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A multidimensional culturally adapted
representation of emotions for affective

computational simulation and recognition
Joaquin Taverner, Emilio Vivancos, and Vicente Botti,

Abstract—One of the main challenges in affective computing is the development of models to represent the information that is
inherent to emotions. It is necessary to consider that the terms used by humans to name emotions depend on the culture and language
used. This paper presents an experiment-based method to represent and adapt emotion terms to different cultural environments. We
propose using circular boxplots to analyze the distribution of emotions in the Pleasure-Arousal space. From the results of this analysis,
we define a new cross-cultural representation model of emotions in which each emotion term is assigned to an area in the
Pleasure-Arousal space. An emotion is represented by a vector in which the direction indicates the type, and the module indicates the
intensity of the emotion. We propose two methods based on fuzzy logic to represent and express emotions: the emotion representation
process in which the term associated with the recognized emotion is defuzzified and projected as a vector in the Pleasure-Arousal
space; and the emotion expression process in which a fuzzification of the vector is produced, generating a fuzzy emotion term that is
adapted to the culture and language in which the emotion will be used.

Index Terms—Affective computing, individual and cultural differences, modeling human emotion
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1 INTRODUCTION

EMOTIONS play an important role in our behavior as
humans. Emotions are present in our day-to-day re-

lationships with other human beings and when we face
any situation or event. Systems that are capable of recog-
nizing, processing, or simulating emotions can improve the
interaction between humans and machines by making this
interaction more natural and realistic.

Over the years, different models have been proposed to
recognize emotions in human beings. With the improvement
of machine learning, there is currently a large number of
models that recognize emotions using images, voice, text,
or electroencephalograms. However, most of these models
focus on improving the accuracy of the recognition without
paying much attention to the way of representing that
knowledge for its possible use in systems such as affective
agents. An affective agent is a system that is capable of
simulating human affective behaviour. Currently, there are
several approaches for affective agents in which different
models of representation of emotions are used [1, 2, 3, 4, 5].
Frequently, proposals made from affective computing rep-
resent emotions using simple labels (e.g., Happy or Sad).
However, a representation of emotions that uses a contin-
uous multidimensional space seems to be more appropriate
for use in computational models since it allows storing
more information about emotions, such as the intensity
of emotions or the proximity between emotions [6]. This
representation also provides a greater capacity to analyze
the variations that occur in emotions and mood over time,
thereby improving the simulation of human emotional be-
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cian Research Institute for Artificial Intelligence (VRAIN), Universitat
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havior.
Different models of representation of emotions have

been proposed from psychology. One of the best known
is The Circumplex Model of Affect proposed by J. A. Russell
[7] (Fig. 1). This model relates emotions with their Pleasure
and Arousal values. In addition, according to several studies,
emotions greatly depend on language and culture [8, 9, 10].
In other words, the same emotion label can be interpreted in
a different way depending on the culture and the language.
Nevertheless, even though cultural and language factors are
taken into account in other domains such as recommenda-
tion systems, to our knowledge, there are still no proposals
in the affective computing area that really consider cultural
and language factors to represent and express emotions in a
computational system.

On the other hand, there is a recent tendency to use
emotional models based on fuzzy logic [11, 12]. This is
due to the fact that this type of knowledge representation
is closer to the way in which human beings express their
emotions using terms such as very happy or a little happy [13].
Therefore, a model that represents human emotions should
be able to deal with this type of fuzzy terminology.

This paper proposes an experiment-based method that
represents emotions in a Pleasure-Arousal dimensional space
adapted to the language and culture where the emotions
will be expressed. This model uses fuzzy logic to better sim-
ulate the way in which humans express emotions. The rest
of this paper is organized as follow. In Section 2, we discuss
the most important proposals for emotion representation in
affective computing. Section 3 introduces an experiment-
based method to adapt the emotion representation to the
cultural environment in which emotions are used. The fuzzy
culturally adapted model of affect obtained from the experi-
ment is presented in Section 4. Finally, the main conclusions
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Fig. 2. Wheel of emotions proposed by Plutchik [14]

and some future works are presented in Section 5.

2 RELATED WORKS

The term emotion is a psychological construct whose defi-
nition has long been the subject of debate. Over the years,
different theories have been proposed to explain emotional
behavior. Some theories, such as basic emotion theories,
propose that there is a limited number of emotions and that
these emotions are understood universally. One of the best
known theories in this area is the Basic Emotion Theory
proposed by Ekman [15]. Ekman’s theory is based on six
basic emotions: Happiness, Surprise, Fear, Anger, Disgust,
and Sadness. Plutchik defined his theory using eight basic
emotions [14] in which different feelings can be derived
from the combination of two adjacent emotions (Fig. 2).
According to these theories, one event is universally related
to a single emotion.

In contrast, the constructivist theories contradict the ba-
sic emotions theories stating that emotion labels/words do

not have a universal meaning. According to constructivism,
the labels that we use to refer to emotions depend on the
culture and the language used. Therefore, there is no direct
correspondence for all of the emotion labels among different
languages [16]. For example, in the German language, there
is an emotion called Schadenfreude, whose meaning could
be translated into English as “pleasure from the suffering
of others” but this translation does not quite capture the
complete meaning of the emotion as it is shown in [17].

