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Abstract We present an algorithm for generating facial ex- fective states [3—-5], much work on the expression of emo-
pressions for a continuum of pure and mixed emotions oftion has been limited to simple representations such as basic
varying intensity. Based on the observation that in natural in-emotions (see e.g. [6]). Only recently, more flexible emotion
teraction among humans, shades of emotion are much momepresentations have started to be explored in the domain of
frequently encountered than expressions of basic emotionspeech synthesis [7] and MPEG4-based facial animation [1].
a method to generate more than Ekman’s six basic emotions The present paper follows this line of development in
(joy, anger, fear, sadness, disgust and surprise) is required. foroposing a model for the integrated generation of speech and
this end, we have adapted the algorithm proposed by Tsafacial expression using an expressive text-to-speech (TTS)
atsoulis et al. [1] to be applicable to a physics-based faciabystem in combination with a photo-realistic, muscle-based
animation system and a single, integrated emotion model. Aacial animation model. A representation of emotional states
physics-based facial animation system was combined with acombining categorical and dimensional aspects is used for the
equally flexible and expressive text-to-speech synthesis sygprediction of vocal and facial expression of non-basic emo-
tem, based upon the same emotion model, to form a talkingions, i.e., of low-intensity and intermediate emotional states.
head capable of expressing non-basic emotions of varying in- The paper is structured as follows: we first refer to the
tensities. With a variety of life-like intermediate facial expres- relevant background related to speech synthesis, facial ani-
sions captured as snapshots from the system we demonstratetion and emotion representations. After that, the building
the appropriateness of our approach. blocks required for our work are described, and our method

for expressing emotions based on a dimensional representa-
Key words continuous emotions — emotional speech syn-tion of emotions is presented. Finally, we describe our plans
thesis — facial animation to extend the work.

