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Abstract

Many studies into affective computing cover similar ground or overlamtng to much dupli-
cation of effort. Two problem areas exist in the research. The fstes to the way in which
emotions are de ned and described. The second is in the technigue$auskcit samples of
speech. Further, few studies are based on natural speech, igrodiad, contextual, cultural
and agent characteristics and few take account of the affective $tite meceiver. This pa-
per presents a survey of the problem areas and proposes a cemgivehmodel and a set of
ontologies for use in affective communication.

1. Introduction emotions. Section 4 summarises the most common tech-

The December 2005 edition of New Scientist published”iques for eliciting data .for research. Sect.ion 5 preseqts a
an article titled, "Tell Laura | love her...” (Daviss, 2005) "eWw, more comprehensw_e model of affective communica-
featuring an insight into the work of esteemed, affective-{ion and a set of ontologies for use when researching the

computing pioneer, Ros Picard. The article, whilst posjtiv  €/d- Section 6 concludes the paper. _
did air the view of one critic who complained The terms affect, affective state and emotion, although

not strictly the same, are used interchangeably in thisipape

"...that there is no valid theory, or even com-

monly accepted de nition of 'emotion' to guide 2. Motivation

the work. These are smart people and they're The human computer interface is, for other than basic
producing useful things, but | think that's despite operations, limited without some level of incorporation of
the framework they work in, not because of it...If the affective human state. An interface that responds and
the banner concept of your research is something ~ adapts to emotions can be more satisfying, much more pro-
that you can't even de ne, ...then you run the risk ductive and can provide many opportunities. One of the
of producing things that do not advance human most natural interfaces is speech and we know that evidence
knowledge, but can only be described as 'cute’ of emotions is often present in speech. Emotion recognition
a digital motivator for a tness programme, for in speech by computers could provide many bene ts.
example.” However, the eld would bene t from a more consistent

modelling, reporting and research framework for affective

Overall, the article presented Picard and affective computcommunication.
ing in a positive light. However, the criticism is undersdan . .
able. Notions obystematigveri able meansandacquiring 3. Problem 1 - Describing emotions
knowledge through empiricisrare important in science. It Emotion theory is a large amalgam of approaches to the
is quite reasonable then for scientists from other areas aftudy of emotion, mostly based on cognitive psychology
interest to expect that published results are built on a<founbut with contributions from learning theory, physiolodica
dation that is systematic and veri able. psychology, clinical psychology, and other disciplines in

Research in the eld of affective computing is not con- cluding philosophy.
sistent and, arguably, not veri able. There is a lack of con-  There are many reviews on emotional classi cation, e.g.
sistency in the way in which emotion is de ned, measured(Cowie & Cornelius, 2003). Two approaches to describing
and catergorised. This in turn makes veri cation and reuseemotions seem to be dominant. The rstis to de ne cate-
of results dif cult. gories and is the more common technique. The second ap-

This paper presents a survey of two of the major areaproach is through the use of dimensions. Another approach,
of contention in affective computing and proposes a moreliscussed brie y, is through the use of appraisal theory.
complete model that could be used to progress research into
emotions in speech. 3.1. Category approach

The next section explains the motivation behind this ~ The most popular grouping, referred to as the "big six”,
study. Section 3 provides some background to some furcomprises fear, anger, happiness, sadness, surprisesand di
damental problems in de ning, categorizing and measuringdust (Cornelius, 1996; Ekman, 1999). These are regarded

as “full-blown” emotions (Scherer, 1999) and are evolu-
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studies concentrate on only one or two select categorie®n Emotion (HUMAINE) group proposes that emotions
Other employ schemes using more than twenty emotiondbe dichotomised inteepisodic and pervasivecategories.
archetypes. Episodic emotions are more like the traditional set of
One of the dif culties then in comparing results from “full-blown” emotions or what Scherer would describe as
studies into emotions is that the choice of categories usedmotions. Pervasiveare the everyday emotions such as
between studies is not consistent and will often depend ogrief/sorrow, sarcasm/irony and surprise/astonishnieet.
the application that the researcher has in mind. If the focugardless of the method employed to describe emotions, this
of the research is to understand full-blown emotions thergreatly complicates the task of describing emotional con-
the big-six or a subset might be adequate. However, if théent in speech samples.
aim is to study the less dramatic emotional states in every- A recent study by (Devillers, Vidrascu & Lamel, 2005)
day life, with all the shades and nuances that we know dishas included labelling dblendedandsecondaryemotions
tinguish them, then the choice of categories is much morén a corpus of medical emergency call centre dialogues, as