One of the most cited constructivist theorists is J. A.
Russell. In his Core-Affect theory [8] language and culture
have an important weight when cataloging different emo-
tions. He also proposed that emotions are related to the di-
mensions of Pleasure (sometimes called Valence) and Arousal
(sometimes called Activation) [18]. He observed through ex-
perimentation that emotions follow a circular pattern within
a continuous space based on these two dimensions. He
called this pattern The Circumplex Model Of Affect [7] (Fig. 1),
which shows the relationship between emotions and the
values of Pleasure and Arousal.

On the other hand, Reisenzein [19] observed that the
intensity of emotions is proportionally related to the values
of Pleasure and Arousal: the greater the value of these dimen-
sions, the greater the intensity of the emotion. For example,
the intensity of the Happy emotion is more related to the
level of Pleasure, while the intensity of the Alert emotion
is more related to the level of Arousal. In addition, he also
observed that low levels of Pleasure and Arousal mean that
the intensity of emotions is so low that it can be assumed
that there is no emotion.

Mehrabian proposed adding a third dimension, known
as Dominance, to the Pleasure-Arousal space. This created a
new model known as the PAD model [20], which is one
of the most widely used models when designing affective
agents that simulate emotional behavior. The Dominance
dimension increases the space of representation allowing
some emotions to be disambiguated. However, many mod-
els propose that this third dimension must be considered as
an appraisal variable rather than as a representation variable
[21].

Jackson et al. [22] analysed around 2500 languages
to determine the level of similarity of 24 emotion labels
across different cultures. They studied six dimensions asso-
ciated with emotions (Pleasure, Arousal, Dominance, Certainty,
Approach-avoidance, and Sociality) and detected that Pleasure
and Arousal are the two most important dimensions to
determine emotion semantics across different languages. In
fact they concluded that Pleasure and Arousal are “common
psychophysiological dimensions shared by all humans”.
Other studies showing that the behavior of emotions in
the Pleasure-Arousal space depends on culture and language
have been conducted over the years [8, 23]. Based on these
findings, different psychology researchers have adapted
some psychological models to different cultures and lan-
guages [24].

2.1 Emotions in Affective Computing

Currently, most of the proposals made in the affective com-
puting area, both in the field of recognition and simulation,
use Ekman’s emotional model to define emotions [2, 25].
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However, there are other models that use a dimensional
representation of emotions [12, 26, 27]. For instance, the
World Wide Web Consortium (W3C) recommends a markup
language that allows both dimensional and label-based rep-
resentations of emotions (EmotionML [28]).

Generally, the proposals performed in the field of affec-
tive behavior simulation are focused on the use of intelli-
gent multi-agent systems [29, 30]. Most of these proposals
take advantage of a dimensional representation to model
different affective processes, such as the mood decay rate or
the displacement of the mood when receiving an emotion,
which would be impossible to simulate using a label-based
representation. For example, the model proposed by Geb-
hard in ALMA (A Layered Model of Affect) [2] uses the
PAD model to represent the mood in an affective intelli-
gent agent. On the other hand, GenIA3 (a general purpose
architecture for affective agentes) [1] is a BDI architecture
created to simulate affective behavior in multi-agent sys-
tems. GenIA3 offers a set of tools to represent affective traits
like personality, emotions, and mood. This architecture also
uses a dimensional representation for mood and emotions.
However, these models assume that a basic emotion can
be universally represented by a simple point in the dimen-
sional space. The work proposed in this paper extends the
GenIA3 architecture through a new emotional representation
model to adapt GenIA3 affective agents to different cultures
and languages.

In recent years, there seems to be a tendency to define
affective models using fuzzy logic. Through fuzzy logic, it
is possible to approximate the artificial representation of
emotions to the way in which humans express them. For
example, Jain et al. propose EMIA [31] which uses fuzzy
rules to handle uncertainty in its appraisal process for five
of Ekman’s basic emotions. Another interesting proposal
is the one presented in [32] in which a methodology to
translate emotional labels from Spanish to English through
fuzzy logic is proposed. The author designed an experiment
in which 8 Spanish-speakers answered a questionnaire to
obtain the values of Pleasure, Arousal, and Dominance asso-
ciated with 30 Spanish emotional labels/words. From the
results of the experiment, the fuzzy membership functions
for each emotion were obtained. Then a comparison with
the functions obtained with English-speakers in a previ-
ous experiment was performed to translate the emotional
labels/words.