2 Background
1 Introduction 2.1 Text-to-speech systems

The naturalness of a talking head depends on a considerablext-to-Speech synthesis [8] is a method for converting writ-
number of factors related to the proper integration of visualten text into audible speech. It consists of a text analysis part,
and audio channel, i.e. of the (audible) synthetic speech andenerating a symbolic representation of a spoken utterance
the (visible) facial model. One important factor is the gener-including a phonetic transcription of the words, followed by
ation of adequate lip movement in synchronisation to speechthe actual speech synthesis part, in which the symbolic repre-
Another factor is speech-related nonverbal facial expressionsentation is converted into audible speech.
such as raised eyebrows or blinks related to the structure of Speech synthesis systems that are to be used in conjunc-
the spoken utterance. If none of these are present in the symion with facial animation need to provide intermediate pro-
thesised animation, it is perceived as soulless, highly artifi-cessing results such as timing information in addition to the
cial, and plainly boring. resulting speech. New systems using XML-based internal
A third important factor for naturalness in a talking head data representations, such as BOSS [9] amakM[10], make
is the expression of emotions [2]. Unfortunately, the “tool- the output of partial processing results a straightforward task.
box” for modelling emotions and their expression is not yet The XML data can be further analysed by subsequent pro-
very well developed. While attempts are under way to organ-<cessing components using standard XML parsers.Emotions
ise the vocabulary and models used for the description of afinfluence the speech audio signal to a great extent [11,6,
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12]. People are able to identify emotions from the audio sig-include nonverbal speech-related facial expressions. Script-
nal alone with an accuracy well above chance level [11,12]based systems [30-32] leave synchronisation of nonverbal
Hence an expressive talking head should not only includdacial expressions to speech to the user. Rule-based methods
emotions in the facial animation, but must also be capableyenerate such expressions from analysis of content, utterance
of emotional audible speech. structure, and dialog state [33,34], from an analysis of the
The modelling of emotion in speech synthesis relies onspeech signal [35], or from intermediate output of a coupled
a number of parameters like, among others, fundamental TS [36].
frequency (FO) level, voice quality, or articulatory preci- Information is often also relayed through emotional ex-
sion [13]. Different synthesis techniques provide control overpressions. Ekman [37] identified a set of six basic emotional
these parameters to very different degrees. Formant synthedfiacial expressions that are valid throughout all cultures: joy,
[14], the most parametrisable synthesis technique, has beeanger, fear, disgust, sadness, and surprise. Many facial anima-
extensively used in emotional speech synthesis research (e.gion systems can display these universal expressions of emo-
[15]), but is nowadays rarely used because of its low degre¢ion. However, the human face is capable of displaying many
of naturalness. Unit selection synthesis [16], relying on themore emotional expressions, but little research has been con-
re-sequencing of units from large speech corpora, is the mostucted in this direction so far, mainly due to the limited avail-
recent and natural-sounding speech synthesis technique, bability of data on other expressions. The FacEMOTE system
lacks the flexibility required for a general-purpose emotional[38] relies on the Laban Movement Analysis of body motion
expression tool. Only a small number of expressive categoriesghich has been transferred to the face. The method modi-
can be modelled using this technique [17]. Diphone synthefies an input facial animation stream to change its expressive-
sis [18] is a compromise between naturalness and flexibilityness. The four parameter pairs used to steer the process are
and can be used for emotion expression if the diphone unitslirect-indirect, light-strong, sustained-quick, and free-bound.
concatenated are recorded in several voice qualities [19]. A direct mapping from these parameters to emotions is not
provided. Ruttkay et al. [39] arrange the six basic emotions
equidistantly on the border of a disc according to similar-
2.2 Facial animation systems ity. To every point on the disc a facial expression is associ-
ated which is computed by linear interpolation between the
Approaches to facial animation in general can be dividedclosest basic emotions. Distance from the circle center de-
into the following classes: physics-based [20,21], examplescribes intensity. In the same paper, the authors present a sec-
based [22-24], and parameterised systems [25,26]. Physnd method to obtain new expressions based on PCA. How-
cally based approaches try to model the anatomical strucever, they did not find the significant principal components to
ture of the face as well as the underlying dynamics; facialbe as intuitive as one might expect. Tsapatsoulis et al. ([1],
movement is achieved by muscle contraction. Parameterise@ection 4.2) have also developed a method to interpolate be-
systems assign weighted vertices of the face mesh to everyveen affect displays to create new ones. They use a mixture
parameter. During animations, the vertices are displaced a®f two emotion models, Whissell’s activation-evaluation ap-
cording to the parameter value. Example- or performanceproach ([40], cf. Section 2.3.2) and Plutchik’s emotion wheel
based techniques usually reassemble frames from vide@1].
footage or track movement of a real person to yield the de- Bui et al. [42] address the problem of combining differ-
sired new animation. ent channels of facial expression, i.e. lip sync, conversational
Maybe the most challenging application of facial anima- displays, emotional expressions, etc.
tion is speech synchronisation. Due to coarticulation, design-
ing a facial expression for every phoneme and then interpolat-
ing between the expressions according to the input phonemes 3 Emotion representations
does not produce realistic results. Several approaches to lip

sync have emerged. Procedural methods try to synthesise I:§}Iodelling of emotional expression needs to start from a suit-

movement for speech from scratch [27,26]. Example-base . :
. ; ble representation of the emotional states to be expressed.
systems reorder video frames of a speaking person so th&t

they fit the new speech [22-24] or extract visemes from video
and use them to animate 3D head models [28]. 2.3.1 Emotion categoriesThe most straightforward de-

In addition, speech is accompanied by nonverbal facialscription of emotions is the use of emotion-denoting words,
expressions which serve to structure speech and to emphasiee category labels. Human languages have proven to be ex-
important parts of a sentence, thereby facilitating understandtremely powerful in producing labels for emotional states:
ing. Eyebrow movement for instance can serve to accentuateists of emotion-denoting adjectives were compiled that in-
important words or parts of a sentence, to structure speech, @tude at least 107 items [40]. Several approaches exist for re-
to mark a sentence as question. There are several approactiscing these to an essential core set, the most used in the lit-
to incorporate nonverbal speech-related facial expressionsrature being basic emotions, a Darwinian concept [3]. Based
into animations of speech. Learning-based systems [23,29)n the work by Ekman [37], basic emotions are usually used
are trained to generate facial animations from speech thaor modelling facial expression of emotions.
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2.3.2 Emotion dimensionsMany different approaches re- category activation evaluation power
ported in the psychological literature have led to the pro-

