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Abstract

Understanding the complex relationship between emo-
tions and facial expressions is important for both psychol-
ogists and computer scientists. A large body of research in
psychology investigates facial expressions, emotions, and
how emotions are perceived from facial expressions. As
computer scientists look to incorporate this research into
automatic emotion perception systems, it is important to un-
derstand the nature and limitations of human emotion per-
ception. These principles of emotion science affect the way
datasets are created, methods are implemented, and results
are interpreted in automated emotion perception. This pa-
per aims to distill and align prior work in automated and
human facial emotion perception to facilitate future discus-
sions and research at the intersection of the two disciplines.

1. Introduction
Emotions are a core part of the human experience. From

the pleasant joy of engaging in a favorite hobby to the sor-
row of struggling through a difficult period in life, emo-
tions add color to the many experiences we all have. All
kinds of emotions have been invoked in art, literature, mu-
sic, speech, dance, and countless other mediums through-
out history [73]. Emotions can change our perception of
the world and influence the actions we take every day [16].
A large focus of emotion research is the relationship be-
tween emotions and facial expressions. Facial expressions
are viewed as a key to nonverbal communication and for
expressing emotion [2].

Despite the omnipresence of emotion and expressions
throughout life, there is a lack of scientific consensus re-
garding many key questions. A large number of theories
and body of research on emotion emerged in the 20th and
21st centuries [37, 69]. The study of facial emotion per-
ception in psychology is continuously developing and dy-
namic. This complexity can make it challenging for re-
searchers outside the field to understand emotion science
with its many nuanced and contradictory ideas.

As psychologists have increased their interest in study-
ing emotion, so too have computer scientists, focusing on
developing automated emotion perception systems [50].
Automatic emotion perception has applications in assistive
technology, human-computer interaction, as well as many
others [49]. Unfortunately, the nuances of human emotion
perception are often lost when translated automated emo-
tion perception. Some of this stems from the practical re-
quirements of these automated systems (e.g. limited data)
while some stems from a fundamental lack of knowledge of
the psychological perspective.

The goal of this work is to align both perspectives
(psychology and computer science, i.e. human and au-
tomated) of emotion perception, facilitating future discus-
sions and research in this interdisciplinary area. It is essen-
tial that facial emotion perception be researched and dis-
cussed through an interdisciplinary lens as findings can help
both fields of psychology and computer science.

The remainder of our paper is organized as follows. Sec-
tion 2 details prominent emotion theories, while section 3
details the models used to classify emotions. Section 4 fo-
cuses on facial expressions and their relationship to emo-
tion. Section 5 provides a discussion of the psychology and
computer science perspectives with suggestions for future
research and section 6 summarizes and concludes our work.

2. Emotion Theories
Emotion theory has intrigued philosophers, academics,

and psychologists for hundreds of years [37]. Psycholo-
gists have contemplated many questions about the funda-
mental properties of emotion, aiming to determine what
functions emotions serve, how emotions are related to mem-
ory and what separates emotions from mood and tempera-
ment [1, 39]. In this paper, we focus on one question: “Are
there basic emotions?” Basic emotion theory states that
there is a small set of emotions that are innate to humans.
The alternative explanation – emotion construction theory
– is that humans have created categories of emotion to help
better understand the subject. The underlying emotion the-
ory dictates the choice of emotion model and therefore has
significant impacts on downstream research tasks.
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2.1. Basic Emotion Theory

Basic Emotion Theory states that there exists a small set
of distinct, fundamental emotions that are biologically in-
nate to humans. The concept of a facial expression is im-
portant when describing a basic emotion because many sup-
porters of Basic Emotion Theory directly link emotions and
facial expressions. Basic emotions are described as having
“distinct physiology” and “brief duration” [28]. Basic emo-
tions are usually grouped into a small, discrete set that are
thought to be hardwired into the brain [19].

Charles Darwin is often considered the inspiration for
the Basic Emotion Theory, having stated that basic emo-
tions are innate and based on specific facial and bodily ex-
pressions [23,37]. He asserted that these emotions and emo-
tional expressions came about due to their adaptive func-
tions. For example, fear can facilitate the survival of the or-
ganism against a hostile attack. Darwin’s perspective later
influenced the work of other psychologists [24, 45, 74].