As the Circumplex Model of Affect shows, emotions follow
a circular pattern in the Pleasure-Arousal space. This prop-
erty suggests that emotions could be represented by the
use of vectors in a polar coordinate system. For example,
in [33], a vector based representation model of emotions
using Pleasure and Arousal dimensions is proposed. The
authors modify the representation space by displacing the
origin of coordinates to the negative extreme of the Arousal
dimension. However, when displacing the origin of coordi-
nates, both the direction and the modulus of the vector are
modified, which can lead to difficulties when calculating the
intensity or type of the emotion. In addition, the concept of
negative Arousal (usually referred to as Sleepiness or Deacti-
vation) becomes blurred, producing a decontextualization of
emotions that depend on this dimension, such as Boredom
or Calm. These disadvantages can be solved by the use of

circular statistics.
When using circular representation spaces, such as the

Circumplex Model of Affect, traditional statistics that are fo-
cused on linear data may not be adequate since the represen-
tation space is finite and constrained between 0 and 2π. In a
circular representation space based on Pleasure and Arousal,
the dispersion can be estimated by the circular standard
deviation σ expressed as follows [34]:

σ =
√
−2 lnR (1)

where

R =

√
P

2
+A

2
(2)

where P and A represent the mean values for the Plea-
sure and Arousal dimensions. The distribution of the data
in a circular area delimited by 2π also makes it difficult to
use the probability distributions that are commonly used
in linear statistics. Instead, the von Mises distribution [35]
could be used to estimate the normal (Gaussian) distribu-
tion for circular data. For example, in [36], a probabilistic
model based on a mixture of von Mises distributions for the
recognition of emotions in faces is proposed. The authors
use a representation space that is based on the dimensions
of Pleasure and Arousal. The face images were projected to
coordinates in the representation space to determine the
type of emotion using the von Mises distribution.

2.2 Discussion
Despite the great amount of effort made to recognize and
simulate emotions, there is still much to be done until
we are able to understand and correctly simulate affective
processes. Nowadays, there is no consensus about what is
the best way to represent emotions. This is because emotions
are complex concepts and their generation depends on mul-
tiple personal, contextual, and cultural factors. However,
in order to make better use of the current systems for
emotion recognition and affect simulation, it is necessary to
design a computational model of affect that represents this
knowledge as flexibly and accurately as possible. A common
representation using a continuous dimensional space for
both recognized and simulated emotions can improve the
understanding and simulation of affective processes such as
emotion elicitation, emotional contagion, or empathy.

However, in affective computing, the use of emotions
is usually simplified by using categorical approaches that
reduce emotions to simple labels (e.g., using the six basic
emotions of Ekman). With this type of representation, part of
the information inherent to the emotion, such as intensity or
proximity to another emotion, is lost. Therefore, representa-
tions of emotional knowledge based on a multidimensional
continuous space are more appropriate for use in affec-
tive computing. In a multidimensional space, emotions can
move through continuous variables representing a greater
amount of information (e.g., the intensity of the emotion)
than if only labels were used.

When a dimensional representation is used, different
alternatives for representing the emotions within the space
arise. The most commonly used model consists of represent-
ing each basic emotion as a point in the representation space
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as is done in The Circumplex Model of Affect (Fig. 1). The main
problem that appears when using this model is the way
basic emotions are represented using a simple point in the
space. This representation is far from the way in which emo-
tions are associated with Pleasure and Arousal by humans,
as we prove in our experiment. The second problem when
using this scheme is the ambiguity that appears in the spaces
between adjacent emotions, because the area around each
point is not clearly defined. In addition, it is very difficult
to determine categorically and without error that a point
in space corresponds to a certain emotion. Moreover, this
model does not represent important information such as
the intensity of the emotion. Therefore, a more appropriate
method for representing the emotions consists of defining
each emotion as an area in the emotion space, instead
of a simple point as proposed by other approaches. An
area-based method better represents the complexity and
similarities among multiple emotions.

Some findings suggest that languages around the world
primarily differentiate emotions on the basis of Pleasure
and Arousal [22]. Therefore, when defining a computational
model of affect, the culture and the language in which
it is going to be used must be considered since different
cultures may attribute different Pleasure and Arousal values
for the same emotion label [10, 37]. For example, in the
experiment presented in [8], the authors note, among other
results, that the Polish participants related the calm emotion
with a significantly higher level of arousal than the Greeks.
Extrapolating an emotional model from one language to
another without adapting it to the culture and language
may produce inconsistencies, which can lead to erratic agent
behavior and emotion expression. Moreover, the way in
which emotions are expressed when the system interacts
with humans must also be taken into account. Fuzzy logic
allows affective agents to express their emotions in a similar
way to humans.

3 AN EXPERIMENT-BASED METHOD TO ADAPT AF-
FECTIVE MODELS TO CULTURE AND LANGUAGE

Labels that are used to represent emotions do not have the
same meaning in different languages and cultures, but a
model that is based on the Pleasure and Arousal dimensions
can represent the universal meaning of the emotions [22].
Nevertheless, the scheme proposed by Russell is a basic
scheme that is used to support the circular representation
of emotions. Therefore, the direct use of this scheme in a
computational model can easily be criticized since it was not
defined for that purpose. In addition, this scheme was gen-
erated from experiments with English-speakers. Therefore,
following the foundations of constructivist theories, this
representation of basic emotions may not be valid in other
cultures or languages. It is necessary to design processes
to adapt this emotional model to the culture and language
of the environment in which the model will be used and
also to discover the areas of the multidimensional space
where emotions have a higher probability of occurrence.
We present an experiment-based method to find the regions
representing each emotion, that can be used for different
languages and cultures.