posal of dimensions underlying emotional concepts (see [43] 19Y 17.3 42.2 12.5
for an overview). Different researchers came to propose JiStress -17.2 401 -52.4
two essential dimensionactivation (from active/aroused to happy-for 17.3 422 125
passive/relaxed) anelvaluation(from negative/bad to posi- gloating 40.0 300 30.0
tive/good), sometimes complemented by a third dimension: ~ fésentment 0.0 -40.0  -20.0
power (from powerful/dominant to weak/submissive). These ~ Sorry-for -17.2 -40.1  -52.4
emotion dimensions are gradual in nature and represent the NOP€ 20.0 200 -100
essential aspects of emotion concepts rather than the fine f€ar 14.8 444 -79.4
specifications of individual emotion categories. The names ~ Safisfaction -14.9 331 122
used for these dimensions were selected by the individual re-  €lief _ 3.0 33.0 -3.0
searchersnterpretingtheir data, and did not arise from the ~ féars-confirmed -30.0 -50.0  -70.0
data itself. This explains the large variation found in the liter- ~ diSappointment 2.4 249 -37.2
ature regarding the names of the dimensions. pride 30.0 40.0  30.0
One concrete proposal for an emotion dimension model ~ &dmiration 217.0 530  17.0
is the activation-evaluation space, proposed by Cowie et al. Shame 4.6 -26.3 623
[44]. In accordance to Plutchik's emotion wheel [41], they ~ Feproach -3.0 -30.0  43.0
conceived of the space as circular: but they complemented 1King -14.9 331 122
the circle by a disk whose outer bounds represent maximally ~ disliking 15.0 -35.0  -10.0

intense emotions, while its centre (the origin of the two-  9ratitude 20.0 40.0 ~ -30.0

dimensional space) represents a “neutral”’, unemotional state. a"9€" 34.0 356 20.0
The further a state is from the centre, the more intense it is, 9ratification -14.9 33.1 12.2
i.e., the radial distance from the centre is a measure of emo- f€MOrse 4.6 -26.3  -62.3
tion intensity (see Figure 1). In accordance to Whissell [40],  l0ve 12 333 149

hate 60.0 -60.0 30.0

emotion categories can be located in that space.

Table 1 Coordinates for a list of emotion categories on the three
2.3.3 Requirements for a natural emotionally expressive sysemotion dimensions activation, evaluation and power, as proposed
tem Databases of naturally occurring emotions [45] showas a first working model by the NECA project. All scales range
that humans usually express low-intensity rather than full-from -100 (passive/negative/submissive) via 0 (neutral) to +100 (ac-
blown emotions, and complex, mixed emotions rather tharfive/positive/dominant).
mere basic emotions downscaled to a

needs to use an emotion representation capable of repre-

senting such states. Emotion dimensions are a suitable repre- . , o
sentation: they are naturally gradual, and are capable of rep- 't should be kept in mind that, given methodological is-
resenting low-intensity as well as high-intensity states. WhileSU€S [3] as well as the limited empirical basis in existing stud-
they do not define the exact properties of an emotional state iff'S [4046,45], mappings between the currently existing emo-
the same amount of detail as a category label, they do captufi" representations are necessarily imperfect.
its essential aspects.
2.3.4 Mappings between emotion representatiofsnotion 3 Building blocks
categories can Hecatedin emotion dimension space via rat-
ing tests [46]. The mapping from categories to dimensions isThe talking head system used in this paper (see Figure 2) con-
therefore a simple task, as long as the coordinates of the em@ists of two main building blocks, a TTS system and a facial
tion category have been determined. The inverse, however, @nimation system.
not possible: as emotion dimensions only capture the mostes- The system input is plain text, which is passed to the
sential aspects of an emotion concept, they provide an undeirTS system. Here the text is transformed into a basic XML
specified description of an emotional state. For example, thekeleton that is enriched continuously as the linguistic anal-
coordinates for anger and disgust may be very close, becaugsis of the input proceeds, until all necessary information
the two categories share the same activation/evaluation/powéras been assembled and the actual acoustic speech synthe-
properties. The features distinguishing between the two catsis takes place. A detailed description of the TTS system is
egories cannot be represented using emotion dimensions, gwovided in Section 3.1.
that the corresponding region in space can only be mapped to The final XML structure is not only used by the TTS mod-
“anger-or-disgust” rather than a specific category. One conule, but also by the facial animation system. It extracts the
crete proposal for a mapping from a list of emotion categoriepphonemes and their durations for the lip sync, as well as ad-
to emotion dimensions was brought forward as a workingditional linguistic information such as intonation and pauses
model by the NECA project [47] (see Table 1). that serve to generate the nonverbal parts of the animation,
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Fig. 1 The two-dimensional, disk-shaped activation-evaluation space proposed by Cowie et al.
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Fig. 2 System overview. The TTS system performs a text analysis on the input text. It generates the audio signal and passes intermediate
results like phonemes etc. to the facial animation module.
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as e.g. eyebrow raising on accented parts of the speech. The Phonemisation is performed using a pronunciation lex-
facial animation system will be discussed in Section 3.2.  icon compiled into a finite state transducer, complemented

