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“...Facial movement of expression impresses us
through its changes, through its melody.

The characteristic of the person will always be the way
they move, the melody of the expression; this

can never be caught in snapshots...”

(Sir Ernst Gombrich, cited by Miller, 1983)
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ABSTRACT

Over the last few decades, much research on facial expression recognition has
predominantly focused on posed, static facial images, often overlooking the importance of
dynamic and spontaneous information. This dissertation addresses these gaps by exploring the
roles of dynamic and spontaneous aspects in emotion recognition through comprehensive
reviews and empirical studies of both humans and automated systems. In the first set of studies,
various expression formats - dynamic, target, and non-target static - are analysed to determine
the conditions under which dynamic information significantly enhances recognisability of
expressions. Results revealed that dynamic cues play a compensatory role, particularly aiding
recognition when static expressions fail to represent target emotions adequately. Subsequently,
Chapter 2 reviews the existing databases of spontaneous and dynamic facial expressions,
detailing their conceptual, technical, and practical features, thereby providing a comprehensive
benchmark for research on encoding and decoding facial expressions. Employing automated
facial expression analysis tools, Chapter 3 presents an empirical cross-corpus evaluation of the
databases reviewed in Chapter 2. Findings showed that, although recognition rates for
spontaneous databases generally remain low, they vary significantly across databases,
highlighting the inherent difficulty and variability in recognising spontaneous expressions.
Furthermore, this work elucidates the critical roles of featural parameters — prototypicality,
ambiguity, and complexity — in accurate emotion recognition. In sum, the findings demonstrate
that dynamic properties and spontaneous aspects convey important information that

significantly influences the human and machine recognition of facial expressions.
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IMPACT STATEMENT

This dissertation, “Human and Machine Recognition of Spontaneous and Dynamic Facial
Expressions of Emotion,” addresses significant gaps in the understanding of how dynamic and
spontaneous aspects of facial expression influence emotion recognition. The comprehensive
analysis conducted across various facial expression databases not only enriches the academic
knowledge by providing a critical assessment of existing corpora but also establishes a new
benchmark for future empirical studies in emotion recognition. This work is crucial for scholars
seeking to employ or develop methodologies that capture diverse ways emotions are expressed
and recognised by both humans and machines.

Outside academia, the applications of this research are extensive, particularly in
technological and clinical settings. Advances in affective computing improve device
interactions by systematically adapting to user emotions in real-time. This directly benefits
mental health diagnostics by improving the accuracy of tools that assess and identify conditions
such as social anxiety, where understanding subtle emotional cues is essential.

In the context of public safety, this research enhances facial recognition technology
used in security and surveillance, potentially contributing the machine capacity to detect
emotional expressions quickly. This capability is vital in high-security environments and public
spaces, where accurately interpreting emotional cues can pre-empt potential threats and
improve crisis management.

Furthermore, the insights from this dissertation can contribute to the development of
educational technologies that utilise emotional data to adapt learning experiences, potentially
improving student outcomes by responding to emotional cues that indicate confusion of
negative emotions.

In summary, this research not only advances academic discourse in emotion recognition

but also catalyses significant developments in technology, mental health, education, and
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security. By improving how machines understand human emotions, it paves the way for
broader societal impacts, including enhanced non-verbal communication and more empathetic

interactions in an increasingly connected world.
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CHAPTER 1

Facial Expression and Emotion Recognition: An Introduction

1.1Facial Expression Recognition

1.1.1 Emotions and Facial Expressions

Facial expressions (FEs) are not merely reflections of internal emotional states; they
function as a primary medium of nonverbal communication, essential for conveying emotions
and intentions in human interactions. The intricate relationship between emotions and FE has
long been a focal point of psychological research, bridging various disciplines such as affective
science, social psychology, developmental psychology, and even clinical research (Thomas et
al., 2008). The importance of FEs is evident in their role in empathy, attachment, and mental
health (Frith, 2009; McClure et al., 2000), with expressions offering a window into individuals’
internal states and their social connections.

Historically, the prevailing assumption that facial expressions are reliable indicators of
internal emotional states has been rooted in Charles Darwin’s evolutionary perspective of
emotion (Darwin, 1872). Darwin argued that facial expressions are adaptive, evolved functions
that serve to communicate specific emotional states and intentions. For instance, an expression
of anger might signal that the target of that expression is a potential threat, while and expression
of fear could indicate imminent danger, thus triggering protective responses in observers
(Erickson & Schulkin, 2003; Horstmann, 2003). This evolutionary view of expressions
providing adaptive functions laid the foundation for much of the modern scientific

understanding of facial expressions.