We start from the main hypothesis that Russell’s model
might not be valid for representing emotions in a context
with a language and a culture that is different from the
context in which Russell carried out his experiment. We
propose a methodology that consists of two experiments.
The first experiment finds the labels that best represent the
meaning of the Pleasure and Arousal dimensions in the target
language. In our experiment the target language is European
Spanish. The second experiment finds the intervals of Plea-
sure and Arousal that are associated to each emotion in the
target language.

For our experiment, we have selected the ten emo-
tions used by Russell in [8]: Fear, Anger, Disgust, Sad-
ness, Boredom, Sleepiness, Calm, Happiness, Excitement, and
Surprise. The most common literal translations of these
emotions into Spanish are “Miedo”, “Enfado”, “Asco”, “Tris-
teza”,“Aburrimiento”, “Somnolencia”, “Calma”, “Felicidad”,
“Emoción”, and “Sorpresa”. However, these are not the
only possible translations, and, depending on the selected
word, we could be expressing different emotional meanings.
Therefore, making a literal translation of emotions could
lead to significant differences in the interpretation of the
levels of Pleasure and Arousal of these emotions.

3.1 Method

3.1.1 Experiment 1: Naming the Pleasure and Arousal di-
mensions

Starting from the hypothesis that the literal translation of
the labels associated with the Pleasure and Arousal affective
categories may introduce a bias, the main objective of this
first experiment is to find the words that best represent the
meaning of theses affective categories in the target language.
Generally, these dimensions are defined using four affective
categories: Pleasure and its opposite Misery, and Arousal and
its opposite Sleepiness. However, despite the fact that emo-
tional terms are often equated in translation dictionaries, a
literal translation may not accurately reflect the meaning of
the original emotional term since the terms used to define
emotions vary in meaning depending on the culture and the
language [9, 10]. To translate these words we have used the
following methodology:

• We consulted the translations provided by the four
most widely used bilingual dictionaries: The Cam-
bridge [38], Collins [39], Oxford [40] and WordRefer-
ence [41] English-Spanish Dictionaries. We selected
30 Spanish words for the four affective categories: 8
words for Pleasure, 10 words for Misery, 5 words for
Arousal, and 7 words for Sleepiness.

• Fifty people participated in this first experiment: 20
females and 30 males ranging in age between 18
and 60 years old and with different study levels
(from secondary school to the doctoral level). The
instructions were given to each participant at the
beginning of the experiment. Each participant was
asked to read each group of words and identify the
general affective category represented by the group.
Each participant was given an unlimited time to
select the word that best represents the concept of
the group and to remove those words that clearly do
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not express the meaning of the affective category of
the group.

3.1.2 Experiment 2: Assigning areas to each emotion
Based on the hypothesis that the Pleasure and Arousal levels
of an emotion can vary depending on the culture and lan-
guage, this second experiment was designed to define the
levels corresponding to each emotion in the target language.
We decided not to consider other dimensions because recent
studies, like [22], have shown that the Pleasure and Arousal
dimensions predict the structure in emotion across language
families. Moreover, some authors have found that human
beings have difficulty and display confusion when they
try to assign a Dominance value to the emotions that they
are feeling and that this dimension does not show much
difference between emotions [22].

One hundred people participated in this second experi-
ment: 40 females and 60 males ranging in age between 18
and 60 years old with different study levels (from secondary
school to the doctoral level). To avoid bias, the participants
performed the experiment individually and without a time
limit. We designed a questionnaire using the four affective
categories translated into Spanish in the first experiment.
It was composed of 10 prompts, one for each emotion.
At the beginning of the experiment, the instructions were
given to each participant individually. For each prompt, the
participants were asked to assign a level of Pleasure and a
level of Arousal to the 10 selected emotions. The structure
of the prompts was designed to collect the Pleasure and
Arousal variables individually. To assign these two levels,
each prompt was composed of two 7-item Likert scales. The
scale for Pleasure was defined from very miserable to very
pleased and the scale for Arousal was defined from very sleepy
to very aroused. Note that the value 4 corresponds to a neutral
value on these scales.

3.2 Analysis and Results

In the first experiment, we define the degree of acceptance
of one word w for the affective category c (acceptc(w)) as
the difference between the number of times the word w
has been selected as being representative of the affective
category c and the number of times the word has been
removed. The degree of acceptance for all of the candidate
words are represented in Fig. 3. For instance, Fig. 3a shows
that the word Alertado has a degree of acceptance for the
Arousal category acceptarousal(alertado) = 25, while Exci-
tado has acceptarousal(excitado) = −22. The negative degree
of acceptance means that the participants mostly rejected that
word to represent the affective category of the group. The
results confirm the hypothesis of the first experiment, and
the need to carry out studies of this type when translat-
ing affective concepts to other languages and cultures. For
example, according to the selected dictionaries, the closest
translation into Spanish of the affective concept Misery is
Miseria. However, as Fig. 3d shows, this word only has
an acceptmisery(miseria) = −11. Therefore, it was not
selected to represent this affective category since a great
number of people discarded it. For the concept of misery, the
participants selected words such as Suffering, Sadness, and
Unhappiness (in Spanish Sufrimiento, Tristeza, and Infelicidad).
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Fig. 3. Degree of acceptance of the candidate words for each affective
category.