A cross-cultural study of the Fore Tribesmen in Papua
New Guinea was one of the first major studies used to pro-
vide large-scale evidence for basic emotions [33]. They
found that the study subjects were able to match pictures of
facial expressions to a set of 6 discrete emotion labels, sup-
porting the idea that basic emotions exist across cultures.
Analyses of the many cross-cultural studies on emotion
have found both consistency in the expression and recog-
nition of emotion across cultures, and variance that can be
explained by cultural and other factors [72].

Some have shown that there is neurological evidence for
basic emotions, but there is not a one-to-one mapping be-
tween a brain responses and basic emotions [20]. While
there is undisputed evidence that there are some biological
underpinnings for emotion, there is still much debate over
what this means. Those who support Basic Emotion Theory
believe that there exists some mapping between neurologi-
cal responses and basic emotions. Others believe that this
neurobiological evidence simply points to similar core pat-
terns that are observed from emotion words [67].

2.2. Emotions as Social Constructs

Social Constructionists argue that emotions do not exist
in a discrete set of biologically-innate categories, but in-
stead that societies create emotion categories as a way to
better understand affect and facilitate communication about
feelings [7]. Emotion and affect are often used interchange-
ably. Affect is “any experience of feeling or emotion,” and
“both mood and emotion are considered affective states”
[76]. These conceptions of emotion need not be universal,
which is an important distinction from Basic Emotion The-
ory. Constructionists often emphasize a mix of both neuro-
logical mechanisms and social factors like context and cul-
ture to explain the variability of emotion [6].

William James introduced ideas that would later serve as

the foundation for Constructed Emotion Theory, describing
emotion as a product of elementary processes [37, 47, 53].
Constructed Emotion Theory gained popularity in the 21st
century [26, 37].

[68] distinguishes two components of an emotion: core
affect and prototypical emotion episodes . Core affect is an
internal state characterized by “elemental processes of plea-
sure and activation,” and prototypical emotion episodes are
rare, complex sequences of events that match a typical emo-
tion category like anger or fear. [67] explains that emotion
categories are not clearly defined, and only some emotional
episodes would fit well with a prototypical category. [5]
posits that concepts like fear, anger, and sadness are so-
cial constructs used to classify these emotional episodes
since people experience similar patterns of emotion [5]. [51]
found the combination of core affect and conceptual knowl-
edge to be important in the experience of fear. [4] used neu-
roimaging studies to show that different neural structures
are activated by different emotion-related stimuli, showing
evidence for complex processes for constructing emotion.

Many believe that a combination of innate and con-
structed emotions exist. [44] states that Basic Emotion The-
ory is still valid if basic emotions are restricted to emotions
that are characterized by “evolutionary adaptions that are
involuntarily and automatically triggered.” Some take re-
search supporting Constructed Emotion Theory as evidence
for Basic Emotion Theory, acknowledging that there are
more categories of emotion that have more complex rela-
tionships with the brain than previously thought [48].

The most important takeaway from emotion theory is
that there is support for both innate and environmental ex-
planations of emotion. Researchers in automated emotion
perception should be aware of these theories and how they
impact critical research design choices including data, mod-
els and applications.

3. Emotion Models

A host of models have been created that attempt to pro-
vide a system for comparing and measuring emotions [17].
Emotion models can be divided into two broad classifica-
tion approaches: categorical – representing the space of all
emotions as a finite set – and dimensional representing emo-
tions by continuous values on multiple axes [17]. These two
classes of emotion models align with Basic Emotion Theory
and Constructed Emotion Theory, respectively.

Choosing an emotion model is dependent on the emo-
tion theory underlying the work and the problem the model
is applied to. Categorical models consist of semantic cat-
egories, which are generally more intuitive. Dimensional
models have a larger range of representations and are better
at quantifying the relationship between different emotional
states.
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Table 1. Categorical Emotion Models. Emotions common to all models are shown in bold. It should also be noted that each model contains
either ”happiness” or ”joy”.