14



Hyunwoo Kim Chapter 1

Building on Darwin’s work, the Basic Emotion Theory (BET) posits that a set of core
emotions — happiness, sadness, fear, anger, surprise, and disgust — are universally recognised
and expressed through corresponding facial movements (Ekman, 1992; Izard, 1971).
According to BET, these core emotions are biologically ingrained, each with distinct
physiological patterns, thus forming a fundamental emotional lexicon that serves as the
foundation of other emotions. BET has profoundly influenced facial expression research,
particularly through its alignment with the Facial Action Coding System (FACS). FACS is an
anatomically based system that delineates facial behaviour into discrete Action Units (AUs),
each linked with specific muscle movement (Ekman & Friesen, 1978). These AUs operate in
various combinations to express distinct emotions. For example, the expression of happiness
is represented by a combination of AUI2 (zygomatic major) and AU6 (orbicularis oculi),
which together create what is commonly recognised as a smile (Figure 1.1). Recent studies
have shown that even a single AU can be indicative of emotional meanings, highlighting the
important role of AUs in facial displays (Namba et al., 2017).

FACS has contributed significantly to our understanding of facial expressions by
offering a detailed, objective framework for examining the complex muscle movements
involved in emotional expression. By breaking down facial expressions into individual AUSs,
researchers can analyse the subtle physical manifestation of emotion in a more structured way
beyond limited number of emotion categories (Cohn et al., 2007). The level of detail in FACS
has led to important findings in the field, such as the distinction between genuine and posed
expressions (Namba et al., 2017; Valstar et al., 2006), the dynamics of spontaneous facial
expressions (Bartlett et al., 2006; Park et al., 2020), and the exploration of cultural differences
in cultural similarities and differences (Elfenbein & Ambady, 2002), subtle emotional nuances

(Keltner et al., 2019), and facial indicators of depressive symptoms (Girard et al., 2013).
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Facial Expression

AUOI Inner Brow Raiser
AUO02 Outer Brow Raiser
AUO04 Brow Lowerer
AUOS Upper Lid Raiser
AUO06 Cheek Raiser
AUOQ7 Lid Tightener
AUO09 Nose Wrinkler
AU10 Upper Lid Raiser
AUI2 Lip Corner Pull
AU14 Dimpler
AUIS Lip Corner Depressor
AU17 Chin Raiser
AU18 Lip Puckerer
AU20 Lip Stretcher
AU23 Lip Tightener
AU24 Lip Pressor
AU2S5 Lips Part
‘ AU26 Jaw Drop

AU27 Mouth Stretch
J & AU43 Eyes Closed

Figure 1.1. Example FACS analysis (van der Schalk et al., 2011)

1.1.2 How Well Facial Expressions Are Recognised

While BET and FACS has significantly advanced our understanding of the facial
expressions, the broader question of how accurately these expressions are recognised remains
a critical area of study. Recognising facial expression is fundamental to human social
interactions, as it serves a critical means through which individuals discern others’ emotional
states. This capability is central to effective communication and social bonding (Cheung et
al., 2015). The ability to accurately recognise facial expressions underpins various societal
domains, from legal judgments and policy decisions to healthcare and education (Sun et al.,
2016; Zloteanu et al., 2021). Moreover, the pivotal role of facial expression recognition in

affective computing highlights its importance in enhancing human-computer interaction by
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enabling more intuitive and responsive technology (Valstar et al., 2015). Similarly, in the
field of neuroscience, exploring how facial expressions are processed provides insights into
neural substrates involved in emotion perception and social cognition (Morecraft et al.,
2001).

From an information-processing perspective, facial expressions contain two major
channels: the physical facial configurations and the affect they are presumed to convey (Calvo
& Nummenmaa, 2016). Given that only the physical aspects of expressions are accessible to
visual perception, the majority of prior studies on the recognition of facial expressions
generally involve the visual processing of facial expressions (Calder & Young, 2005). Mostly,
recognition tasks often operationalised expression identification through categorisation,
matching observers’ responses with predefined emotion categories of facial stimuli. This
categorical view highly aligns with BET, arguing that viewers perceive discrete emotions from
specific facial muscle changes, emphasising a direct link between morphological changes and
internal emotional states (Ekman 1992).

Experiments assessing recognition performance across basic emotions report accuracy
rates significantly above chance, generally exceeding 70% for most expressions (though posed;
Haidt & Keltner, 1999). Such recognition performance is seemingly modulated by emotion
category, with happiness often recognised with the greatest accuracy, likely due to its distinct
facial cues that are more easily identifiable than other emotions, followed by surprise, anger,
sadness and disgust, and fear (Calder et al., 2000; Calvo & Lundqvist, 2008). Such recognition
patterns are consistent across different stimulus sets (Ekman & Friesen, 1978; Lundqvist et al.,
1998; Tottenham et al., 2009). Interestingly, facial expressions are distinguishable under
constrained visual conditions, including very brief exposures or when visual details are

obscured. Such findings highlight the human capability to extract emotional information from
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facial expressions, even with limited visual input (Calvo & Lundqvist, 2008; Milders et al.,
2008).