This is probably due to the fact that the concept of misery in
Spanish is related more to economic poverty than to suffer-
ing. We can also see that the best translation for Arousal is
Alerta. For Sleepiness, the words selected as most representa-
tive were Somnolencia and Adormecimiento. Finally, for Plea-
sure, there is a tie between Placer acceptpleasure(placer) = 8
and Satisfacción acceptpleasure(satisfaccion) = 8. The re-
sults of the first experiment show that there are some
affective categories in which there are more than one word
with a positive degree of acceptance. For example, in the case
of Pleasure, it is very clear that both Placer and Satisfacción
are relevant to the understanding of this abstract concept.
Therefore, by selecting one of the two, we could be biasing
the translation of Pleasure since each person can have an
individual conceptualization that could be influenced by
their geographical location, age, or cultural environment.
The conclusion we drew from these results was that, in
order to avoid a possible bias that could produce mis-
understandings, we needed to contextualize each affective
category by using more than one word. To determine the
appropriate number of words for each affective category,
we used the results of the experiment. For the affective
categories Arousal, Sleepiness, and Misery, we selected those
words with a positive degree of acceptance, obtaining three
words for each affective category. However, by applying
the same criteria for Pleasure, four possible words were
obtained. Therefore, in order to define all of the affective
categories homogeneously to avoid misunderstandings, for
Pleasure, we decided to select the three words with the
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Fig. 4. Circular boxplot graphic for the ten selected emotions in Spanish
(see Table 1) where the horizontal axis represents Pleasure and the
vertical axis represents Arousal.

highest degree of acceptance.
We used the second experiment to define the levels of

Pleasure, Misery, Arousal, and Sleepiness associated to each
emotion label. Then, we performed a circular statistical
analysis of the results of the second experiment to determine
the best circular representation of the selected emotions
based on their Pleasure and Arousal components. Hence-
forth, we will refer only to the dimensions of Pleasure and
Arousal, considering that Misery is negative Pleasure and
Sleepiness is negative Arousal. First of all, we discarded all of
the answers of the participants that represent unexpressed
emotion. These emotions are characterized by zero values
in the Pleasure and Arousal dimensions, which correspond
to the 4th item in the Likert scales. We made this decision
taking into account that, with low levels of Pleasure and
Arousal, the intensity of the emotions is so low that it can be
considered that there is no emotion [19]. Second, for all of
the answers of each participant for each selected emotion,
we calculated the angle α between the Pleasure axis and
the line defined by the (Pleasure, Arousal) point and the
origin of the coordinate system. This angle α represents the
“meaning” that each participant associates to each emotion
in this two-dimensional space. Third, we carried out a

TABLE 1
Results of the second experiment. αe and σe expressed in radians.

Emotion e in Mean Mean Mean Sd
Spanish (English) P e Ae αe σe
Felicidad (Happiness) 0.90 0.42 0.44 0.33
Emoción (Excitement) 0.76 0.64 0.70 0.18
Miedo (Fear) -0.58 0.81 2.19 0.27
Enfado (Anger) -0.74 0.66 2.42 0.29
Tristeza (Sadness) -0.96 -0.27 3.42 0.39
Aburrimiento (Boredom) -0.41 -0.91 4.28 0.38
Somnolencia (Sleepiness) -0.11 -0.99 4.60 0.27
Calma (Calm) 0.74 -0.67 5.55 0.63
Asco (Disgust) -0.99 -0.04 3.19 0.76
Sorpresa (Surprise) 0.31 0.95 1.25 0.46

Fig. 5. Dispersion of the Disgust emotion.

circular statistical analysis to eliminate possible outliers. To
do this, we estimated the circular dispersion of the data
associated to each emotion by the participants.

hypothesisTable 1 summarizes the results of the second
experiment: the mean values associated with the Pleasure
and Arousal variables for the emotion e (P e and Ae), and the
mean angle αe and circular standard deviation σe calculated
using the Formula 1. To analyze the distribution of emotions
in this polar representation, we use circular boxplots [42].
The circular boxplots in Fig. 4 show the circular distribution
in the Pleasure-Arousal space that we obtained for the 10
emotions. As can be observed, Sadness is related to low
levels of Pleasure and mean levels of Arousal (Fig. 4d),
while Excitement is related to high levels of Pleasure and
Arousal (Fig. 4i). These graphs also show the great differ-
ences between the dispersion levels of the emotions. For
example, the dispersion of the Excitement emotion (Fig. 4i)
is clearly lower than that of the Calm emotion (Fig. 4g).
This confirms that, by representing the emotion with a
simple point, as proposed in previous approaches, it is
performed a simplification that does not correspond to the
area that humans assign to emotions in their minds. It also
confirms the hypothesis of the second experiment, and the
need to perform these types of experiments when modeling
emotions in different cultural contexts.

When analyzing the results obtained for Disgust (Fig. 4c),
we found that it occupies a large part of the dimensional
space. The most likely explanation for this behavior is that
in Spanish, the Disgust emotion does not seem to have a
clear definition in the dimension of Arousal even though it
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Fig. 7. Results obtained in our experiment (with emotions expressed
in Spanish (see Table 1)) and Russell’s (with emotions expressed in
English) [7]. Note that the emotions not represented in the Russell’s
experiment are shown in gray.

is clear that the Pleasure value is negative. This behavior is
better observed in Fig. 5, where the dispersion of the Arousal
values for the Disgust emotion is very high (but always with
a negative Pleasure value).