dif cult (Schroder & Cowie, 2005). well as including task-speci ¢ context annotation to one of
Thus, there are many problems with the category apthe corpora. Introducing the concept of multiple, concur-
proach such as: rent emotions further compounds the dif culty of describ-

ing emotional content in speech samples.
no agreed number of categories or de nitions

: _ _ 4. Problem 2 - Eliciting emotional speech
the large number of descriptors with overlapping

meanings Most studies into affective communication begin with
the collection of audio and/or video communication sam-
lack of consistency of words across languages ples. The topic of collection of emotional speech has been

) ) ) o well covered by other reviews (Scherer, 2003; Cowie &
inconsistency in the use of categories in research  cornelius, 2003; Cowie, Douglas-Cowie & Cox, 2005) so

. ) it is only brie y covered here.
3.2. Dimensional approach

Another way to label the affective state is to use mul-4.1. Naturally occurring speech
tiple dimensions. Instead of choosing discrete labels, one To date, call centre recordings, recordings of pilot
or more continuous scales, such as pleasant/unpleasagbnversations, and news readings have provided sensible
attention/rejection or simple/complicated are used. Twasources of data to research emotions in speech. These type
common scales are valence (negative/positive) and arousgf samples have the highest ecological validity. However,
(calm/excited). Valence describes the degree of positivit aside from the copyright and privacy issues, it is very dif-
or negativity of an emotion or mood; arousal describes thecult to construct a database of emotional speech from this
level of activation or emotional excitement. Sometimes asort of naturally occurring emotional data sources. Inaudi
third dimension, control or attention, is used to address thsamples there are the complications of background noise
internal or external source of emotion. A software applica-and overlapping utterances. In video there are dif culties
tion has been developed at (Cowie et al., 2000) to assist ifh detecting moving faces and facial expressions. A further
the continuous tracking of emotional state on two dimen-complication is the suppression of emotional behaviour by
sions. The package, called FEELTRACE, has been used ithe speaker who is aware of being recorded.
a number of studies.

4.2. Induced emotional speech

One technique introduced by Velten, is to have subjects
Scherer has studied the assessment process in humamad emotive texts and passages which, in turn, induce emo-
and suggests that people affectively appraise events wittional states in the speaker (Velten, 1968). Other teclasiqu
respect to novelty, intrinsic pleasantness, goal/need sig include the use of Wizard of Oz setups where, for exam-
cance, coping, and norm/self compatibility (Scherer, 2999 ple, a dialog between a human and a computer is controlled
It is not yet clear how to implement this this approach inwithout the knowledge of the human. This method has the

3.3. Appraisal approach

practice. bene t of providing a degree of control over the dialogue
) ) and can simulate a natural setting.
3.4. Discussion The principal shortcoming of these methods is that the

Both the categorical and dimensional approaches sufferesponse to stimuli may induce different emotional states i
from being highly subjective. Recent studies have showrdifferent people.
that this is not only because of complexity but also because
of the differences in the ef ciency of listeners' physiopg 4-3- Acted emotional speech
and the fact that the listener's own affective state in uesic A popular method is to engage actors to portray emo-
their judgment of the speaker's affective state. Hencegthe tions. This technique provides for a lot of experimen-
is a need for a model that includes listener attributes. tal control over a range of emotions and like the previous
Analysis of Belfast Naturalistic Database has shownmethod provides for a degree of control over the ambient
that full-blown emotions occur more rarely in natural conditions.
speech than was thought (Cowie & Cornelius, 2003). One problem with this approach is that acted speech
A study by the Human-Machine Interaction Network elicits how emotions should be portrayed, not necessarily



Figure 1: A model of affective communication

how they are portrayed. The other serious drawback is thatpeci cation of an agreed vocabulary within a domain of
acted emotions are unlikely to derive from emotions in theinterest.
way that Scherer et al. describe them, i.e. “episodes of mas- The model and related ontologies are intended to be
sive, synchronised recruitment of mental and somatic reused in conjunction to describe 1) affective communication
sources to adapt or cope with a stimulus event subjectivelgoncepts; 2) affective computing research; and 3) affectiv
appraised as being highly pertinent to the needs, goals arebmputing resources.
values of the individual (Scherer, 2004)".

