove small objects. The moving skin mask is then created by fusing the processed
skin and motion masks through the morphological reconstruction of the color mask using the
motion mask as marker.

4C. Physiological Sgnal Analysis

Key achievements in biosignals include the following:

Manua analysis was used to interpret the biosignals (finger temperature, heart rate,
skin conductance, and muscle tension) corresponding to anger, fear, sadness,
happiness, disgust, and surprise [Ekman et al. 1983]. The results showed the relative
emotional cuesin biosignal; anger, fear, and sadness increased the heart rate more than
happiness and surprise did, while disgust decreased the heart rate. Anger increased left
and right finger temperatures more than happiness and sadness did, while fear surprise,
and disgust decreased the finger temperature.
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Psychophysiology has explored a wide range of indicating variables. Some are directly
related to sensor output (e.g. finger temperature), but others are derived by pre-
processing of considerable complexity. [Cacioppo et a, 1993, 2000] provide an
invaluable summary of the evidence for links between features of these kinds and
emotiona states. For example, they observed that anger increases diastolic blood
pressure to the greatest degree, followed by fear, sadness, and happiness. Anger is
further distinguished from fear by larger increases in blood pulse volume, more
nonspecific skin conductance responses, smaller increases in cardiac output, and other
measures indicating that Aenger appears to act more on the vascul ature and less on the
heart than does fear".

In [Gross and Levenson, 1997] study amusement, neutrality, and sadness were elicited
by showing films. Skin conductance, inter-beat interval, pulse transit times and
respiratory activation were measured. The results showed that inter-beat interval
increased for al three states, but for neutrality it was the least. Skin conductance
increased after the amusement film, decreased after the neutral film and stayed the
same after the sadness film.

A pair-wise statistical comparison of biosignals was performed with skin conductance,
skin resistance, skin potential, skin blood flow, skin temperature, and instantaneous
respiratory frequency [Collet et al. 1997]. To obtain the biosignals the participants
were shown naturaly and emotionally loaded pictures to elicit happiness, surprise,
anger, fear, sadness, and disgust.

In [Healey and Picard, 2000] work biosignals (electrocardiogram, electromyogram,
respiration, and skin conductance) of the drivers were measured in order to detect their stress
level. SFFS (sequential forward floating selection) algorithm was used to recognize pattern of
drivers stress and the intensity of driver’s stress was recognized by 88.6% accuracy.

Another study of [Picard et al., 2001] conducted by showing emotion specific pictures
to elicit happiness, sadness, anger, fear, disgust, surprise, neutrality, platonic love, and
romantic love. The signals measured were galvanic skin response, heartbeat,
respiration, and electrocardiogram. The algorithms used to analyze the data were
SFFS, Fisher Projection, and hybrid of these two. The best classification achievement
was gained by the hybrid method, which resulted in 81.25% accuracy overall.

In [Kim and André, 2004] work, a combination analysis with speech and biosignal was
performed in online condition for emotional interaction simulation with computer animation.
Simple cue- and threshold-based classification method was used to approach to real-time
processing of entire recognition system. They used four quadrants emotion model derived
from two factors: valence (positive/negative) and arousal (high/low), with four basic emotions
for each quadrant, i.e. happy, angry, sad, and calm. To gather the speech and the biosignals for
analysis purpose, video clips were used to €elicit the four emotions from the students. Their
physiological signals by using four biosensors, ECG (electrocardiogram) on the breast for
heart rate, EMG (electromyogram) on the forehead representing muscular tension, RESP
(respiration) from chest or belly expansion, and SC (skin conductivity) on the fingers.
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4D. Multimodal Emotion Recognition

Let usfirst consider how emotion detection can be tackled mainly in the framework of speech
signal analysis, assuming lateral information being provided by the other modules (visual,
paralinguistic).

In order to detect emotion on natural real-life dialog speech, lexical, prosodic, disfluences and
contextual cues can be combined with “paralinguistic’ information. The scheme below shows
a fusion model provided by LIMSI, derived from E. Shriberg one’s (speech prosody 2004)
combining sub-models on segmental, supra-segmental and paralinguistic audio cues
detection. Two boxes have been added, one showing the possibility to combine with other
modalities and the other taking into account contextual information.

In the auditory models fusion part :

- The speech recognition model aims to extract the words that the speaker produces
(segmental level — linguistic cues) and produces an audio/text alignment that could be used for
computing some prosodic and disfluences cues,

- The prosodic analysis aims to extract significant variations in the way words are produced
(supra-segmental level —linguistic cues),

- The disfluences analysis aims to extract the “abnormal” speech production such as filler
pauses, repetitions (segmental and supra-segmental levels — linguistic cues),

and the non verbal-events cues analysis (laugh, cry, throat clearing...) (paralinguistic cues).
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A speech analysis based emotion detection model

Next, asimilar visual fusion part is provided: the facial expression analysis subsystem is the
main part of the presented system; gestures are utilized to support the outcome of this
subsystem.