From these results, we estimated the circular normal
distribution of each emotion. Fig. 6 shows the overlap of
the von Mises models obtained for each emotion. As can be
observed, there are some emotions that overlap each other.
For example, the Fear and Anger emotions have similar
mean angles (αfear = 2.19 and αanger = 2.42), and the
same relation can be observed for Boredom and Sleepiness,
or Excitement and Happiness. In addition, as expected, it
can be observed that the Disgust emotion has a very large
standard deviation and is overlapped by several emotions.
This representation allows us to estimate the probability of
selecting an emotion according to the angle α between the
Pleasure axis and the line defined by the (Pleasure, Arousal)
point and the origin of the coordinate system. Therefore,
instead of defining emotions as areas, we define regions
of probability in which emotions can occur with a certain
degree of uncertainty. By introducing this uncertainty, the
model becomes more versatile, allowing the same point in
space to belong to more than one emotion with different
probabilities. In addition, with this model, we avoid one of
the main problems of a point-based representation because
we cannot categorically affirm that a point belongs to one
and only one emotion.

We have performed a similar circular statistical analysis
of the results obtained by Russell with English speakers

[7] (using Formulas 1 and 2). To demonstrate the need to
adapt the emotional models to the language in which it
will be used, we have compared these results with those
obtained in our experiment with Spanish speakers. In order
to determine if the samples are different, we performed a
t-Student statistical analysis starting from the null hypoth-
esis H0: the samples are equal. The results are shown in
Table 2. As can be observed, the p-value for the emotions
Happiness, Excitement, Fear, Anger, Sadness, and Sleepiness is
less than 0.05. Therefore, we can reject the null hypothesis
H0 and accept that the samples are significantly different.
However, for the Boredom and Calm emotions, the p-value
is greater than 0.05. Therefore, the samples are not signif-
icantly different. Fig. 7a shows the mean position of the
10 selected emotions in Spanish according to their level of
Pleasure and Arousal. When we compare the results of our
second experiment with those obtained by Russell (Fig. 7b),
some differences can be easily detected. For example, our
experiment shows that the Happiness emotion is related to
higher levels of Arousal for European Spanish-speakers than
the levels obtained by Russell for British English-speakers.
These differences can also be seen in other emotions such as
Anger, which is more related to lower levels of Pleasure in
Spanish than in English.

We can conclude that, for six of the eight selected
emotions, the differences between languages are significant.
Therefore, these results confirm the need for experiments of
this type when working with emotions in different cultures
and languages since there are significant differences in the
affective meaning of the words that are used to define
emotions.

4 A FUZZY CULTURALLY ADAPTED MODEL OF AF-
FECT

We have defined a fuzzy model to represent emotions in
the Pleasure-Arousal space using the results of the second
experiment. Our model uses a circular representation in
which an emotion is represented by a vector that is defined
by a pair of values of Pleasure and Arousal. This vector
represents both the type and intensity of the emotion. Taking
into account the relationship between the variables of Plea-
sure and Arousal and the intensity of emotions proposed by
Reisenzein [19], we have divided the Pleasure-Arousal space
into four fuzzy values of intensity: Strong, Medium, Weak,
and Neutral. We have introduced the concept of the Neutral
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TABLE 2
Distribution of emotions in European Spanish and British English. (Data for British English obtained from [7]). * indicates p− value < 0.05.

Emotions in Spanish Emotions in English Statistical comparison
Label/word Mean αe Sd σe Label/word Mean αe Sd σe t-value p-value
Felicidad 0.44 0.33 Happiness 0.14 0.58 3.78 0.0002*
Emoción 0.70 0.18 Excitement 0.84 0.34 -3.27 0.0013*
Miedo 2.19 0.27 Fear 1.27 0.58 12.54 0.0000*
Enfado 2.42 0.30 Anger 1.73 0.76 7.63 0.0000*
Tristeza 3.42 0.40 Sadness 3.62 0.77 -1.98 0.0488*
Aburrimiento 4.28 0.39 Boredom 4.20 0.69 0.91 0.3638
Somnolencia 4.60 0.27 Sleepiness 4.75 0.33 -2.60 0.0102*
Calma 5.55 0.63 Calm 5.52 0.34 0.30 0.7612

intensity to represent those emotions whose intensity is too
low to be considered as elicited.

Therefore, given a point in space defined by its Pleasure
and Arousal value, we obtain the intensity of the emotion
represented by that point using the modulus of the vector
that forms the point with the origin of the coordinate
system. Then, we transform this point into a fuzzy value
following the model of intensity represented in Fig. 8, where
the direction of the vector indicates the emotion type. We
have used the results obtained in the second experiment
to define the areas where the 10 basic emotions have the
greatest probability of being located. Fig. 8 shows the rep-
resentation of these probability areas in the circular two-
dimensional space. This figure has been obtained from the
von Mises model shown in Fig. 6 using a single standard
deviation. The outer arcs in Fig. 8 represent the regions
assigned to each emotion. This figure clearly represents the
distribution of the basic emotions in the Pleasure-Arousal
space for Spanish-speakers.