Connecting both components leads to synthetic audiowith letter-to-sound rules.
visual speech. Section 4 will explain how emotional expres-  Duration prediction is carried out using a set of rules pre-
sivity is added to this base system. dicting phoneme durations based on intrinsic phoneme prop-

erties and the surrounding context.
Intonation prediction is carried out in two rule-based

3.1 The text-to-speech component steps. First, symbolic intonation labels are predicted; second,
these symbolic labels are translated into frequency-time tar-
gets.

The synthesis module is instantiated using several synthe-
sis engines, among them MBROLA [18].

The TTS system MRY [10] is a TTS server written in Jaba

It is a very flexible toolkit allowing for easy integration of

modules from different origins. An XML-based representa-

tion language [48] is used in the system, which makes it easy

to access the system’s intermediate processing results, as3s2 The facial animation component

required for time-alignment with the visual component. The

system uses the following modules. The physics-based facial animation system has been devel-
Text normalisation consists of an optional input markup ©Ped following human anatomy [21,49]. It includes skull,

parser converting SSML into MaryXML; a tokeniser; a Jaw, muscles and skin. Skin and skull consist of triangle

preprocessing component converting numbers, abbreviation®@eshes. The muscles are modeled as a volume, i.e. they have

etc. into pronounceable form; a part-of-speech tagger an@ geometrical shape that bulges during contraction and is

chunker (local syntactic parser); and an information struc-elongated if the muscle is being stretched passively. The three

ture module recognising givenness and contrast based on tekPmponents skull, muscles and skin are connected through
structure, optionally using a semantic database. a mass-spring network. Thence if a muscle contracts, the

skin is moved along appropriately and the bulging of the
1 A publicly accessible web interface can be found at muscle is propagated to the skin, which deforms accord-
http://mary.dfki.de ingly. The model includes simple textured geometry for the
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eyes, teeth and tongue. In addition to the muscle contractiomformation on the type of sentence (e.g. question or informa-
parameters, parameters for head rotation, jaw rotation, eygve). In our implementation, we followed the approach given
and tongue movement are defined. Animations are specifieth [36].

through muscle contraction values and the above additional

parameter values, varying over time. They are executed in

real-time (40 fps for the simulatiom;100 fps for rendering, 4 Emotional expressivity

on a Pentium 4 1.7 GHz dual processor PC).

The expression of emotions by means of a combination of

3.2.1 Lip sync Lip sync is implemented following the ap- emotion categories and emotion dimensions is explained in
proach by Cohen and Massaro [26]. It considers coarticulagetail in the present section.
tion by assigning a so-called dominance functidgy(t) to
every phoneme-facial animation parameter gajp). Dsp
describes the influence of the phonemen the facial pa- 4.1 Emotional text-to-speech
rameterp over time. All phonemes have a target valug p
for every parametep assigned to them. The target value of The empotional text-to-speech synthesis system used in this
one phoneme for all facial animation parameters give the taryqrk is the one developed by Sélder [43]. As it is based
get facial expression of the phoneme, i.e. the corresponding, jinking emotion dimensions to their acoustic correlates, it
viseme. The trajectorgiy(t) for parameterp over the entire  jneqrates well with our approach to visual expression mod-
utterance is obtained with the following formula: elling presented in Section 4.2.

N1 D o(t) £ T, The key properties of the emotional speech synthesis sys-

ap(t) = PSP 1) tem are reported below.
= DS,P(t)

wheren is the number of segments in the utterance. Since#-1.1 Emotional prosody rulesSchibder [43] formulated
we obtain the phonemes and their durations directly from theémotional prosody rules on the basis of a literature review

speech processing system, visible and audible speech are sy#2d a database analysis. His literature review brought about
chronised inherently. the following results. An unambiguous agreement exists con-

cerning the link between the activation dimension and the

most frequently measured acoustic parameters: activation is
6p_ositively correlated with mean FO, mean intensity, and, in