While earlier studies have demonstrated remarkable recognition performance from
observers, a consistent pattern of confusion across various expressions sheds light on the
complexities inherent in this process. Specifically, fear and surprise are often confused with
each other, reflecting a substantial morphological and perceptual overlap in how these
expressions are processed and interpreted (Palermo & Coltheart, 2004; Tottenham et al., 2009).
Similarly, instances of mistaking disgust for anger or sadness — and vice versa — further
illustrate the challenges in distinguishing between these emotions. The confusion rate for these
misidentifications ranges from 10% to 42% (Palermo & Coltheart, 2004; Recio et al., 2013),
suggesting a significant level of ambiguity in recognising certain expressions. These patterns
of confusion highlight a critical aspect of facial expression recognition, revealing that the visual
and affective cues theoretically distinguishing basic emotions are not always clear-cut to
observers (Jack et al., 2014). This blurring of emotional boundaries is particularly prevalent in
spontaneous expressions, suggesting a more intricate interplay between perceptual mechanisms
and affective interpretation than previously understood.

In FACS AU recognition, the proficiency of trained coders is notable, with an accuracy
level of around 85%, evidencing the effectiveness of human expertise in identifying specific
facial actions (for posed expressions; Frank et al., 1993). These accuracies, however, are
contingent on extensive training, posing a challenge for wider practical application.
Surprisingly, untrained individuals also revealed a natural ability to recognise action unit
patterns for posed micro-expressions, albeit with lower accuracy and consistency, typically
between 60 to 70%, compared to their trained counterparts (Matsumoto & Hwang, 2011). The
simplicity and exaggerated (although brief) appearance of posed expressions may aid the

recognition. Despite the low effectiveness, the capability in untrained individuals suggests an
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inherent human skill in AU recognition, which can be refined through systematic training. It is
important to note that most studies described above have employed posed, static expressions

for testing recognition performance.

1.1.3 Existing Limitations of Basic Emotion Research

BET and FACS have made substantial contributions to the study of facial expressions
and their recognition, yet they are not without limitations. One major critique of BET concerns
its oversimplification of the emotional spectrum, particularly in its reliance on categorical
distinctions between basic emotions. Compressing the wide spectrum of human emotional
experiences into a limited set of fixed categories may inevitably risks loss of meaningful
emotional information (Barrett, 2019; Russell, 1994), often neglecting to consider the roles of
cultural, contextual, and individual differences (Elfenbein et al., 2007).

More importantly, much of past research supporting BET has relied heavily on posed
static expressions. While these expressions are useful in controlled settings, they frequently
exaggerate emotional intensity and fail to capture the fluidity and spontaneity of facial
expressions in real-world contexts (Krumhuber et al., 2023). This over-reliance on static,
exaggerated facial expressions has significant implications for how facial expressions are
understood and studied. By focusing primarily on static frames captured at peak emotional
intensity, researchers tend to emphasise the morphological aspects of facial expressions more
than the temporal changes — the way expressions unfold over time — as those documented in
FACS (Krumhuber et al., 2021b). Given that FACS itself was developed primarily based on
posed, static expressions, which are often designed to convey specific emotional meanings
(Krumhuber et al., 2021a), this approach overlook the importance of other facial areas that may

not be well-documented in FACS. This reliance raises questions about the ecological validity
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of the findings, prompting ongoing debates and calls for more comprehensive research that
incorporate the dynamic and spontaneous aspects of emotional experiences.

Specifically, focusing solely on the features of static expressions risks failing to account
for the broader temporal dynamics that naturally occur in everyday interactions. Research has
shown that dynamic information, such as how quickly a smile forms or the gradual fading of a
frown, provides crucial context that enhances the recognition and interpretation of emotions
(Krumhuber et al., 2013; Cunningham & Wallraven, 2009). By neglecting these dynamic cues,
studies relying on static images may provide an incomplete or even misleading picture of how
emotions are communicated through facial expressions.

Similarly, limiting the analysis to highly controlled, posed expressions may encourage
observers to focus too heavily on distinct facial features, such as the mouth or eyes, while
ignoring the gestalt processing of the face that occurs in real-life context (Krumhuber et al.,
2013). In dynamic, spontaneous expressions, the meaning of an emotion is conveyed not just
through isolated features but through the interplay of multiple facial areas and the overall
movement of the face. This integrated approach is essential for understanding more ambiguous
or blended emotions, which often require observers to combine information from different parts
of the face and the temporal progressions of the expression (Jack et al., 2014).