As mentioned in Section 3.2, when we described the
model obtained from the results of the second experiment,
the distribution of the basic emotions in the Pleasure-Arousal
space produces overlaps and intersections between emo-
tions. This is easily observed in Fig. 8: The Excitement
emotion intersects with the Happiness and Surprise emotions.
Similarly, the Boredom emotion intersects with the Sleepiness
and Disgust emotions. The Anger, Fear, and Disgust emo-
tions have also an intersection. Finally, there is an overlap
between the Sadness and Disgust emotions. This overlap
is largely due to the fact that the Disgust emotion has
a high dispersion. The resulting model clearly shows the
relationship between emotions and the angle of the vector
that we use to identify the emotion.

Next section presents our model which consists of two
processes to represent and express emotions: the Emotion
Representation Process, a defuzzification process which rep-
resents fuzzy emotions in the Pleasure-Arousal space; and
the Emotion Expression Process, a fuzzification process which
expresses emotions using fuzzy terms in the same way as
human beings express the emotion in their own language.

4.1 The Emotion Representation Process

The Emotion Representation Process is a defuzzification pro-
cess, in which the emotions recognized or elicited by an
affective agent are internally represented in the Pleasure-
Arousal two-dimensional space. Human beings express emo-
tions using a fuzzy terminology. Therefore, the model must
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Fig. 8. Levels of Pleasure and Arousal associated to Spanish emotions
(see Table 1) using one standard deviation.

be able to represent fuzzy emotion values in the Pleasure-
Arousal continuous space. A fuzzy emotion that is rec-
ognized by the agent is internally represented using the
mean values of Pleasure and Arousal obtained in the second
experiment. In the same way, the intensity is represented
in this multidimensional space by using the mean value of
each intensity value from the model represented in Fig. 8.
Let us illustrate this process with a simple example. If the
emotion perceived by the emotion recognition process of
an affective agent is Happiness with a Medium intensity, the
agent will internally represent this emotion using a vector
~ve with a direction αe = 0.44 radians (≈ 25.2 degrees) (see
Table 1) and a modulus |~ve| = 0.625, which correspond to
the Medium intensity (the midpoint between 0.5 and 0.75
according to Fig. 8). From this vector ~ve representing the
emotion e, the agent will obtain the Pleasure Pe and Arousal
Ae values using the following equation:

(Pe, Ae) = (|~ve| · cosαe, |~ve| · sinαe) (3)

Therefore, by using this formula, the values of Pleasure
and Arousal associated with the “Happiness emotion with
Medium intensity” in the Spanish language are 0.57 and
0.27, respectively. An example of the resulting representa-
tion of the vector ~ve in our model is shown in Fig. 8.
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TABLE 3
Parameter ranges for the intensity membership function.

Intensity level Parameters
in Spanish (English) a b c d
Neutral (Neutral) 0 0 0.2 0.3
Bajo (Weak) 0.2 0.3 0.45 0.55
Medio (Medium) 0.45 0.55 0.7 0.8
Alto (Strong) 0.7 0.8 1 1

Note that this representation of the emotion is based on
the values of Pleasure and Arousal. Therefore, this represen-
tation has a universal semantics [22]. The agent uses this
representation of the emotion for all its affective processes.
When the agent needs to express an emotion, which is in-
ternally represented in the Pleasure-Arousal space, the agent
will use the process presented in the next section.

4.2 The Emotion Expression Process

Any emotion that is internally represented by a vector ~ve
is transformed into a fuzzy expression (emotion label and
fuzzy intensity) by the Emotion Expression Process. This pro-
cess allows the agent to express its emotions using a fuzzy
expression adapted to the cultural environment in which the
agent is located. In this process, a fuzzification of the vector
~ve is performed transforming the intensity and the type of
the emotion into fuzzy values. This process is composed of
two fuzzification subprocesses: One for the intensity and the
other for the emotion type.

TABLE 4
µAi (u) values for the example (u = 0.625).

Neutral Weak Medium Strong
µAi (0.625) 0 0 1 0

We define the linguistic variable x for the fuzzification
process of the intensity of the emotion as a quintuplet [43]:

x = 〈Lx, T (Lx), Ux, Gx,Mx〉 (4)

where Lx represents the name of the linguistic variable
Lx = intensity, and T (Lx) represents the set of fuzzy terms
(linguistic values for the intensity) that the variable x can
take:

T (intensity) = {Strong,Medium,Weak,Neutral} (5)

Ux (universe of discourse) represents the range of crisp
values that the variable can take in the range Ux = [0, 1], Gx
is the syntactic rule that generates the terms in T (intensity),
and Mx is a semantic rule that associate each linguistic term
in T (intensity) with its meaning.

We define a Type-1 fuzzy logic set Ã ∈ Mx using
a trapezoidal membership function defined by the equa-
tion [44, 45]:

µAi(u) = max

(
min

(
u− a
b− a

, 1,
d− u
d− c

)
, 0

)
(6)

where i ∈ T (intensity), Ai represents the ith fuzzy set
belonging to Ã, u takes the value of the modulus of the
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TABLE 5
µBj (t) values for the example (t = 0.44). For the Spanish labels see Table 1.