Let us consider as input to the facial emotion analysis sub-system a 15-element length feature
vector . The particular values of f can be rendered to FAP vaues included in an input vector

G. The elements of G express the observed values of the corresponding involved FAPs. The

various emotion profiles correspond to the fuzzy intersection of several sets and are
implemented through a -norm of the form t(a,b)=a’b. Similarly the belief that an observed
feature vector corresponds to a particular emotion results from a fuzzy union of severa sets
through an -normwhich isimplemented as u(a,b)=max(a,b).

An example of using HMMs for the gesture analysisis provided next.

Gesture Classification using HMMs

The following figure shows the architecture of a gesture classification system.
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Video Sequence
Head & Hand - Head & Hand
— P . .
Segmentation Tracking
Gesture Classes Vect
e P Feature or -
< HMM Classifier Formation

A genera framework for gesture classification through HMMs

The utilized features that feed (as sequences of vectors) the HMM classifier, as well as the
output classes of the HMM classifier can be the following:

Xin = Xrhy Xt =Xihy Xt =Xin, Yin= Yo, Y -Yih, Y -Yin

Features where C=(X+,Y) the coordinates of the head centroid,
Cin=(Xrn,Y ) the coordinates of the right hand centroid,

Cin=(Xin, Y1n) the coordinates of the left hand centroid

hand clapping — high frequency
hand clapping — low frequency
lift of the hand — low speed

GestureClasses | it of  the hand -  high  speed
hands over the head — gesture

hands over the head — posture

italianate gestures
a) Features (inputs to HMM) and b) Gesture Classes (outputs of HMM)

The ability of HMMs to deal with time sequential data and to provide time scale invariability
aswell aslearning capability makes them an appropriate selection for gesture classification.
The recognizer consists of M different HMMs corresponding to the modeled gesture classes..

Affective Gesture Analysis Subsystem

Gestures are utilized to support the outcome of the facial expression analysis subsystem, since
in most cases they are too ambiguous to indicate a particular emotion. However, in a given
context of interaction, some gestures are obviously associated with a particular expression —
e.g. hand clapping of high frequency expresses joy, satisfaction- while others can provide
indications for the kind of the emotion expressed by the user. Quantitative features derived
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from hand tracking, like speed and amplitude of motion, fortify the position of an observed
emotion; for example, satisfaction turns to joy or even to exhilaration, as the speed and
amplitude of clapping increases. The position of the centroids of the head and the hands over
time forms the feature vector sequence that feeds an HMM classifier whose outputs
corresponds to particular gesture class. Next we describe how the recognized gesture class can
be used to provide indications about the occurrence of an emotional state. The table below
shows the correlation between some detectable gestures with the six archetypal expressions.

Emotion Gesture Class
Joy hand clapping-high frequency
Sadness hands over the head-posture
lift of the hand- high speed
Anger
italianate gestures
hands over the head-gesture
Fear
italianate gestures
lift of the hand- low speed
Disgust
hand clapping-low frequency
Surprise hands over the head-gesture

Correlation between gestures and emotional states
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The overdl visual decision system

In the fina step, the facial expression anaysis subsystem and the affective gesture analysis
subsystem are integrated as shown below, into a system which provides as result the possible

emotions of the user, each accompanied by a degree of belief.

Expression
Profiles

Facia Point
Detection

Facial
Expression
Decision System

propabilities of gesture classes

Affective

HMM

Gesture Decision

System

|

Overall Decision
System

recognised
emotion

Block diagram of avisual emotion analysis scheme
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5. Review of key problemsin thethematic area

As in the above sections, the key problems are presented for each considered modality:

5A. Soeech Analysis

Tongue in cheek, once could venture to say that a key achievement in this area has been to
demonstrate its inherent difficulties. Consider, for a moment, the comparable field of
Automatic Speech Recognition (ASR), which has been researched much more widely and
funded to a far greater extent than emotion recognition. The task in ASR is to extract purely
textual information from the speech signal. This is a well defined task, and the results are
easily evaluated quantitatively. Variants of this basic task are also well defined: multiple or
single speaker, with or without training, small vs. large vocabulary, continuous speech vs.
discrete words, etc. etc. Emotion recognition, on the other hand, is a far more elusive task.
Difficulties begin with attempting to define what we're looking for: there is alarge disparity in
the psychological theories of emotion and emotional labelling. Once such alabelling system is
selected, one finds that there are still no objective criteria for evaluating the emotional content
of speech, requiring instead listening tests, with the uncertainties they introduce. Cross
cultural issues complicate the matter, with cultural boundaries not necessarily being linked to
linguistic boundaries. Clearly, emotion recognition in speech is far more than a signd
processing task, requiring cooperation between expertsin different fields.