Author(s) Count Emotions
Ekman [27] 6 Anger, Disgust, Fear, Happiness, Sadness, Surprise
Ekman and Friesen [31] 7 Anger, Contempt, Disgust, Fear, Happiness, Sadness, Surprise
Ekman [29] 15 Amusement, Anger, Contempt, Contentment, Disgust, Embarrassment, Excitement,

Fear, Guilt, Happiness, Pride in achievement, Relief, Sadness, Satisfaction, Sensory
pleasure, Shame, Surprise

Plutchik [60] 8 Anger, Anticipation, Disgust, Fear, Joy, Sadness, Surprise, Trust
Parrott [58] 6 Anger, Fear, Joy, Love, Sadness, Surprise
Cowen and Kelter [22] 27 Admiration, Adoration, Aesthetic appreciation, Amusement, Anger, Anxiety, Awe,

Awkwardness, Boredom, Calmness, Confusion, Craving, Disgust, Empathic pain, En-
trancement, Excitement, Fear, Horror, Interest, Joy, Nostalgia, Relief, Romance, Sad-
ness, Satisfaction, Sexual Desire, Surprise

3.1. Categorical Emotion Models

Categorical emotion models classify emotions into dis-
tinct categories, which aligns well with Basic Emotion The-
ory. These models started with very few categories, but
compound facial expressions have been studied to create
more emotion categories [25]. Table 1 details various cate-
gorical emotion models.

Ekman’s original emotion model contains 6 basic emo-
tions [27]. This model was revised two more times to in-
clude a total of 15 basic emtions [29, 31]. Beyond Ekman’s
models, some categorical models have additional structure.
Robert Plutchik describes emotions on a wheel, with op-
posite emotions being on opposite sides of the wheel [60].
Figure 1 shows Plutchik’s emotion wheel, with 8 basic emo-
tions that have mild forms, intense forms, and combina-
tions [59].

Parrott created a tree structure of emotions based on find-
ing the prototypicality of various emotion keywords rated
by students [58]. The first 2 layers of the tree are shown in
figure 2. The tree-like structure emphasizes how the differ-
ences between emotions can be distinct or subtle.

Cowen and Kelter utilized responses to emotion-eliciting
videos to created a discrete list of 27 emotions, noting that
emotion states have fuzzy boundaries [22]. Their emotion
model is visualized in figure 3.

Automated emotion perception has relied heavily on cat-
egorical emotion models, and specifically Ekman’s original
model with 6 emotions. Using other categorical models is
an obvious next step in the automated perception of more
subtle emotions.

3.2. Dimensional Emotion Models

Dimensional emotion models represent emotions with a
set of real values scored on independent axes aligning well
with Constructed Emotion Theory. Table 2 details common
dimensional models.

Figure 1. Plutchik’s Wheel of Emotions shows 8 basic emotions
represented by leaves on a wheel. Words closer to or farther from
the center represent higher or lower intensities of the emotion, re-
spectively. Adjacent petals represent similar emotions and oppos-
ing petals represent opposing emotions. The words between the
petals describe emotions related to the adjacent petals [60]

Table 2. Dimensional Emotion Models

Author(s) Count Dimensions
Russell [66] 2 Valence and Arousal
Watson and Tellegen
[77]

2 Positive-Affect and
Negative-Affect

Mehrabian [56] 3 Pleasure, Arousal,
and Dominance

James Russell introduced the first dimensional model
– the Circumplex Model [66]. The Circumplex Model
was constructed by plotting various emotion keywords on
a circle that contained two real-valued axes: valence and
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Figure 2. Parrott’s Tree of Emotions define a list of 6 primary
emotions, and various secondary emotions that stem from a pri-
mary emotion. Tertiary emotions are not shown [12].

Figure 3. Cowen and Kelter’s Mapping of Emotional Videos plot-
ted with t-SNE. The colors of the points represent the emotion of
the video, which they also grouped into 27 categories. [22]

arousal. Valence captures the positivity or negativity of an
affect while arousal captures the intensity of the affect [66].
Figure 4 shows this model, and how different emotion key-
words were represented on it. The Circumplex Model has
been successfully applied to other languages and cultures
[70].

Watson and Tellegen introduced the Positive-Affect
Negative-Affect (PANA) model for mood with two dimen-
sions of positive and negative affect, shown in figure 5 [77].
The PANA model is similar to a rotated Circumplex Model.