Happiness Surprise Fear Anger Disgust Sadness Boredom Sleepiness Calm
µBj (0.44) 1 0.35 0.21 ≈ 0 ≈ 0 ≈ 0 ≈ 0 ≈ 0 ≈ 0

Fig. 11. Example of a multicultural affective agent module

vector of the emotion such that u ∈ Ux, and a, b, c, and d
are the parameters of the membership function (see Fig. 9b)
that is described in Table 3 [45]. Fig. 9a shows the resulting
fuzzy model.

On the other hand, we define the linguistic variable y for
the fuzzification process of the emotion type (Ly = type):

T (type) = {Happiness,Excitement, Surprise, Fear,Anger,
Disgust, Sadness,Boredom, Sleepiness,Calm}

(7)

The universe of discourse is defined in the range Uy =
[0, 2π]. We use the results obtained in the second experiment
(Fig. 6) to define a Type-1 fuzzy logic set B̃ ∈ My . The
proposed membership function for an emotion t is derived
from the normalization of the von Mises distribution and is
defined as:

µBj (t) =
mj(t)−minx∈[0,2π]mj(x)

maxx∈[0,2π]mj(x)−minx∈[0,2π]mj(x)
(8)

where j ∈ T (type), Bj represents the jth fuzzy set
belonging to B̃, t takes the value of the angle of the vector
of the emotion expressed in radians such that t ∈ Uy , and
mj(θ) represents the jth von Mises function defined as:

mj(θ) =
exp (κj cos(αj − θ))

2πI0(κj)
(9)

where αj is the mean for the jth fuzzy set Bj (see
Table 1), κj represents the jth concentration parameter
of the von Mises distribution estimated as the inverse of
the variance (1/σj) [35], and I0(κj) is the modified Bessel
function of order zero used to normalize the function [36].
Fig. 10 shows the resulting fuzzy model.

As a result of this process, an affective agent can express
an emotion, which is internally represented in the Pleasure-
Arousal space by a vector ~ve, by using the same fuzzy
expression (emotion label and intensity) that humans use
in their language.

Let us again consider our example of an affective agent
that has an emotion represented internally by the vector
~ve (Fig. 8). The Pleasure and Arousal coordinates of vector
~ve are 0.57 and 0.27, respectively. Therefore, the direction
of the vector is 0.44 radians and the modulus is 0.625.
When the affective agent needs to express this emotion in
a specific language, it uses the fuzzification process describe
above. This fuzzification process for the intensity produces
the results shown in Table 4. Therefore, the selected fuzzy
value for the intensity is Medium. On the other hand, the
fuzzification process for the emotion type produces the
results of Table 5. If the agent wants to express only one
emotion, the agent will select the emotion term/label with
the maximum µBj , which in our example is Happiness.
Therefore, the Emotion Expression Process will generate the
fuzzy emotion Happiness with Medium intensity as a result
of the fuzzification of the emotion represented in the multi-
dimensional space by the vector ~ve.

This model can be easily adapted to other languages
and cultures. Our model allows a multicultural affective
agent to represent and express an emotion using the same
interpretation of the fuzzy emotional terms used in the
language and culture of its human interlocutor. This can be
achieved by defining a specific dimensional Pleasure-Arousal
space for each cultural environment in which the agent
is located. All these two-dimensional spaces can be easily
incorporated to the affective component of the multicultural
affective agent (Fig. 11).

5 CONCLUSION AND FUTURE WORK

In this paper, we have proposed an experiment-based
method to adapt the emotion representation to the culture
and the language in which the emotion will be used. The
results of the first experiment have corroborated the impor-
tance of adapting the translation of the emotional models
taking into account the different meanings that humans
give to emotion labels in different cultures. As observed in
the translation of the Misery emotion, the literal translation
does not have the same contextual meaning for European
Spanish-speakers and British English-speakers. The results
of the second experiment have allowed us to assign different
areas in the Pleasure-Arousal space to the different basic
emotions. When comparing the results obtained in our ex-
periment with those obtained for British English-speakers,
it can be observed that the emotion labels have different
values for Pleasure and Arousal depending on the language.
This confirms the need for performing this adaptation with
experiments when emotional models are used in other cul-
tures and languages.
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From the results obtained in the experiments, we have
defined a fuzzy model that represents emotions using a
Pleasure-Arousal continuous space instead of simple labels.
With this cross-cultural dimensional representation, an emo-
tion can be defined as a vector in which the modulus
represents the intensity of the emotion, while the type of
emotion depends on the direction of this vector. Our model
improves the typical representation of emotions based on
labels because it allows emotions and their intensity to
be easily represented and modified using a dimensional
representation.

We have also defined a fuzzification process that deter-
mines an emotion label in a specific language from a pair of
Pleasure and Arousal values. Thus, using our model, an agent
can express emotions using the same fuzzy terminology as
humans.

We are currently incorporating this model into the af-
fective agent architecture GenIA3 to improve the simulation
of the different affective processes. In addition, we want
to analyze whether this emotion representation can be im-
proved by introducing a third dimension (Dominance) to
better identify emotions such as Fear or Anger and to analyze
the influence of this dimension on social behavior [46].
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