Additionally, BET fail to account for the full range of variability observed in
spontaneous and natural expressions. Ekman’s neurocultural theory suggests that facial
expressions of basic emotions have universal biological basis, yet their manifestation is shaped
by cultural norms that determine the frequency, intensity, and appropriateness of these
expressions across different contexts (Ekman, 1972). This cultural modulation may result in
notable differences in facial morphology across cultures, as supported by findings from
Elfenbein and colleagues (2007), who showed how cultural background influence the

expression and perception of emotions. Moreover, research indicates that frequency of
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exposure to certain FEs can influence recognition accuracy, with commonly encountered
expressions being more easily recognised than less frequent ones (Calvo et al., 2014).

Furthermore, studies by Durdn and Fernandez-Dols (2021) and Reisenzein and
colleagues (2006) suggest that many spontaneous expressions deviate from the prototypical
facial configurations defined by FACS, revealing a broader range of variability in how
emotions are expressed. This supports Fridlund’s (1994) behavioural ecology view, which
posits that FEs function more as social signals communicating intentions than as mere
reflection of internal emotional states. Nevertheless, previous research suggests that
spontaneous expressions aligning with prototypical patterns can still be rapidly and accurately
recognised (Sauter & Fischer, 2018) supports the idea that the fundamental components of
basic emotions remain influential in the recognition of emotions. Together, these findings
emphasise the interplay between universal emotional signals and culturally specific patterns of
expressions.

In summary, BET and FACS have significantly advanced our understanding of facial
expressions. However, their reliance on static, posed expressions limits their ability to capture
the dynamic and spontaneous nature of real-world emotional communication. Existing research
has shown that spontaneous expressions often deviate from the conservative FACS prototypes,
raising questions about the role of such prototypes in spontaneous expression recognition. To
improve the ecological validity of facial expression research, future studies must move beyond
static frames and when it comes to capturing the dynamic and spontaneous nature of real-world
emotional communication. The current project aims to refine and expand BET through the
integration of spontaneous and dynamic expressions into empirical research, providing more
comprehensive approach to studying facial expressions. In the following sections, I will discuss
the distinctions between static versus dynamic and posed versus spontaneous expressions, both

in terms of their production and recognition.
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1.2 Static versus Dynamic Facial Expressions

Human FEs are inherently dynamic, evolving over time through distinct phases of onset,
peak, and offset. This progression furnishes a detailed temporal structure that conveys different
nuances of FE (Nishiyama et al., 2005). Despite this, the study of FE recognition has
historically been dominated by the use of static images, capturing only fleeting moments often
at peak intensity (Krumhuber et al., 2021b). Although such snapshots can effectively
differentiate between different emotions (Ekman & Friesen, 1978), they inadequately represent
the movement and fluidity of facial expressions as they occur in daily experiences. Beyond
simple facial muscle activities, FEs encompass a series of micro-movements that articulate the
narrative of emotional states (Bould & Morris, 2008; Morishima et al., 2001). This dynamic
interplay is evident not only in observable changes but also in the subtle dynamics of timing

and intensity, elements that are absent in static portrayals.

1.2.1 Static Facial Expression Recognition

Having acknowledged the dynamic nature of FEs, it is important to have a closer look
at why traditional reliance on static portrayals has prevailed in emotion recognition research.
Static expressions have long been a cornerstone in the exploration of human emotions, offering
a detailed view of facial behaviour typically at its most expressive moments. By focusing on
the peak of emotional portrayals, researchers glean insights into the muscle-driven
morphological changes that underlie specific facial behaviours (Krumhuber et al., 2023). For
example, FACS has traditionally been focused on the analysis of static expressions, allowing
for the precise dissection of the constituents of emotional displays at fixed points in time.
Consequently, the presence and frequency of AUs have been prioritised over their duration in

representing emotional displays.
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Static displays, especially those posed ones, can be tightly controlled, thereby
minimising extraneous sources of image variation such as cultural and individual differences
(e.g., age & gender; Dawel et al., 2021). Not surprisingly, these images have been widely used
in studies exploring the encoding and decoding of FEs (Calvo & Nummenmaa, 2016; Barrett
et al., 2019). The intricate interplay of facial muscles in these static cues, though devoid of
temporal dynamics, provides crucial emotional information, particularly for basic emotions
(Gold et al., 2013). For example, the lift of an eyebrow or the curve of a lip can articulate a
spectrum of feelings, from happiness to sadness, and anger to surprise (Ekman & Friesen, 2002).