Figure 4. The Circumplex Model describes emotions in two di-
mensions: valence (x-axis) and arousal (y-axis). [62]

Figure 5. The PANA Model is a 2-dimensional model with the
x-axis representing the level of negative affect and the y-axis rep-
resenting the level of positive-affect. [77]

Mehrabian’s Pleasure, Arousal and Dominance (PAD)
model is a 3-dimensional emotion model [56]. The first two
dimensions are similar to the Circumplex Model, but the
added third dimension represents the dominance or submis-
siveness of an emotion. For example, fear and anger both
represent emotions with a low valence and a high arousal,
but fear is a more submissive emotion and anger is a more
dominant emotion [56].

All emotion models share a similar goal of providing a
representation for a set of emotions. The choice of emotion
model is largely a product of the specific goals of a research
experiment. Categorical models can be easier to label than
dimensional models because words are often more intuitive
than numbers when conceptualizing emotion. Dimensional
models have the advantage of being able to express subtle
changes in emotion more effectively because they utilize
real values. Understanding the limitations of an emotion
model and experimenting with other models will lead to the
development of more robust automated emotion perception
systems.
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4. Facial Expressions and Perception
Facial expressions are the configurations created by the

movement of muscles in the face. They are known to play a
vital role in nonverbal communication and widely believed
to convey emotional information [2]. Out of 149 scientists,
80% believe that there are universal signals of emotion ex-
hibited in the face or voice [30], but the extent to which fa-
cial expressions are linked to an underlying emotion is not
fully understood. In this section we provide an overview of
the relationship between facial expressions and emotions.
For a more thorough survey we recommend [8].

4.1. Encoding the Face

Ekman and Friesen created the Facial Action Coding
System (FACS) in 1978, updated in 2002, which has be-
come one of the most ubiquitous systems for encoding fa-
cial features [36,75]. FACS is based on mapping facial mus-
cle movements to a set of action units that represent nearly
all possible facial movements. Figure 6 shows examples of
commonly used action units in FACS. Each of these action
units are also paired with an intensity value that represents
how present any given action unit is in a face, measured on
a scale of A-E, where E is the most intense. Various studies
have verified the reliability of FACS measures [21, 71].

Figure 6. Some common Action Units in the Facial Action Coding
System, along with a visual example and description. [11]

4.2. Posed and Spontaneous Facial Expressions

Posed facial expressions are expressions that are delib-
erately created, such as a smile for a photograph. Spon-
taneous facial expressions, on the other hand, are created
in response to some stimulus, such as a smile that occurs
after someone hears a funny joke. Smiles are the most
well-studied expression when comparing posed versus gen-
uine, with genuine smiles being commonly referred to as
Duchenne smiles [40]. The presence of FACS action unit

6 is a distinguishing characteristic of Duchenne smiles, as
shown in figure 7 [13].

Figure 7. Comparison of Duchenne and Non-Duchenne Smiles
from two people. Duchenne smiles exhibit AU6, cheek raiser,
while Non-Duchenne smiles do not. The letters A-E represent the
intensity of the AU. [13]

There are key differences between posed and sponta-
neous expressions [8]. [64] hypothesizes that posed expres-
sions more closely resemble stereotypical ideas about facial
expressions than spontaneous expressions. There is some
evidence for voluntary and involuntary facial expressions
being linked to different neural circuits, which may affect
their expression [15, 63, 65].

Posed and spontaneous facial expressions are distinct in
both their creation method and resulting muscular config-
uration. Spontaneous expressions have been shown to be
more difficult for people to match with emotion keywords
than posed expressions [57]. The use of posed expressions
in emotion studies is criticized because of the bias it can
introduce towards emotions that more closely match our
preconceptions of what emotion expressions should look
like [8]. Despite the differences in posed and spontaneous
expressions, [42] found that people do poorly at identifying
an expression as posed or spontaneous, with people rating
expressions as spontaneous more often than they truly are.

4.3. Microexpressions

Microexpressions are generally regarded as brief facial
expressions that occur when people are trying to conceal
true emotions [34, 43]. Duration is a key defining aspect
of a microexpression. Microexpressions have a duration of
170-500ms, similar to that of a blink [78]. The other defin-
ing aspect of microexpressions is that they occur when an
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emotion’s expression is inhibited, and there is evidence to
support this behavior [35, 61]. However, microexpressions
have not been found to consistently exist when someone is
concealing their emotion [61].