A further difficulty is the fact that from the point of view of emotion detection, speech is a
very "noisy" signal, since it contains other types of information aso. On one hand,
intercepting the signals relevant only to emotions requires filtering out extraneous
information, yet on the other hand this information is not aways independent of emation.
Consider for example a single parameter such as pitch: pitch range, average, etc., are often
reported to differ in between emotional and non-emotional speech. Raised pitch isaso used to
signify stressed syllables and words. In some cases the emotion may modify the way a speaker
chooses to indicate stressed parts of speech, creating a strong interaction between lexical and
emotional content.

Some of the difficulties discussed above fall into the domain of other workpackages, though
they have created many problems for researchers focused on issues related to WP4, since these
cannot be addressed in isolation. Difficulties encountered in speech analysis are greatly
influenced by the emotional signs one is looking for, and of course by the database to which it
isapplied.

The problems to be dealt with even with respect to acted speech are well exemplified in a
study by McGilloway et a., which has the modest objective of being a rough benchmark
study, in that it deals with a small set of emotions, expressed in a highly emotive manner in
quiet surroundings. Several problems mentioned by the authors are: gauging the quality or
"purity” of the database, estimating atarget figure for correct emotional recognition, the large
range of features and the unexpected ways in which they contributed to the recognition, and
the difficulties in characterizing speech "units' and the tunes embodied in them.

Finally, the issue of completely spontaneous speech has been hardly investigated at all. In one
sense, call center data has a degree of spontaneity, giving rise to forms of speech not found at
al in read and acted speech — fase starts, large variability in pauses, and other forms of
disfluency. Detecting these is a problem in itself, which has been addressed independently of
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emotion in severa studies by Shriberg and her associates. Less constrained studies, such as
that carried out by Kehrein, go mainly as far as to underline the difficulties encountered just in
labelling such speech, much less perform any form of automatic classification.

To summarize:
It is difficult and probably not fruitful to discuss problems related to this WP in
complete isolation from issues addressed by other WPs. Different labelling schemes
and different types of databases result in different signals.
A large range of feature sets can be found in the literature, yet there is no definitive
such set, nor may one ever emerge. An in-depth discussion of the merits and demerits
of such setsis definitely called for.

Problems associated with variability in speaker's social, cultural and linguistic
background, language have been hardly even discussed.

Problems that crop up in unconstrained settings have aso received very little
treatment.

5B. Visual Sgnal Analysis

Humaine partners have done several research projects concerning detection and tracking of
facial features. The main approach is to extract FAP parameters of aface in real-time and use
some soft computing method, such as neura networks, fuzzy and neurofuzzy systems to
determine the corresponding facial expression.
The main problems that facial feature extraction approaches are facing are due to:

image variations, specifically lighting conditions,

low camera precision,

orientation and pose and partial occlusions,

which decrease tracking precision.

Extracting meaningful emotional signs from visual signals, facial and gestures, depends on the
ability of the used techniques to evaluate the extracted features:

Appropriately modelling expressions and emotional states with respect to these
CUes.

Integrating a-priori knowledge about the modelling and analysis tasks.

Adapting this knowledge to specific details and peculiarities of users and
environment.

Having been trained over databases of visual signals and corresponding extracted
signs.
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Many of these problems can be tackled through multimodal emotion analysis.

Speech analysis can be correlated with visual analysis, providing it with linguistic and/or
paralinguistic signs and increasing the confidence on the detected emotions. Pause detection
can assist evaluation of the facial mouth area analysis, Audiovisua facial analysis constitutes
arich area of R&D activity, that can form the basis for the multimodal emotion analysis.
Integration of both modalities with physiological data and signs appropriately collected or
extracted can further improve the success rate of the analysis.

5C. Physiological Sgnal Analysis

Compared with the research results in other emotion expression channels, i.e. face, gesture,
and speech, it is the fact that less attention has been focused so far on the physiological signa
(biosignal) for emation recognition. For emotion recognition from the biosignals, there are
some fundamental but significant problems that act also as an incentive to initiate our goal. It
can be centralized as following:

Elicitation method for gathering biosignal: it is crucia to generate universal biosigna
database for research purpose. The combination of the biosensor types depends
strongly on which we actualy use and recording of amenable biosigna needs an
absolutely natural induction of the emotion types. While we can easily obtain the
expected emotional cues from deliberate emotion expression by the actors, for
example, who can well derive external audio/visual expression by oneself, the internal
autonomous nerves system (ANS) can not fully manipulated by their intention.