Given the controlled and clear depiction of static displays in conveying emotional
information, these frozen snapshots were found to be sufficient in representing basic emotions
with recognition rates ranging from 70 to 90% (Goeleven et al., 2008; Palermo & Coltheart,
2004; Tottenham et al., 2009). The peak intensity of static expressions contributes significantly
to their recognisability, creating distinct, prototypical facial configurations that are readily
identifiable (Hess & Kleck, 1990).

Empirical investigations into static FEs revealed that specific facial regions yield
informative value in conveying distinct basic emotions. For example, areas around the eyes
and upper half of the face, are pivotal for recognising emotions such as fear, anger, and sadness,
while the mouth region primarily conveys signals of happiness and disgust (Blais et al., 2017;
Yitzhak et al., 2021). The necessity for integral processing arises when the same AUs are
involved across multiple emotions, necessitating the consideration of additional cues for
accurate interpretation. For example, both fear and surprise involve raised eyebrows, but the
presence of brow furrowing suggests fear, whereas an open jaw indicates surprise (Krumhuber
et al., 2023). This detail illustrates the reliance on both localised facial features and their
collective, gestalt processing for accurate emotion inference, reflecting the intricacies of facial

muscle coordination in emotional expression (Calder et al., 2000a).
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Moreover, studies employing simplified representations, such as line-drawn or point-
light faces, have illuminated the fundamental role of basic visual properties in emotion
recognition (Krumhuber et al., 2023). These studies have shown that individuals are capable of
recognising distinct emotions even through minimal visual cues (Atkinson et al., 2004, 2012;
Bidet-lldei et al., 2020). Importantly, accentuating key differences in these two-dimensional
shapes increases their distinctiveness and perceived intensity, which in turn facilitates faster
and more accurate recognition (Calder et al., 1997, 2000). Thus, research on static expressions
can approximate aspects of human facial recognition, including prevalent errors and confusion,
suggesting that some aspects of human emotion recognition may be grounded in fundamental
visual properties.

Despite their utility, static expressions have inherent limitations. They lack the temporal
dynamics of real-life emotional expressions, potentially leading to an inaccurate understanding
of emotional expressions. The static nature fails to capture the fluidity and progression of
emotional responses. Consequently, there is a growing, yet limited consensus in the field
towards integrating dynamic elements into the study of emotion recognition, to ensure a more
valid approach for studying lifelike facial behaviour. A recent review showed a significant
albeit modest shift, with only 13% of articles published in psychology between 2000 and 2020
incorporating dynamic stimuli for emotion-related questions (Dawel et al., 2021; Krumhuber

etal., 2023).

1.2.2 Dynamic Advantage in Facial Expression Recognition

When evaluating the utility of facial motion in emotion recognition, it is imperative to
ascertain whether dynamic information adds unique value beyond that provided by static
representations and to pinpoint the nature of these additional insights. Unlike static expressions,

dynamic expressions provide detailed information on both the structure and movement of the
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face. Specifically, they include spatial details about the positioning and arrangement of facial
features, as well as temporal information, such as how quickly a smile forms or a frown deepens
(Krumhuber et al., 2013). The displacement, velocity, and acceleration of movement closely
mirrors the expressions encountered in everyday life (Barrett et al., 2019; Krumhuber et al.,
2023). Converging evidence showed that movement facilitate the recognition of emotion with
which higher recognition rate than that of static point-light displays (Atkinson et al., 2012;
Bidet-lldei et al., 2020). In this vein, movements seem to provide additional benefits that static
expressions fail to provide.

Individuals seem to be sensitive to this spatiotemporal information as people recognise
dynamic faces with greater accuracy and confidence than static displays of facial expressions
(Lederman et al., 2007). Such sensitivity towards dynamic information may be automatically
ingrained as people are found to accurately reproduce the progress of expressions from a
scrambled set of image sequences (Edwards, 1998). These elements are integral not just for
understanding emotional states but also for making social inferences — judgements about
individuals’ intentions, relationships and social context (Arsalidou et al., 2011; Krumhuber et
al., 2013; Marian & Shimamura, 2013).

Dynamic expressions comprise multiple images over time, thereby providing a larger
number of static cues than a single image (Recio et al., 2011; Krumhuber et al., 2023). Research
indicates that higher frame rates in dynamic sequences facilitate a more effective extraction
and recognition of emotional meanings (Bould & Morris, 2008; Calvo & Nummenmaa, 2016).
However, this advantage is not due to the mere increased quantity of static cues but is attributed
to indicating the direction of change. Such unfolding of expressions heightens sensitivity to
changes in facial features and their trajectories (Cunningham & Wallraven, 2009; Krumhuber
et al.,, 2013). The sequential order of these changes is crucial since disrupting the natural

temporal progression was found to significantly impair emotion recognition (Edward, 1998).