Microexpressions have been touted for their ability to de-
tect deception in popular culture with the 2009 TV series
Lie to Me, and they have been incorporated into law en-
forcement training through the Wizards project [14]. How-
ever, there have been very few empirical studies of microex-
pressions. And results from studies in microexpression re-
search do not provide much support for the ability of mi-
croexpressions to reveal deception.

[55] claims to find the first systematic evidence for
the ability of microexpressions to differentiate liars and
truthtellers [55], but [18] and [61] find that short, involun-
tary expressions occur in both liars and truthtellers, and that
the findings are so inconsistent that conclusions should not
be drawn from these involuntary expressions. Overall, the
body of work on microexpressions is small and there is still
more evidence needed for the creation, duration, and form
of microexpressions.

4.4. Perception and Culture

Supporters of the universality hypothesis believe that
some facial expressions are universal indicators of certain
emotions, independent of other factors like culture [33].
Others argue that contextual factors play a large role in emo-
tion perception [10].

In 1971, Ekman and Friesen performed a seminal study
in New Guinea that provided evidence of a universal rela-
tionship between facial expressions and emotions [33]. The
study identified a group of individuals with minimal ex-
posure to Western culture. A translator told the group an
emotional story, and the participants were asked to choose
the picture which best represented the emotion in the story
from a set with various facial expressions. The researchers
found high percentages of respondents choosing the face
that matched the intended emotion of the story. Ekman et
al. performed a similar experiment comparing judgments of
emotions and their perceived intensity across 10 cultures,
and found consensus on the classification of emotion and
classification of relative intensity from the facial expression
picture [32].

Some argue that a forced-choice format, within-subjects
test design, and use of posed expressions have biased results
in favor of universality [69]. Gendron et al. compares the
results of a remote culture and a Western culture tasked with
sorting facial expression pictures into their own clusters of
emotion categories, and found that the clusters did not fol-
low a universal pattern [38]. Jack et al. showed animations
to two groups of different cultures, and found that the men-
tal representations associated with emotion categories differ
according to culture [46].

4.5. Perception and Context

In addition to culture, there is also research investigat-
ing the importance of context in perceiving emotion from
facial expressions. This context can include location, back-
ground information, body, and any voice. Figure 8 illus-
trates the effect that context can have on emotion percep-
tion by showing Serena William’s facial expression with
and without context [10]. Without context, it is possible
to perceive anger or pain from the face. But with context, it
is much clearer that she is overjoyed and triumphant.

Figure 8. Comparison of Serena William’s expression with and
without context [10]: (a) without context can signal various emo-
tions and (b) with context is very likely to signal joy.

People are extremely limited in recognizing emotion
without context, highlighting the crucial role that context
plays in emotion perception. [41] finds that configurations
of facial muscles are ambiguous in determining emotion,
and we recognize emotions in face-context combinations.
[9] finds that when people are asked to recognize emotion,
they better remember the context, which provides evidence
that context is encoded in memory when an emotion is be-
ing perceived. The effect of context has been shown to be
dependent on culture, as Japanese subjects were found to
look at surrounding expressions when perceiving emotion,
while Western subjects were more likely to look at an in-
dividual’s expression [54]. Contextual factors are also con-
sidered to affect emotion perception on an individual level,
as it has been found that each individual labeler has their
own patterns when labeling emotions [3].

5. Discussion

It is essential that advances in automated emotion per-
ception take into account the nuances of human emotion
perception to foster a better understanding of emotion and
to create more robust systems built on solid scientific foun-
dations. This work aims to align the computational and
psychology domains of emotion science to have a com-
mon ground moving forward in automated and human emo-
tion perception. In this section, we distill our findings and
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provide recommendations for future research in automated
emotion perception.

5.1. Standards for Facial Expression Recognition

There is some ambiguity in the term “facial expression”
as it used in emotion recognition, often being conflated with
“emotion.” Instead, a standard should be used, such as the
Facial Action Coding System (FACS) for facial expression
recognition. This prevents confusion between the terms
“expression” and “emotion,” and gives the problem of “fa-
cial expression recognition” a clear evaluation standard in
action units. For example, CK+ provides FACS codings for
facial expressions with additional emotion labels [52].