Mapping physiological patterns into emotional cues: it is very hard to uniquely
correlate the physiological patterns with the emotion types. Mapping between them is
still an area which is being investigated at large in the psychophysiology community.
In other side, we are finding these correlations by empirica biosignal analysis.
Physiological patterns may widely differ from user to user and from situation to
situation. As we use the severa biosensors, eg. ECG (electrocardiogram), EMG
(electromyogram), EEG (electroencephalogram), SC (skin conductance), RESP
(respiration), and Temp (temperature) having own specific characteristics respectively,
analyzing of the biosignal aloneis acomplex multiprocessing task, indeed.

Feature extraction and selection: we need to obtain a set of all possible significant
features that might have correlations with internal emotional states. More important
part is then to determine which features are most relevant and helpful for classifying
the emotion. This helps both in reducing the dimensionality of feature space and in
improving the classifier performance. In [Picard et a., 2001] work, 24 features
extracted from four raw biosignals, EMG, BVP (blood volume pressure), GSR (skin
conductivity), and RESP were used for offline recognition system. Efficient feature
selection also makes an online recognition system more reliable. In addition to the
features as derivative, difference, and mean values of raw signals which were used in
most works in literature, it might be necessary to extract a cross-correlation feature set
between the various biosignal types, because we use multimoda biometrics which
should be abstrusely correlated with one another.
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Optimizing classification methods. given affective features we need to classify back-
end emotion states using classification methods based on the discriminative or
generative classification models (e.g., k-NN, LDA, MLP, Bayes, SVM, GMM, etc.).
Recently many works related to emotion classification have been done using ever more
complex agorithms. Because of the complexity of the agorithms, the systems are
simply not yet good enough to be implemented in realistic applications, especially for
online (real-time) applications. In online system, possible latency time caused by
computational complexity may not be longer than min. change interval of human
emotion state. Therefore we need to develop a classifier that can be flexibly adapted to
the nature of applications we want.

Materializing wireless biosensors in wearable form: main drawback of using
traditional sensing devices is that the user has to be wired with biosensors and the
sensors are very susceptible to moving artefacts. It violates our objective in advanced
human-computer interfacing and comfort usability. Ambulant sensing devices with
wireless transmission network (e.g. bluetooth) are rapidly emerging as possibly
miniature form, especially in medicine area. We need to prepare a selected subset of
sensors for the integration into the wireless body network. Since the sensor device may
pick up unwanted signals, artefact rejection functions need to be built in. Other
environmental factors may create noise in the sensor which will have to be suppressed.
Since energy consumption has become one of the primary concerns in mobile
environments, this task aso includes finding a good compromise between
transmission, computing performance, and power consumption.

However, there are also important advantages of using biosignals for emotion recognition.
First, we can continuously gather the information about user’s emotional changes through the
biosensors, while performance of the speech analysis, for example, should be triggered only
when microphone receives the speech signa from the user. Moreover, the external channels
can be intentionally manipulated by human socia artefacts. Consider an extreme case, for
example, people who set up a so-called poker face or simply do not speak when being angry.
In this case, emotional states of the user take place just internally and cannot be detected by
any audiovisua sensing system. In this sense, physiological signal generated by human ANS
might be most robust emotion channel against such artefacts (e.g., lie detection system with
SC/ECG-sensors) if we can bring these bioSIGNALS efficiently inTO the form of emotional
SIGNS which we want in HUMAINE.

5D. Multimodal Emotion Recognition

The overall diagram of multimodal emotion recognition can be represented as shown below,
including al modalities presented so far:
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The key problems identified in the framework of integration of multimodal emotion anaysis
techhologies are the following:

To define the main integration processes in recognition and expression of emotion in the
visual and auditory, and physiological modalities.

To define the integration functions for the different modalities and the different emotions
(additive, multiplicative for example).

To identify which modalities will be more relevant for different emotions in the recognition
processes (for example, disgust is usualy less well recognized in the auditory modality than
in the visual modality).

To define the problems of temporal sequence in different modalities (the importance of
tempora sequence in the auditory modality could be different than in visual modality for
example).

To identify which dimensions increase significantly the perception of realism of emotion with
alow computational cost.