25



Hyunwoo Kim Chapter 1

Accordingly, individuals seem to be attuned to detecting the temporal progression of
expressions which can alert emotional meaning behind the faces. This integration over
temporal sequences captures the transitions from onset through peak to resolution, thereby
allowing observers to discern the unfolding of emotional expressions. This transitional shift
lacks in the momentary presentation of static images (Cunningham & Wallraven, 2009; Jack
etal., 2014).

Considering the additional benefits provided by dynamic cues, studies demonstrate that
facial movements lead to higher classification rates for emotion recognition, often
outperforming static expressions. For example, hit rates for dynamic expressions range from
48 to 98% (Dupré et al., 2020), surpassing the rates achieved by static expressions. This
advantage is particularly salient in instances of degraded or subtly expressed emotions, where
static representations struggle to convey emotion effectively. Studies using point-light displays
highlight the effectiveness of movement in conveying emotional information, demonstrating
that dynamic cues aid emotion recognition where static point-light displays fall short (Bassili,
1978; Valentine & Bruce, 1988). Additionally, research leveraging synthesised facial
animations corroborates the facilitative effect of dynamic presentations in emotion recognition
by showing higher recognition accuracy for FE with movements (Kitsyri & Sams, 2008;
Webhrle et al., 2000).

Furthermore, dynamic expressions are not only perceived as more genuine and intense
(Zloteanu & Krumhuber, 2020) but also instrumental in detecting complex emotional states
where several basic emotions are compounded or blended (Adams et al., 2015; Bassili, 1978).
Particularly notable is the contribution of mouth movements in conveying a spectrum of
emotions (Eisenbarth & Alpers, 2011). The way a smile gradually transitions into an expression
of surprise, or how tension around the lips intensifies into a display of anger, offers detailed

insights into how multiple emotional states are communicated within a dynamic sequence.
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These findings collectively emphasise the added value of incorporating dynamic cues in the
study of emotion recognition, highlighting the additional information provided by movement

beyond what static images can provide.

1.2.3 Conditional Advantage of Dynamic Expression

While there is considerable evidence supporting the advantage of dynamic expressions
in emotion recognition, their advantage is not absolute and can vary depending on the clarity
and distinctiveness of static images. For example, Kétsyri and Sams (2008) elucidated that the
benefit of movement facilitated emotion recognition for synthesised facial animations but not
for natural (albeit posed) expressions. Their findings indicate that the dynamic advantage may
be condition-specific. Similarly, Kamachi (2001) and Gold and colleagues (2013) found that
when static images are highly distinctive, with near-perfect identification accuracy, the
superiority of dynamic expressions tends to wane. This pattern suggests that dynamic
expressions predominantly offer supplementary information where static cues are ambiguous,
degraded or subtly expressed (Ambadar et al., 2005; Harwood et al., 1999; Wehrle et al., 2000).

In support of this notion, studies suggest that the necessity of movement for accurate
emotion recognition may diminish when static expressions are presented clearly in full
intensity (Ambadar et al., 2005; Bould & Morris, 2008; Tobin et al., 2016; Blais et al., 2017).
This conditional dynamic advantage suggests a compensatory role for motion, particularly in
filling informational gaps left by static cues. The divergent findings across past studies
emphasise the importance of considering specific conditions in determining the relative
benefits of dynamic versus static representation in emotion recognition and suggest that the
effectiveness of dynamic cues is contingent upon the limitations of their static counterparts.

In summary, recent research in emotion recognition highlights the unique contribution

of dynamic facial expressions in conveying emotional information. These dynamic expressions
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provide spatiotemporal cues that static images lack, significantly aiding in the recognition of
emotions, especially under conditions where static cues are insufficient or ambiguous to
represent emotions. The dynamic advantage stems not simply from the increased number of
frames, but from the directional changes of facial movements, which observers process
intuitively. However, this advantage appears to be condition-driven in terms of visual quality
and intensity. Counterevidence suggests that dynamics mainly serve a compensatory role,
particularly when static information is either unclear or unavailable. This raises important
questions about the specific conditions under which dynamic facial expressions offer a
recognitional advantage. The specific conditions in which dynamic cues offer the most
significant benefits remain to be fully delineated, particularly with regard to the expressive
features.

In addition to dynamic-static comparison, much of the previous research on FEs has
primarily focused on highly controlled, posed expressions. While these expressions are useful
for isolating key features, they lack the spontaneous, fluid nature of real-world emotional
displays. This reliance may also have limited the ecological validity of previous findings, as
genuine expressions are far less structured and predictable. This gap highlights the importance
of incorporating spontaneous expressions in research to better reflect those encountered in daily
interactions. In the next section, we will further explore the distinctions between posed and

spontaneous expressions and discuss their implications for facial expression recognition.
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1.3 Posed versus Spontaneous Facial Expressions

1.3.1 Encoding Posed and Spontaneous Expressions

Studies have demonstrated that individuals have the ability to distinguish between
posed and spontaneous FEs (Dawel et al., 2017). Despite this, past research on FEs has been
predominantly focused on the analysis of posed expressions, preferred for their experimental
control and easier recognisability. Distinguishing between posed and spontaneous expression
is crucial, not just in psychological research but also in practical applications, such as security
screening, legal context, or customer service, where accurately interpreting facial expressions
can significantly impact decision-making and outcomes.