Ewost cases, with speech rate. Additional parameters posi-
i

3.2.2 Nonverbal behaviour Apart from speech, several
other channels of communication are open to humans, e.g. f
cial expressions, gestures, body posture, voice quality, o
touching. Such nonverbal behaviour can be categorised int
five groups [50]:

jvely correlated with activation are pitch range, “blaring”
Imbre, high-frequency energy, late intensity peaks, intensity
increase during a “sense unit”, and the slope of FO rises be-
— emblemsnonverbal acts that have a well known verbal tween syllable maxima. Higher activation also corresponds
translation, e.g. nodding for "yes” to shorter pauses and shorter inter-pause and inter-breath
— illustrators. speech-accompanying movement that illus- stretches.
trates what is being said, e.g. eyebrow raising on accented The evidence for evaluation and power is less stable.
syllables There seems to be a tendency that studies which take only
— affect displaysfacial expressions of emotions a small number of acoustic parameters into account do not
— regulators behaviour related to turn-taking during a con- find any acoustic correlates of evaluation and/or power.
versation, e.g. looking towards the speaker at the end of The limited evidence regarding the vocal correlates of

questions to prompt for an answer power indicates that power is basically recognised from the
— adaptors content-free behaviour such as touching or rub-same parameter settings as activation (high tempo, high FO,
bing of oneself. more high-frequency energy, short or few pauses, large in-

The animations generated with our system show behavioutrenSIty range, steep FO slope), except that sometimes, high

pertaining to three of the five categories: illustrators, affectPOVer 1S correlated with lower FO instead of higher FO, and

displays, and regulators. We decided to leave out the emPOWeris c_orrelated with \{owel durat|on: .
There is even less evidence regarding the acoustic corre-

blems, since they require some kind of semantic analysis, an%tes of evaluation. Positive evaluation seems to correspond to
the adaptors, since they do not convey any information. Syn- . . pon
faster speaking rate, less high-frequency energy, low pitch

chronisation of these expressions to the speech at phonen%

level is rendered possible by the TTS system which pro—and large pitch range; a *warm” voice quality; and longer

vides data on sentence, phrasgord, syllable, and phoneme vowel durations and the absence of intensity increase within

boundaries as well as pitch information at phoneme level and S€Ns€ un!t " _ -
In a statistical analysis of the Belfast Naturalistic Emo-

2 A phrase is a part of a sentence delimited by grammaticaltion Database [45], perceptual ratings of the emotion dimen-
pauses. sions activation, evaluation and power were correlated with
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. Coefficients
Prosodic parameter

Activation Evaluation Power
pitch 0.3 0.1 -0.1
Py pitch-dynamics 0.3% -0.3%
T range 0.4
?-)— range-dynamics 1.2% 0.4%
% accent-prominence 0.5% -0.5%
i< E<-20: falling
GE) preferred-accent-shape -20<E<40: rising
z E>40: alternating
5 accent-slope 1% -0.5%
P<0: high
preferred-boundary-type P~0: low
rate 0.5% 0.2%
number-of-pauses 0.7%
g pause-duration -0.2%
% vowel-duration 0.3% 0.3%
= nasal-duration 0.3% 0.3%
liquid-duration 0.3% 0.3%
plosive-duration 0.5% -0.3%
fricative-duration 0.5% -0.3%
volume 0.33%

Table 2 Emotion dimension prosody rules proposed by 8dbr. Values on emotion dimensions range from -100 to 100, with 0 being the
“neutral” value. The percentage values faetors— see text for details.