5.2. Emotion Labels as Evidence not Truth

Evidence links facial expressions, body language, situa-
tional context, cultural information, and information about
the observer as factors in emotion perception. The exact
role and influence that each factor has on emotion percep-
tion is not currently known. This more holistic view of
emotion perception brings about important research ques-
tions regarding the relationship between facial expressions
and emotions such as 1) “what facial expressions result in
more consensus in emotion perception?”, 2) “which ex-
pressions are more ambiguous without additional informa-
tion?” and 3) “do the demographic characteristics of the
observer impact the perceived emotion?” We propose that
future research in automated emotion perception measure
uncertainty in emotion labels, allow for multiple emotion
labels for a given sample and collect observer information
to identify patterns in responding.

5.3. Incorporate Culture and Context

Research highlights the importance of culture and con-
text in human emotion perception [9, 41]. Data used for
automated emotion perception fall into one of two cate-
gories: constrained (lab created or controlled) or uncon-
strained (real-world). While unconstrained data is preferred
for real-world applications, there are many unanswered re-
search questions as to the role of context in both human and
automated emotion perception, which leaves constrained
data as the best path forward to answer these questions.
A structured approach to adding context would allow for
proper evaluation of context in emotion perception.

While some work has been done on multi-modal emo-
tion perception (e.g. a combination of audio, text and vi-
sual), most work to date focuses on improving performance
using a single modality or simply combining all modalities
with deep neural networks without identifying the factors
that contribute to a particular decision. A first step in incor-
porating context is to utilize these datasets to pinpoint the
individual and combined effects of audio, text and visual
information on human and automated emotion perception.

In order to study the effects of context it is important to
systematically add context to the data. For audio and text,
adding context might simply involve introducing the audio
or text from time-points before the current utterance. For vi-
sual, transitioning from the most to least restrictive setting
might involve 1) a tightly cropped face making direct eye
contact with the background removed, 2) adding changes in
gaze, 3) adding movement, 4) adding background, 5) adding
upper body, and finally 6) adding full body context. Com-
binations of the above contexts may also be used, resulting
in a large number of settings.

Such a systematic and controlled study will require the
collection of data in a lab using actors. While spontaneous
expressions and unconstrained data are preferred, if we are
to pinpoint the role of context in emotion perception, a cer-
tain level of precision is required. Otherwise, the field of
automated emotion perception will continue on applying
state-of-the-art deep learning models to the problem with-
out any useful insights or true innovation.

With respect to the effect of culture on emotion percep-
tion, it is essential to tackle this problem with an interdis-
ciplinary team with representatives from psychology, soci-
ology, natural language processing and computer vision. A
clear next step is to collect emotion perception data (videos
and labels) from a wide variety of cultures and to main-
tain cultural information for both the data and the observers.
With a large-scale dataset for this problem, significant anal-
ysis can be performed to begin to answer questions about
the effect of culture on the presentation and perception of
emotion. As with the context studies, it is essential to ap-
proach this problem systematically and in very controlled
settings in order to isolate the variables of interest (i.e. the
culture of the individuals presenting the emotion and of the
individuals perceiving the emotion).

5.4. Posed vs. Spontaneous Emotion Expressions

Posed and spontaneous facial expressions are different
in both appearance and in the context that they are cre-
ated [8, 13]. However, humans are not very good at deter-
mining the difference between posed and spontaneous ex-
pressions [42]. The elicitation of an expression is a key ad-
vantage of many lab-controlled datasets where that informa-
tion is known. Unconstrained datasets (often collected from
the internet using keyword search) do not discern between
posed and spontaneous expressions, which can be problem-
atic due to their inherent differences. We suggest that re-
searchers avoid the use of web-collected data for the prob-
lem of emotion perception as the conditions under which
the data was collected (e.g. posed vs. spontaneous, context
and cultural information, etc.) are unknown.