In FE research, posed expressions are typically elicited through direct instruction for
facial movements, often guided by the FACS manual (Ekman et al., 2002). An alternative
approach involves instructing participants to show facial expressions they associate with
specific emotional states. Actors are also asked to mimic the example face depicting a target
emotion (Aifanti et al., 2010). Such controlled approaches result in stylised displays of emotion
consistent across individuals and cultures (Krumhuber et al., 2021). These expressions, albeit
effective for distinguishing discrete emotions (Ekman et al., 1987), may not adequately capture
the subtlety and complexity inherent in the FEs encountered in daily life. This limitation brings
into question the extent to which findings derived from posed expressions may, in fact, have
little to do with spontaneous nonverbal behaviours (Motley & Camden, 1988).

On the other hand, spontaneous expressions are elicited via induction (e.g., watching
emotion-evocative videos, hearing jokes, or specific tasks) or simulation (e.g., by recalling
emotion-relevant memories; Gross & Levenson, 1997), thereby presenting facial displays that
better resonate with the genuine emotional states while maintaining necessary controls. Unlike
posed expressions, different elicitation techniques employed to elicit spontaneous ones

introduce heterogeneous variability, not confined to standardised fixed signals (Gross &
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Levenson, 1995). This diversity likely reflects the natural variability across expressions
encountered in everyday life, offering an ecologically valid perspective on human expression.
Therefore, it is imperative to acknowledge the fundamental difference between posed and

spontaneous expressions to facilitate the lifelike assessment of FEs.

1.3.2 Distinctive Morphological Appearance

In their very nature, there are distinct neural pathways underpinning posed and
spontaneous FEs, each originating from separate brain regions. While deliberate facial
movements arise from the cortical motor strip, involuntary emotional facial actions are rooted
in the subcortical areas of the brain (Meihlke et al., 1973). These pathways not only innervate
different facial muscles but can also influence the dynamics and muscular involvement of the
expressions (Morecraft et al., 2001). For instance, when individuals are instructed to simulate
an expression like fear, the resultant expression differs from one that emerges spontaneously
(Bartlet et al., 2006; Ekman & O’Sullivan, 1991). This distinction highlights the inherent
difference in how our brain processes and produces posed versus spontaneous expressions.

The different elicitation and neural processes lead to different morphological patterns
between the two types of expressions. Spontaneous FEs often display varied configurations,
contrasting with the uniform, stylised activation pattern seen in posed expression (for a review
see Calvo & Nummenmaa, 2016). A mere fraction (0% to 11%) of spontaneous expressions
strictly adhere to prototypical AU patterns as outlined in FACS (Durdan & Fernandez-Dols,
2021; Reisenzein et al. 2006; Wang et al. 2010), with many exhibiting variations including
additional or missing AUs that are not accounted for by FACS criteria (Bartlett et al., 2006;
Smith et al., 1986). These morphological nuances are especially pronounced in emotions like
surprise or disgust requiring a larger number of facial muscle involvements (Namba et al.,

2017). However, it is important to note that these morphological patterns are not always reliable
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indicators of expression types. While simple emotions like happiness are often associated with
genuine expressions indicated by specific AUs (e.g., AU6: orbicularis oculi + AU12:
zygomaticus major; Figure 1.2), studies revealed that even untrained individuals can
deliberately contract these muscles to simulate genuine expressions (Gunnery et al, 2013).
Some studies also reported overlaps in facial configuration between spontaneous and posed

expressions, (Carroll & Russell, 1997; Gosselin et al., 1995; Scherer & Ellgring, 2007).

ﬁontaneous Amusemem/ Posed Amusement: \

Sequences Sequences

AU6+12

\ AU6+12+25 / \ AU6+12+25 /

Figure 1.2. Morphological difference between posed and spontaneous smiles (Namba et al.,

2017)

Building on this, posed and spontaneous expressions are significantly different in their
respective intensity. Typically, spontaneous FEs are subtler in their AU and overall expression

intensities compared to their posed counterparts (Saumure et al., 2018). The posed expressions
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often display exaggerated intensities, especially in diagnostic AUs (Park et al., 2020; Zeng et
al., 2009), resulting in more stereotypical facial displays. On the other hand, the transient
movement in spontaneous expressions can obscure their defining features, aligning with
findings on the fleeting nature of micro-expressions (Davison et al., 2018). Such variation in
intensity has been linked to asymmetry patterns between posed and spontaneous FEs (Ekman
et al.,, 1981; Powell & Schirillo, 2009). For instance, genuine emotional indicators tend to
emerge more frequently and intensively in the upper half of the face, whereas the lower half

often reflects the intended, posed emotions (Costantini et al., 2005; Park et al., 2020).