acoustic measures (see [43,6] for details). The study replimost suitable for the task because of the high degree of flex-
cated the basic patterns of correlations between emotion dibility and control over the various processing steps, which
mensions and acoustic variables. It was shown that the acoustises from the use of the system-internal representation lan-
tic correlates of the activation dimension were highly sta-guage MaryXML.
ble, while correlates of evaluation and power were smaller A major design feature in the technical realisation of the
in number and magnitude and showed a high variability be-emotional speech synthesis system was that the acoustic ef-
tween male and female speakers. In addition, the analysifects of emotions should be specified in one single module.
provided numerical linear regression coefficients which wereThis module adds appropriate MaryXML annotations to the
used as a starting point for the formulation of quantified emo-text which are then realised by the respective modules within
tion prosody rules. the MARY system. As a consequence, all of the parameters
The effects found in the literature and in the databaseare global in the sense that they will be applied to all enclosed
analysis were formulated in a quantified way (Table 2) andtext. This approach is considered the most transparent, as the
implemented in the MARY TTS system [10]. link between emotions and their acoustic realisations is not
In Table 2, the columns represent the emotion dimen-hidden in various processing components, and the easiest to
sions, while the rows list all the acoustic parameters for whichmaintain and adapt, as all rules are contained in one docu-
emotion effects are modelled. The numeric data fields reprement.
sent the linear coefficients quantifying the effect of the given
emotion dimension on the acoustic parameter, i.e. the chang& 1.3 System evaluationThe appropriateness of the gener-
from the neutral default value. As an example, the value 0.5%ated emotional prosody and voice quality was assessed in a
linking activationto rate means that for an activation level of perception test. Due to the multimodal nature of any emo-
+50, rate increases by +25%, while for an activation level oftional utterance, this appropriateness was addressed in terms
-30, rate decreases by -15%. of coherence with other channels expressing the emotion, no-
tably verbal content and the situational context.
4.1.2 Implementation The MARY system (see Section 3.1) Verbal situation descriptions with known activation and
was used as the platform for the implementation of the emoevaluation ratings were used as reference material. For each
tional prosody rules specified in Table 2. This system wasof the emotional states defined by the situation descriptions,
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emotional speech prosody settings were calculated, and eadthere are two different ways to generate new expressions: if
of the texts was synthesised with each of the prosodic settingthe new emotiork, is very similar to the fundamental emo-
in a factorial design. In a listening test, subjects rated eachion E, i.e. if their facial expressions differ mainly in strength
stimulus according to the question: “How well does the soundof muscle contraction, then the new express@gncan be
of the voice fit with the content of the text?” computed from the expressi@rin the following way:

The results confirmed the hypothesis that the prosodic
configurations succeed best at conveying the activation di- Feo = Fe @
mension. Moreover, the appropriateness of a prosodic con- Re,(f) = % | Re(f) VfeR 3)
figuration for a given emotional state was shown to depend %
on thedegreeof similarity between the emotional state in- |f the new emotiorE, does not clearly belong to a fundamen-
tended to be expressed by the prosody and that in the texal category, its facial expression is computed by interpolation
tual situation description. In agreement with previous find-petween the shifted expressions of the two emotBnand
ings for human speech, the evaluation dimension was foung, that are closest tB, on the emotion wheel. For an interval

to be more difficult to convey through the prosody. In sum-| = [i,i,], let

mary, the speech synthesis system succeeded in expressing 1 i1<i,

the activation dimension (the speaker “arousal”), but not the o) = { -1, i1>i» “)
evaluation dimension. See [43] for a full account of the ex-

define the sigro of |. Letc(l) be the center of intervdland

periment. s(1) be its length. Thew, is determined by
4.2 Intermediate facial expressions Fe, = Fe, UFe, 5)
g,
. o Re () = = Rey(f)
The human face is capable of displaying many more emo- ag,

tional expressions than just those of the six universal emo- R;zz( )

tions joy, anger, fear, disgust, sadness, and surprise. However,

little visual data is available on expressions of other emotionsc(R% (f)) =

and modelling them is hard, since differences between them O — G e, — O

are often subtle. Hence Tsapatsoulis et al. [1] have developed (”1 o(Re, () + ———- C(Rgl(f))>

a method to interpolate between affect displays to create new ©e, — (F,

ones. We present their original work before we describe OUS(R, (f))

own model derived from theirs. O — G O, — O
Tsapatsoulis et al. [1] modelled emotions using a com- (”1 S(R,(f)) + —2—— -s(R%(f)))

bination of two emotion models: Plutchik [41] ordered 142 WE, — O,

emotion words according to their similarity. He found that Re,(f) =

they can be arranged around a circle, the so-caladtion 1 1

wheel Hence the relative position of each emotion can be de- [C(Raq(f)) -5 -S(Re, (), ¢(Re, () + > -S(Reﬂ(f))}