Although several multimodal databases have aready been developed (Knudsen et al. 2002,
Maybury & Martin 2002, Martin et al. 2004), the fusion of the annotations of individual
heterogeneous modalities has been seldom tackled. Defining the integrative functions for the
different modalities raise several issues some of which have been tackled in multimodal
corpora without emotion:

- computing metrics measuring degrees and types of cooperation between modalities (Martin
et al. 2001),

- managing intrinsic timing relationships between the modalities (e.g. depending on the corpus
context at hand gesture may occur before speech, gesture stroke may be coincident with
emphasis in speech).

- fusion at a semantic level in multimodal deixxis via unification algorithm
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Issues that can be investigated include how to apply such approaches to the analysis of
emotion from multimodal cues and of how do these frequent multimodal behaviours
(multimodal deixis, turn taking patterns) combine with emotional behavior.

In the case of visual signs, although face consists the main “demonstrator” of user’s emotion,
the recognition of the accompanying gesture increases the confidence of the result of facial
expression subsystem. Further research is necessary to be carried out in order to define how
powerful the influence of a gesture in the recognition of an emotion actually is. It would also
be helpful to define which, face or gesture, is more useful for a specific application and
change the impact of each subsystem on the final result.

Availability of emotional knowledge and emotiona rule generation are crucial issues for
multimodal emotion recognition. Moreover, context analysis and adaptation of the a-priori
emotion knowledge to the specific user is another topic of interest in this domain.
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6. Assessment of the key development goalsin the thematic
area

Let us consider key development goals for each of the signal types examined in WP4.:

6A. Emotional Speech Sgnal Analysis

A magjor goa is to share the experience of many different researchers on this subject. A good
approach would be layered: some types of analysis are still technically impossible or
unfeasible. For example — text recognition, which still suffers from a certain degree of
inaccuracy, as well as pitch detection. Instead of designing a system that has to deal with
erroneous data (and errors in pitch detection are often large, when they occur), in a layered
approach we might assume that all data we could wish for is obtainable, and examine how this
could contribute to a solution. This is perfectly valid for a purely theoretical approach. On a
practical level, modifications can then be made to account for a certain degree of error, though
experience shows that technological and algorithmic improvements will gradually reduce
these errors.

There are two main issues that can be explored in the framework of emotional speech analysis.
The first which involves partners such as Tel Aviv University, Queen’s University of Belfast,
FAU Erlangen, LIMSI-CNRS, will mainly focus in exploring the paralnguistic analysis of
emotional speech, The second, involving partners, such as University of Bari, LIMSI-
CNRS,Univ. Manchester) will be investigating linguistic analysis of emotional speech. Both
approaches can be interweaved in the final stage of speech analysis module, as well as in the
latter multimodal emotional analysislevel.

6B. Emotional Visual Sgnal Analysis

There are Humaine partners who can contribute, especially in combining emotion anaysis
techniques with 2-D/3-D knowledge about the analysis model and task. MIRALab is currently
working on using recorded body postures to automatically generate animations that show a
similar body pose and way of moving of a person. This allows virtual characters to have a
‘personal’ touch to the movements. Also, they are working on relating these prerecorded poses
to more conceptual factors of personality and emotion. In particular, Research in MIRALab
has been focused on determining facia features from video by first determining the FAP
values of avideo frame. The second step is to pass the FAP values through a neural network
to determine the facial expressions. The outputs of the neura network are coded using FACS.
Finally, they can generate different blends of facial expressions, based on emotion intensities,
mood and personality parameters.

Moreover, GERG have developed a player that is able to animate one type of geometry model.
The new player under development will be able to animate any type of geometry models and
instantiate the FAPs on these models. The application they are developing is able to read data
describing the face geometry from a text file (that can be previously generated by any 3D
software like Maya, Poser and so on). Once the model is loaded, it is possible to define some
areas on the face by selecting groups of triangles by few mouse click. Then for each area one
can specify which vertices are the FAPs and FDPs associated to that area. The program will
also automaticaly caculate FAP units (FAPU) to give the correct scaling factor of FAP
movements. For example a person with a very oblique forehead will not move his eyebrows
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the same way as a person with vertical forehead. For the first one, the movement of the
eyebrow should follow an obligue line while in the second case the movement will be along
the vertical dimension. Theaim isto automatically define such a consideration.

When the editing is finished, it is possible to save the model including FAPs, FDPs and
FAPUs to a text file readable by the player and use that face geometry instead of the one
which is actually hard-coded into the player's sources. This kind of tool will alow one to test
captured or synthetic data using a face model which better fits the physical face shape from
which the data come from.