5.1. A more comprehensive model

Figure 1 presents the base model. The rst point to note

Relatively little research into affect has been baseds that it includes speaker and listener, more in keeping
on natural speech. In many cases, the approach to afgjith the Brunswikian lens model as proposed by Scherer
fect recognition has simply been an extension of auto(scherer, 2003). The reason for modelling attributes df bot
matic speech recognition (ASR), i.e. acquiring a corpusspeaker and listener is that the listener's cultural aniasoc
of acted speech, then annotating sequences containing &resentation vig-vis the speaker may also in uence judge-
fect within the corpus. In the case of automatic recogni-ment of emotional content. The second point to note is that
tion of episodicemotions, this approach is plausible, basedit includes a number of factors that in uence the expression
on the assumption that clear-cut bursts of episodic emoopf affect in speech. Each of these factors and the motiva-
tion will look and sound somewhat similar in most contextstign for their inclusion is brie y discussed. More attentio
(Cowie et al., 2005). However, recognition pérvasive s given to context as this is seen as a much neglected factor

emotions present a much greater challenge and, intuifivelyn, the study of automatic emotion recognition and synthe-
one would think that awareness of personal and contextualjs

information needs to be integrated into the recognition pro
cess. Richard Stibbard (Stibbard, 2001) who undertook thes . 1.1. Context

somewhat dif cult, Leeds Emotion in Speech Project re-  Context is linked to modality and emotion is strongly
ported, multi-modal (Cowie et al., 2005) in the way that certain
. emotions manifest themselves favouring one modality over
“The use of genuine spoken data has revealedthat  he gther. Physiological measurements change depending
the type of data commonly used gives an over- o whether a subject is sedentary or mobile. A stressful
simpli ed picture of emotional expression. It is context such as an emergency hot-line, air-traf ¢ control o

recommended that future work cease looking for 5 \var zone is likely to yield more examples of affect than
stable phonetic correlates of emotions and look everyday conversation.

instead at dynamic speech features, that the clas- (Stibbard, 2001), recommended,
si cation of the emotions be reconsidered, and
that more account be taken of the complex re-
lationship between eliciting event, emotion, and
expression. “

4.4. Discussion

“...the expansion of the data collected to include
relevant non-phonetic factors including contex-
tual and inter-personal information.”

5. Proposed solution His ndings underline the fact that most studies take place
The proposed solution consists of 1) a generic model ofn an arti cial environment, ignoring social, cultural, 8o
affective communication; and 2) a set @fitologies An textual and personality aspects which, in natural sitnatio
ontology is a statement of concepts which facilitates theare major factors modulating speech and affect presenta-



Figure 2: Use of the model in practice

tion. The model depicted at Figure 1 takes into account théMillar, Wagner & Gocke, 2004) developed a methodology
importance of context in the analysis of affect in speech. for the design of audio-video data corpora of the speaking

A recent study by (Devillers et al., 2005) included con- face in which the need to make corpora re-usable is dis-
text annotation as metadata to a corpus of medical emecussed. The methodology, although aimed at corpus de-
gency call centre dialogs. In that study, context infororati  sign, takes into account the need fpreakerandspeaking
is treated as either task-speci ¢ global in nature and “Callenvironmenftactors.
origin” and “reason for call” are considered task-speci c. In contrast to the HUMAINE report mentioned previously,
The model proposed in this paper does not differentiate bethe model presented in this paper treats agent characteris-
tween task-speci ¢ and global context as the difference idics and social constraints separate to context informatio
seen merely as temporal, i.e. pre-determined or establishel'his is because their effect on discourse is seen as separate
at “run-time”. topics for research. It is evident:

Other researchers have included “discourse context”
such as speaker turns (Liscombe, Riccardi & Hakkaiim-T
2005) and specic dialog acts of greeting, closing, ac-
knowledging and disambiguation. Inclusion in a corpus of 2 pe ning context annotation is in its infancy.
speaker turns would be useful but annotation of every spe-
ci ¢ type of dialog act would be extremely resource inten- 5.1.2. Agent characteristics

1. That context is extremely important in the display
rules of affect; and

sive. As Scherer points out (Scherer, 2003) most studies are
(HUMAINE, 2006) included a proposal that at least the either speaker oriented or listener oriented with mostdein
following issues be speci ed: the former. This is signi cant when you consider that the

emotion of someone labelling affective content in a corpus

Agent characteristics (age, gender, race) could impact the label that is ascribed to a speaker's mes-

) ) , ) sage.

Recording context (intrusiveness, formality, etc.) gNot much attention in the literature has been given to the

Intended audience (kin, colleagues, public) role that agent characteristics such as personality tyge pl

in affective presentation which is surprising when one con-
Overall communicative goal (to claim, to sway, to siders the obvious difference in expression between extro-
share a feeling, etc.) verted and introverted types. Intuitively, one would expec
a marked difference in signals between speakers. Again in-
Social setting (none, passive other, interactant, groupjuitively, one would think that a baseline of the person's
personality type would be of great bene t in applications
that monitor an individual's emotions.
Physical constraint (unrestricted, posture constrained, At a more physical level, agent characteristics such as
hands constrained) facial hair, whether they wear spectacles, and their head an
eye movements all affect the ability to visually detect and
Social constraint (pressure to expressiveness, neutrahterpret emotions.
pressure to formality)

Spatial focus (physical focus, imagined focus, none)

5.1.3. Cultural
but went on to say, Culture-speci c display rules (Cowie et al., 2005) in u-
ence the display of affect. Gender and age are established
“Itis proposed to re ne this scheme through work as important factors in shaping conversation style and con-

with the HUMAINE databases as they develop.” tent in many societies.



Figure 3: A set of ontologies for affective computing

Studies by (Koike, Suzuki & Saito, 1998) have shown5.2. A set of ontologies

that it is dif cult to identify the emotion of a speaker from The three ontologies described in this paper are the
a different culture and that people will predominantly useeans by which the model is implemented and are cur-

visual information to identify emotion (Shigeno, 1998). rently in prototype form. Figure 3 depicts the relationship
Putting it in the perspective of the proposed model, cogpetween them and gives examples of each of the ontolo-
nisance of the speaker and listener's cultural backgrqund%’iesl Formality and rigour increase towards the apex of
the context, and whether visual cues are available, obvig,q diagram. The types of users are not con ned solely to
ously in uences the effectiveness of affect recognition  researchers. There could be many types of users such as li-
brarians, decision support systems, application devetope
5.1.4. Physiological and teachers.
It might be stating the obvious but there are marked dif- _ o
ferences in speech signals and facial expressions betweé?-1. Ontology 1 - Affective communication concepts
people of different age, gender and health. The habit- The top level ontology correlates to the model discussed
ual settings of facial features and vocal organs determin section 5.1 and is a formal description of the domain
the speaker's range of image and sound possibilities. Thef affective communication. It contains internal stater;-pe
con guration of chin, lips, nose and eyes provide the vi- sonality, physiological, social, cultural, contextuat.can
sual cues, whereas the vocal tract length and internal mud€ linked to external ontologies in related elds such as
cle tone guide the interpretation of acoustic output (Mjlla Medicine, anatomy and biology.

Wagner & Gicke, 2004). . L
g ) 5.2.2. Ontology 2 - Affective communication research

. This ontology is more loosely de ned and includes the
5.15. .Soual ~__concepts and semantics used to de ne research in the eld.