2,
g,

scribed by an angle [41, p.170]. This model does not consider

activation or intensity, its goal was to establish similarity. In VfeRy NP, 0(Re(f)) =0 (Re(f)) (6)
[40], Whissell describes the second model, a rating of emo- ag, ag,
tion words according to their co-ordinates on the activation (f) = gl ‘Rey(F) 0 g ‘Re,(f)

and evaluation dimensions. Tsapatsoulis et al. use the angles

in the emotion wheel as a measure of similarity, while they VfeRy N, 0(Rey(f)) #0(Rey(F))  (7)
:ﬁ; Whissell's activation values to describe emotion inten- Re, (f) = 2aEa; Rey(f) VfeFe\Fe ®)
. 1
Tsapatsoulis et al. use the MPEG-4 facial animation pa- %,
rameters (FAPs) animate their head model. They identified Ren(f) = 2-ag, Re(f) VT EFe \Fe ©)

eight fundamental emotions: acceptance, fear, surprise, sad-

ness, disgust, anger, anticipation, and joy. These are the staff-"oW Re,(f) = 0, then sefe, :=Fe, \ { f}. _

ing points for the interpolation. The facial expressi®oor- In case FAP is involved in the facial expressions of both
responding to an emotida is described by the following pa- generatmg emotlons.and its va.r|at|on mteryals haye for both
emotions the same sign (Equation (6)), i.e. it describes move-

rameters:
ment into the same direction, the variation intervals of the
— the activation valueg of the emotiorE generating expressioms ande, are first shifted, so that the
— its angle on the emotion wheek resulting expressions have the same activatiokasThen
— the FAPs involved in forming the expressibgn from the centers and lengths of the shifted intervals the in-

— for each contributing FAR € F the range of variations terval R, (f) can be computed through linear interpolation
of its valueRe( f) associated with the expression. between the emotion wheel angles. If the variation intervals
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val of the new expression is the intersection of the original

. X . . Zygomati major right  Depr r anguli oris righ
ones. Iff is present only in one generating expression (Equa- ygomaticus major right epressor anguli oris right

tions (8) and (9)), saye;, then its variation interval is aver- ~ Orbicularis oris Risorius left,

aged with the interval of the neutral faeg for whichag, =0 Risorius right

andRe,(f) =1[0] V f € Feg. Mentalis Depressor labii inferioris left,
We have modified the approach to work with our physics- Depressor labii inferioris right

based model. Instead of combining the data from the Whissell
and Plutchik studies, as Tsapatsoulis et al. did, we use the set ) o o

of emotion words with associated co-ordinates on the threél’able 3 Facial muscles operating in a roughly antagonistic fash-
dimensions activation, evaluation and power, as proposed b&?n'

the NECA project [47] (see Table 1). In this first version of

the system, we only use the first two dimensions from this o
Since several muscles can be antagonistic to others, e.g. the

Table (see Section 6). ; = L oo
. . L . orbicularis oristo both therisorius leftand therisorius right,
We use Cowie et al.'s disk-shaped activation-evaluation : . ;
) . : . we define for every muscle the set of its antagonists as
space (see Figure 1) as our model of emotion dimensions .
. : ... “A_(m) and the set of muscles that share these antagonists as
It appears natural to describe the states in the activation;

evaluation space by means of polar coordinates, using ang A (m). Form = risorus leftfor instance A, (m) = {risorius

lar orientationw and radial distance from the centreHere l]IEﬁ’ risorius right andA(m) = {orbicularis oris}. If the

again, the angleo describes similarity. In contrast to Tsap- facial expression foky is computed from two fundamental

atsoulis et al., we consider radial distance from the Centreexpressmnﬁl andE, we get.

of the activation-evaluation space to be a better indicator of
emotional intensity than activation (consider the case of de-

spair, which would have high intensity but low activation), Me, = Me; UMe, (12)
and therefore use this radial distancether than the activa- v, (m) = TEn Ve, (M)
tion levela for normalising the archetypal states’ intensities 3
to the intermediate state’s intensity in our equations. Vs, (M) = TEn Ve, (M)
As our “basic” emotions, we use the closest correlates to 4=

the six Ekmanian emotions (joy, anger, fear, disgust, sadness (m) = (wEn — O V(M) + g, — O, XY, (m))
and surprise) that we can find in Table 1: joy, anger, fear, hate, g, — g, 2 O, — g,
sorry-for, and surprise (as a state with 100% activation, and YmeMe,: A (m) UA (M) =0 (13)
0% on evaluation and power). We are aware that these are e re

crude approximations, which should be taken as illustrating Sy = (" Vg, (M) + = -vez(n’())
the idea rather than as a final truth. meAT (m) \'Ex 'E;