ICCS-NTUA has been working on emotion analysis of visua signals focusing on MPEG-4
based feature extraction (see, for example TMR PHYSTA project,
www.image.ntua.gr/physta and IST ERMIS project, www.image.ntua.gr/ermis).

Collaboration of the above partners and with any other Humaine partners will permit
investigation of anaysis by synthesis methodologies, where a 3-D synthetic facial model is
generated and used to evaluate and possibly reconsider the results of the analysis part.

6C. Emotional Physiological Sgnal Analysis

Though the debate is far from resolved which emotions can be distinguished on the basis of
ANS activity in psychophysiology community, many previous works showed that human
emotion can be recognized from the biosignals with some restrictions, that is, the acceptable
recognition accuracy could be obtained only when the emotions in biosignal used were
deliberately expressed by professiona actors. We are finding the emotional cues in biosignal
and possible priority of biosensors using empirical and statistical analysis rather than
reviewing the cognitive and psychophysiological issues. To obtain an acceptable recognition
accuracy using biosignal only, we are extending the feature space to cross-correlation contents
in addition to the spectral and derivative features. In parallel to develop offline training-based
classification method, a real-time recognition engine for realistic applications will be designed
by optimizing the existing multisensor data fusion techniques (MSDF) for the multimodal
biosignals which have lower bandwidth than audio/visual signals.
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Biosignal as ambient complementary emotion channel

In UA-Project “MuchEROS” some remarkable interactions between human emotion channels
were observed, for example, the value of skin conductivity increases instantly when user is
saying in neutral emotion state and the respiration signal will also be an irregular wave form
with lower amplitude. Also the respiration wave shows particular abrupt change
corresponding to certain facial myo-activity. Such interactions motivate to efficiently combine
the three emotion expression channels, i.e. audio, visual, and physiological. [Chen et al, 1998]
showed that we can expect better recognition results through the combined analysis with
speech and facial expression than by using only the speech signal. For integrated analysis of
the three channels, the biosensoring plays an important role as ambient complementary
channel with its continuous information transmission of user’s emotional states without any
intended interruption. We are experimentally exploring the interaction cues and the mapping
points related to emotion states in the three channels. To improve the recognition performance
using the channel integration, we need to generate a new affective feature set selected from the
features in each channel according to the interaction cues.

Biosignal through wearabl e biosensors

It is obvious that ambulant wireless sensoring will alow us to greatly extend our research
bandwidth in variety ways, data gathering (e.g. emotion in everyday-life) without space
restriction, dynamic applications, integrating with ubiquitous computing environment,
dispersing computational tasks, and so on. We are cooperating with hardware manufacturer of
mobile biosensors to develop an embedded mobile encoder which additionally performs some
internal preprocessing tasks (e.g. filtering, transformation, absolute normalizing, etc, which
we generaly carry out after receiving the signal from encoder in offline) in online condition.

Biosignal in reliable database

Most biosignal databases used in literature were gathered by one of the dicitation methods,
video clip, computer game, or certain scenarized situation. For example, [Gross and Levenson,
1995] conducted a study to find the most effective films to elicit discrete emotions. 16 movie
clips were chosen as being the best films based on discreteness and intensity for eight target
emotions (amusement, anger, contentment, disgust, fear, neutrality, sadness, and surprise).
However it should be considered that repetitive use of visual materials decreases rapidly the
stimulation degree. In project “MuchEROS” at UA it is proven that the video clips €licit no
more targeted emotion grade from the students when they have already seen the clips, but they
were bored or even angered with them. It is more critical when we are gathering possibly
sufficient biosignals for training a classifier. From the psychoacoustic and psychovisual
viewpoints, audio signals might make longer latency period at the human memory and provide
relative more constant emotion induction through persona retrospection than the visua
signals, for instance, imagine that we are seeing the old film “The Champ (1979)” and are
hearing “ | Feel Good —James. With long-term planning, we are generating a reference
biosignal database using audio (music) dicitation that should be realistic emotion outputs
without any deliberate expression and can also be used for benchmarking of recognizer
performance in our community. ECG, EMG, SC, and RESP are used for sensing human ANS
activity and detailed environment contexts are annotated at each recording.