Social factors temper speech to the demands of civil disy; has heen left generic and can be further subdivided into
course (Cowie et al., 2005). Affective bursts are likely 10 5 affective computing domain at a later stage, if needed.
be constrained in the case of a minor relating to an adulty s ysed to specify the rules by which accredited research
yet totally unconstrained in a scenario of sibling rivaldy.  yeports are catalogued. It includes metadata to describe,
social setting in a library is less likely to yield loud and for example, classi cation techniques used; the method of
extroverted displays of affect than a family setting. eliciting speech, e.g. acted or natural; and manner in which

corpora or results have been annotated, e.g. categorical or

5.1.6. Internal state dimensional. Creating an ontology this way introduces a

Internal state has been included in the model for comcommon way of laying down the knowledge and facilitates
pleteness. At the core of emotions is the person and theiptelligent searching and reuse of knowledge within the do-
experiences. Recent events such as winning the lottery dpain. For instance, an ontology just based on the models
losing a job are likely to in uence emotions. described in this paper could be used to nd all research
reports where:

2.1.7. Example; ) SPEAKER(internalState="happy’,
To help explain the differences between the factors that  physiology="any,

in uence the expression of affect, Figure 2 lists some exam-  agentCharacteristics="extrovert',

ples. The factors are divided into two groups. On the left, social="friendly’,context="public’,

is a list of factors that modulate or in uence the speaker's elicitation='dimension’)

display of affect, i.e. cultural, social and contextual. iBa

right, are the factors that in uence production or detettio Again, there are opportunities to link to other resources. A

in the speaker or listener respectively, i.e. personalipgt  an example, one resource that will be linked is the Emotion
physiological make-up and internal state. Annotation and Representation Language (EARL) which



is currently under design by Sdider et al. within the HU- Ekman, P. (1999).The Handbook of Cognition and Emo-
MAINE project (Schbder, 2006). EARL is an XML-based tion, Facial Expressions, (pp. 301-320). Sussex, U.K:
language for representing and annotating emotions in tech-  John Wiley and Sons, Ltd.

nological contexts. Using EARL, emotional speech can be

described either using a set of forty-eight categories, diEKman, P. & Oster, H. (1982)Emotion in the human face
(2nd ed.). New York: Cambridge University Press.

mensions or even appraisal theory. Examples of annotation
elements include “Emotion descriptor” - which could be ap maAINE (2006). Retrieved 26 October, 2006 from.
category or a dimension, “Intensity” - expressed in terms of http://emotion-research.net/.
numeric values or discrete labels, “Start” and “End”.

. o Koike, K., Suzuki, H., & Saito, H. (1998). Prosodic pa-
5.2.3. Ontology 3 - Affective communication rameters in emotional speech. (pp. 679-682). Interna-

_resources. . tional Conference on Spoken Language Processing.
This ontology is more correctly a repository that con-

tains both formal and informal rules, and data. It is a mix-Liscombe, J., Riccardi, G., & Hakkanitf, D. (2005). Us-

ture of semantic, structural and syntactic metadata. It con ing context to improve emotion detection in spoken
tains information about resources such as corpora, teolkit dialog systems. (pp. 1845-1848). EUROSPEECH'05,
speech samples and raw research result data. 9th European Conference on Speech Communication

and Technology.

6. Conclusions , _
Affect g . tantd infor th ‘ Millar, J. B., Wagner, M., & Gcke, R. (2004). Aspects of
ective computing Is an important domain for thé nex speaking-face data corpus design methodologynin

generation of computer user interfaces and cannot be ig- ternational Conference on Spoken Language Process-

nored. To move from being seen as something that pro- ., 5004 yolume I, (pp. 1157—1160)., Jeju, Korea.
duces things that critics only describe as “cute”, it is asse

tial that research into affective computing embraces nstio Scherer, K. R. (1999)Handbook of Cognition and Emo-
such assystematicveri able meansandacquiring knowl- tion, Appraisal theory. New York: John Wiley.
edge through empiricismHowever, the study of emotions

in speech is complex and there are some dif cult problemsScherer, K. R. (2003). Vocal communication of emotion:
to address. It is suggested that providing a complete model A review of research paradigm§peech Communica-
of affective communication and a set of ontologies will en- ~ tion, 40, 227-256.

courage pluridisciplinary research and lay a solid founda-Scherer K. R. (2004). HUMAINE Deliverable D3c: Pre-
tion for future research. liminary plans for exemplars: theory. Retrieved 26 Oc-

Further information will be available at tober, 2006 from.
http://users.rsise.anu.edu.au/"gmcintyr/index.html http://emotion-research.net/publicnews/d3c/.
as the ontology is developed. Schidder, M. (2006). HUMAINE project D6e: Report
on Representation Languages. Retrieved 26 October,
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