When trying to perceive emotion, spontaneous expres-
sions are likely to be better indicators of emotion because
they are often elicited by an emotional response. Still,
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spontaneous expression datasets have constraints that are
not present in the real world. One example of this is that
many lab-controlled elicitations of emotion involve the sub-
ject starting from a neutral state. As emotion perception is
essential in everyday interactions, data that represents ev-
eryday interactions (i.e. conversational dyads and groups)
should be used for the study of human and automated emo-
tion perception. We propose that future researchers collect
data in controlled environments with more realistic scenar-
ios. Specifically, using egocentric cameras to collect con-
versational data from the perspective of each participant
will allow for the analysis of emotion elicitation and per-
ception in real world situations without adding additional
confounding factors from completely unconstrained data.

5.5. Subtle Expressions over Microexpressions

There is very little research investigating microexpres-
sion, despite their prevalence in popular culture [18]. Addi-
tionally, there is little evidence to support their nature, their
implications, and even if they are a useful concept for hu-
man emotion perception. We recommend research in auto-
mated emotion perception explore paths that have stronger
scientific foundations than microexpressions which have
relatively little empirical validation. Specifically, many au-
tomated approaches perform better with exaggerated, posed
expressions than they do with subtle, spontaneous expres-
sions [50]. We propose that future work focus on detecting
the subtle expressions humans exhibit in real-world condi-
tions rather than microexpressions. As we encourage the
use of conversational scenarios for their ability to produce
spontaneous expressions, we also encourage them for their
ability to produce subtle expressions.

5.6. Interdisciplinary Approaches

It can be challenging for researchers in automated emo-
tion perception to have a deep understanding of human
emotion perception, and psychologists have been critical of
work in automated emotion perception, highlighting the im-
portance of understanding human emotion perception [8].
Automated emotion perception is a field which requires per-
spectives from psychology, sociology, natural language pro-
cessing and computer vision at the very least. Previous au-
tomated emotion perception works that have been created
with interdisciplinary perspectives tend to be more aligned
with human emotion perception research than works lack-
ing that perspective. For example, the CK+ dataset was cre-
ated as a collaborative effort between researchers with both
a psychology and computer science background, and they
were careful to describe the limitations of emotion labels
and only accept labels as valid if they met specific crite-
ria [52]. We should pursue interdisciplinary study in this
area as it will improve the quality of research being done
and will advance the fields of automated and human emo-

tion perception. As a crucial next step, we propose that in-
terdisciplinary workshops be held to bridge the gap between
research in automated and human emotion perception.

6. Conclusion
Emotion perception is a challenging field to study as it

investigates complex human behaviors that are not fully un-
derstood. This work provides an interdisciplinary discus-
sion of automated and human emotion perception. The goal
of this work is to align both perspectives (psychology and
computer science, i.e. human and automated) of emotion
perception, facilitating future discussions and research in
this interdisciplinary area.

Human emotion perception research is shifting away
from the idea that emotions exist in a discrete, biologically-
based set, and instead the concept might be constructed
based on a human experience with emotion that is shaped
by both natural and environmental factors. The extent to
which facial expressions reflect emotion is still being stud-
ied, with the theory that they are universally linked being
questioned by evidence of culture and contextual factors im-
pacting emotion perception.

Current automated emotion perception systems can de-
tect stereotypical, exaggerated expressions and assign an
emotion from this, but tend to struggle to perceive emo-
tion from more subtle and realistic examples of emotion.
The underlying assumption that an emotion can always be
perceived from a facial expression is not valid, and emo-
tion perception systems must grow past this idea – ideally
using multi-modal data – to achieve better performance in
real-world scenarios.

We provide a series of recommendations for automated
emotion perception based on some of the disparities we
have identified between automated and human emotion per-
ception research. In our discussion, we focus on identi-
fying a standard for facial expressions, quantifying uncer-
tainty in emotion labels, systematically incorporating cul-
ture and context, understanding limitations associated with
posed and spontaneous emotion expressions, utilizing sub-
tle expressions in place of microexpressions and finally ap-
proaching the problem of emotion perception as an inter-
disciplinary one incorporating perspectives from psychol-
ogy, sociology, natural language processing and computer
vision.

It will be challenging to construct datasets and develop
methods that begin to capture the complexities of human
emotion perception. However, it is vital that a modern so-
cial science perspective be internalized by researchers in au-
tomated emotion perception. This perspective can greatly
improve the capacity for machines to perceive emotions
as we humans do naturally, and ultimately produce higher
quality research than is possible without an understanding
of human emotion perception.
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