HUMAINE 33 |ST FP6 Contract no. 507422



HUMAINE D4b

6D. Multimodal Emotion Recognition

There are many issues that can be tackled in the framework of this task, which mainly refersto
integration of the results, e.g., the features, the extracted signs and single-modal emotional
predictions, in the form of detection and evaluation of emotional signs . In this sense, work
under this task integrates the results of the modules analysing the speech, visual and
physiological modalities. Experts dealing with the single modalities will collaborate with
each other and CERG, UA and ICCS-NTUA to integrate the partia results, generating
systems that will be able to integrate and reason on the recognition of users emotional states.
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7. Relation to other wor kpackages

The "signals to signs’ element of a system involved in emotional interaction is a crucia link
between the theoretical assumptions as to how such interaction takes place, and how emotions
are actually manifested in real interactions. As such it is driven by two "engines' — the theories
of emotion that underlie it, and the databases that are assumed to contain labelled emotional
data that is in accordance with these theories. The problems addressed by this workpackage
are therefore closely linked to those dealt with in WP3 and WPS5.

In particular:

7A. Soeech Analysis

Links to other workpackages are very important for the speech subgroup. No work in thisfield
can be carried out without basic assumptions related to WP3, theories of emotions. The basic
objective of WP4 is translating raw signals to signs of emotions, and the signs one is looking
for are defined by the theories treated by WP3.

WP4 is aso strongly connected to WP5, databases. No solution can be better than the data it
uses, and in the study of emotions, compilation of databases is often found to be one of the
most problematic points. As mentioned before — theories of emotion and databases of
emotional speech are the engines driving this workpackage, and therefore strong interaction
between these workgroups is imperative.

WP4 would expect from WP3 a set of labelling schemes that would be most applicable to
different settings — from highly constrained forms of interaction (call centers, computer
games, etc.) to totally unconstrained spontaneous speech. Hopefully, WP5 would provide
exemplars that are verified and labelled databases of each setting, or at least guidelines on
how to obtain and evaluate them. Common speech database (see with WP5) coming from call
centers (France Telecom corpora) or extracted from audio/video database (TV chat shows or
broadcast news) could be used

Other types of links are also foreseeable. For instance, some databases, such as call center
recordings, have very sparse emotional data. Methods for scanning such databases and
identifying potentially emotional interactions for listener evaluation could be very useful.

7B. Visual Analysis

Moreover, in the framework of the above there is need for interaction between the WP4
subgroups (e.g. viseme analysis with the speech subgroup, multimodal integration with the
recognition subgroup), as well with the rest WPs, such as WP3, WP6, WP5, WP8, WP7 to
define and investigate issues as the following:

Which emotional representations (e.g., Whissel, 2-D/3-D, etc) are the signs that we
extract trying to tackle (WP3).

What other psychological cues should we consider in extracting the signs (WP3).
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Are there any neurobiological findings that should be taken into account in the
handling of the signals as far as emotion is concerned (WP7).

Using MPEG-4 feature representation permits close interaction with synthesis of
avatars, e.g., in an analysis by synthesis framework, or in a rea-time interaction
situation, where an avatar analyses the user’'s emotional behavior and responds
accordingly (WP6).

In the latter case which emotional signs should be provided to ECAs and what
feedback can we get during the interaction, so as: to improve our knowledge of the
specific user’s profile, intentions, expressivity (CONTEXT), to improve evauation of
results and probably improve the accuracy of techniques used for sign extraction in the
framework of the specified context (WP6, WP8, WP3).

Which datawe are going to consider; we can have visual data of our own, but we need
common audiovisual and physiological data in the framework of multimodal
recognition (WP5).

7C. Physiological Sgnal Analysis

The main issues related to analysis of physiological signals refer to collection, feature
extraction and multimodal database generation and usage. In particular there is a need to
collaborate with WP5 on :

Gathering biosignal database with standard sensor combination
Scenario for emotion elicitation to gather multimodal database (audio+visual +bio)
Sharing the database with WP5.

There are a variety of issues to be investigated probably in collaboration with WP3 on
correlation of Biosignal with Emotion, including:

Relationship between emotional changes and physiological reaction

To derivate emotional cues from physiological patterns

Apt emotion model being possible to be classified from biosignal

Allowing the emotion model flexibility/reducibility for personality and situation.

7D. Multimodal Analysis

A strong collaboration is expected in this sector especially with WP6, where perception and
interaction are analysed.

Synthesis issues are the first topic of such possible collaboration for interweaved analysis and
synthesis approaches.

Then perception is based on the signs of emotion extracted and concluded by the multimodal
analysis of WP4, while monitoring of the interaction with specific users can provide crucia
feedback to WP4 related to the performance of the results/signs being provided by it. This
feedback can be taken into account by WP4 techniques, so as to further improve the obtained
results.
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8. Preliminary ideas about possible exemplars

8A. Soeech related exemplars

In the speech analysis subsector the following exemplars can be suggested:

A. First Possible Exemplar

A taxonomy of emotionally related features extracted from the speech signal:

The different studies of emotion in speech utilize a wide range of features extracted from the
raw speech signal. A collaborative effort to evaluate different features based on the combined
experience of al the subgroup members could prove extremely useful. Such an evauation
could be based on severa criteria: ease of computation, degree of relevance to emotional
expression, error rate, and others. First steps in outlining such a compilation have been already
taken, with contributions from severa members.