Since our animations are based mostly on muscle con- re, re,
tractions instead of MPEG-4 FAPs, we had to adapt the ap- S = oy (rE1 Ve, (M) + rE, 'VeZ(m)>
proach to also work with muscles. We defined our expres- .
sions through single muscle contraction valwe3hey can 0, if Sy=S
be uniformly scaled by a number between 0 and 1 to achieveVve,(m) = ¢ (S —S.)- é . (% Ve, (M) + % ovez(m)) ,
different intensities of the expressed emotion, but we leave else ' 2

it to the animator to decide how small the scaling value can
be so that the resulting expression is still perceived as the
same emotion. As a consequence, we have no means of decid- . . . .
ing for a given muscle whether to use Equation (6) or Equa- quatlé)n (1.2) |slznaloguef 0 E(rq]uatlon (f5). Thel dlffelr-
tion (8). Hence we identified facial muscles that operate in acnees n quayon (13) stgm rom the use of a single value
roughly antagonistic fashion (see Table 3) instead of an interval. This obviates the need to compute

Let M- be th t of les involved i . the center and length of the interval. Instead we can scale
€1 Ve b€ Ihe Set 0T MUSCIES INVOlved In EXpresse and interpolate the contraction values directly. Since they
emotionE andve(m) the contraction value ah. For simplic-

) N . . do not describe a direction but a value, no conflict arises.
ity, the animation parameters of eyes, head and jaw rotatlonrhe main difference lies in Equation (14, (m) andS.(m)
and tongue are included . This leads to the following i

dified algorithm for th h th g are the summed, scaled contraction values of all muscles in
moditied aigorithm for the case Where the New emolais — 1he same and different antagonistic class, respectively. The
similar to a fundamental emotids:

overall scaled contraction for all muscles in the same and
the antagonistic class of m B, (m) — S_(m). This is dis-

VmeMe,: AL(m UA_(m)#0 (14)

Mg, = Me (10)  tributed to the individual muscles of the set with the stronger
re, scaled overall contraction according to their contribution to
Ven (M) = e V(M)  VME Me. (11)  thatvalue. If we assign contraction valugg(m) =0 Vme
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Me, \ Mg, @andve,(m) =0 Vme Mg, \ Me,, this obviates the  intensity of breathing is also an indicator of the emotion cur-
need for Equations (8) and (9). rently felt.
In Figure 3, the new expressioasxietyandpanic fear
have been g_enerateq as a scaled versiofeaf following . AcknowledgementsPart of this research is supported by the EC
the method in Equations (10) and (11). In the examples iMbygject HUMAINE (IST-507422).
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anxiety fear
a=28 a=28
e=-241 e=-241
r=253 r=46.8
o = 2884 o = 2884

panic fear
a=28
e=-241
r=634

o = 2884

Fig. 3 Anxietyand panic belong to the same fundamental clasSess, but differ in intensity. Therefore their facial expressions can be

generated from fear by scaling with the ratio of the radii. The angle on the emotion disc is kept fixed for both new expressions, while the radii

are varied, thereby yielding new values for activation and evaluation.
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sadness remorse fear
a=-172 a=46 a—=148
e=-401 e=-263 e=—_444
r=436 r=267 r =46.8
o = 2468 w=2799 = 2884

joy gratification sadness
a=173 a=-149 a=-172
e=422 e=331 e=—401
r=45.6 r=36.3 r=436

w=677 o=1142 o = 24638

Fig. 4 The emotional expression in the middle has been obtained from those at the left and right using the blending algorithm. The radius
and the angle on the emotion dieadetermine the influence of each generating expression and hence the degree of similarity to the new one.
The coordinates in emotion space have been obtained from the NECA data.
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fear

a=148
e=-444
r=46.8
o= 2884

surprise
a=100
e=0

r =100
w=0

disgust
a==60

e=-60
r=2384.9
o= —-45
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upset anger
a=25 a=34
e=-50 e=—-356
r=>559 r=492
o =2966 o = 3137

positive surprise joy

a=80 a=173
e=15 e=422
r=814 r =456
o =106 =677

negative surprise surprise
a=280 a=100
e=-15 e=0
r=814 r =100
o =-106 ow=0

Fig. 5 The emotional expression in the middle has been obtained from those at the left and right using the blending algorithm. The radius
and the angle on the emotion dieadetermine the influence of each generating expression and hence the degree of similarity to the new one.
The first example is a not too active, but rather negative emotion, while the second one could be pleasant surprise, and the last one unpleasar

surprise.
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