This could include:

- the analysis of the more meaningful segmental and supra-segmental parameters for real-life
speech (natural, spontaneous speech; both paralinguistic and linguistic analysis)

- and also the analysis of the different types of models used (decision tree, neural network,
bayesien network) and the different type of fusion model (neural network...) for the auditory
modality (in relation with the multimodal integration).

B. Second Possible Exemplar

A second exemplar could be one or two example systems, including a labelling scheme, a
database, feature extraction and classification. Comparison of several different schemes and
algorithms at each such level and their influence on the results could provide interesting
insights. Integration with other modalities, through collaboration with other subgroups, could
also be extremely interesting.

8B. Visual Exemplars

A. First Possible Exemplar

Face and gesture analysis, including 3-D modeling and involving synthesis as well, will be the
basic exemplar to be generated from this activity. This exemplar will involve analysis of all
parts of the visua signals (facial, hand gestures), from processing real data to extraction and
evauation of visual features and recognition of corresponding emotional states. Visual
anaysis can be performed in different environments. In this framework, we will take
advantage of groundtruth data, provided by partners that have been recording people with
markers (MPEG-4 feature points) in lighting controled environnements.

This exemplar should include development of a knowledge base for representing and using all
available related knowledge. Generation of an MPEG-4 NSHC ontology is a specific task that
can be tackled in this framework. Thiscan help to :
Evaluate the extracted features (e.g., FAPs computed by the visual analysis
subsystem).
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Generate sets of rules (semantic knowledge) describing the emotional states

Develop different representations (e.g., neurofuzzy systems) that will be able to
recognize user’s emotional state by approximate reasoning on the rules.

Train the network to adapt the rules to current user, context of interaction or
environment.

B. Second Possible Exemplar

Integration of the different modalities, especialy audiovisual , but also of physiological cues,
is the next objective and exemplar to be investigated and tested, involving all other subareas
of WP4. Selection of an application that fits all modalities will be of importance and will
involve interaction with other WPs, such as WP5.

8C. Physiological Exemplars

A. First Possible Exemplar

Car drive game with Biofeedback (UA)

More physically and emotionally engaging computer games are rapidly emerging with
introduction of the affective computing and the wearable sensors, such as biofeedback games
[Lyons et al., 2003], game control by neurofeedback [Smith, 2004, Ebrahimi, 2003], and
affective interaction games [Klein, 1999]. We are developing a car drive game where we
handle the car through our emotional voice commandos and the automotive status will interact
correspondingly to our multiple emotional states recognized from biosignal in online.

The exemplar includes Feature extraction, selection (e.g., Fisher, SFFS, PCA etc.) and
evauation, taken from biosignals, as well as investigating existing discriminative and
generative classification methods (e.g., k-NN, LDA, MLP, Bayes, SYM, GMM, etc.).

B. Second Possible Exemplar

Emotion recognition system using fusion of speech and biosignal

This exemplar focuses on fusion of different modalities, starting from speech and biosignals,
and extending to visua signals.

8D. Multimodal Integration and Emotion Recognition

A. Possible Exemplar

The exemplar to be produced in this areawill in general be the union of the second exemplars
defined in each of the former three areas. It will attempt to derive an approach, based on rules
and empirical or dtatistical findings, that will reason on the cues and emotion findings
provided by each single modality, generating multimodal emotional signs that can be used in
real life man machine emotional interactions, when combined with respective findings from
the perception and emotional synthesis of different modalities (e.g., speech, avatars, gestures)
generated in WP6 or WPS.
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9. Conclusionsand Way Forward

In conclusion, the current report summarises the key issues, goals, achievements and existing
problems of emotion analysis based on different modalities, assesses the contribution and
progress expected to be produced by the activities of HUMAINE WP4 and suggests a number
of possible exemplars that might constitute the focus of the second year of WP4. Various
modalities are considered, focusing on speech, linguistic and paralinguistic, vision, facial and
hand gestures, 2-D and 3-D visual analysis and synthesis, physiological signals, as well as on
integration and multimodal analysis of al these for extracting emotional signs.

The above issues will be further examined in the next few months, with an open discussion, as
well as generation of final conclusions and suggestions, to take place in the WP4 Workshop to
take place in Santorini, Greece, in September 2004.
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