1.3.3 Distinctive Temporal Dynamics

The distinctions between posed and spontaneous expressions are further elucidated by
examining spatial characteristics alongside temporal dynamics. Posed expressions are often
associated with rapid onsets and brief duration (Lander & Butcher, 2020; Schmidt et al., 2006),
a feature that contrasts sharply with smoother trajectories with less abrupt dynamics of
spontaneous expressions (Ekman, 2003; Ekman & Friesen, 1982). This progression often (but
not always; Namba et al., 2017) results in a more gradual onset and offset, with extended
durations that mirror the natural progressions of emotions (Cohn & Schmidt, 2004; Hess &
Kleck, 1990; Schmidt et al., 2009). Particularly during the offset phase, spontaneous
expressions diminish gradually rather than disappear abruptly in the post-elicitation phase (Guo
et al., 2018; but see Schmidt et al., 2006). Yet, intriguingly, a prolonged apex duration in
expressions has been associated with the perception of reduced genuineness (Krumhuber &
Kappas, 2005; Guo et al.,, 2018), hinting towards the distinction between expression
recognition and perception. Further studies have highlighted the different timing and small
amplitude of spontaneous expressions, distinguishing them from their often-amplified posed

counterparts (Cohn & Schmidt, 2004; Hess & Kleck, 1990).
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1.3.4 Decoding Posed and Spontaneous Expression

Accordingly, empirical evidence showed observers’ discernment capabilities between
deliberate and genuine expressions, emphasising the crucial role of both morphological and
temporal differences between types of expressions (Hess & Kleck, 1994; Gunnery & Ruben,
2016; McLellan et al., 2010). Yet, this capacity for differentiation is not consistent across all
emotions. For instance, research by Dawel and colleagues (2017) reveals that observers face
particular challenges in distinguishing between deliberate and genuine expressions of fear.
Notably, the ability to accurately differentiate between types of expression significantly
improves with dynamic presentation, supporting the notion that movement enhances the
perception of authenticity (Zloteanu et al., 2018). This pivotal role of morphological and
temporal differences is supported by the performance of automated classifiers, which, by
capitalising on these distinctions, demonstrate exceptional accuracy in distinguishing types of
expressions (for review, see Jia et al., 2021).

The differences between posed and spontaneous FEs further impact their recognition.
Specifically, research consistently demonstrates a marked decline in recognition accuracy for
spontaneous expressions, often falling below 40% (Kayyal & Russell, 2013; Naab & Russell,
2007), with some instances even falling below chance levels (Wagner, 1990). Such recognition
rate is notably lower than those reported for posed expressions, which generally exceed >70%
(Calvo & Nummenmaa, 2016). Furthermore, automated classifiers also exhibit diminished
performance in recognising spontaneous expressions (Krumhuber et al., 2021b). While posed
expressions are suggested to have a degree of universality in recognition, spontaneous
expressions show substantial variability across cultures (Matsumoto et al., 2009).

Direct comparisons between the recognition and perception of spontaneous and posed

FEs are scarce. However, those that exist generally support the notion that posed expressions
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are typically better recognised than spontaneous ones (Mortley & Camden, 1998; Russell,
1994). This trend extends to perceivers’ ratings of emotional valence, which are more often
accurate for posed expressions, highlighting the interpretive challenges associated with
spontaneous expressions (Zuckerman et al., 1976). Interestingly, the discrepancy in recognition
accuracy varies dramatically across different emotion categories, with posed expressions of
anger being recognised more accurately than spontaneous ones, whereas spontaneous
expressions of sadness achieve higher recognition accuracy than posed ones (Jiirgens et al.,
2015). Nevertheless, research suggest that these findings may be contingent on the specific
stimuli used. Depending on how the expressions were elicited and the context in which
expressions occur, spontaneous expressions can sometimes be intense and prototypical enough
to surpass posed expressions in terms of recognisability (Sauter & Fischer, 2018). This finding
highlights that spontaneous expressions, though typically more subtle and variable, can at times
closely resemble prototypical forms, leading to better recognition under certain conditions and
for certain emotions.

The challenge of recognising spontaneous expressions is further complicated by
increased confusion among emotion categories. Observers frequently assign multiple emotion
labels to a single spontaneous expression (Calvo & Nummenmaa, 2016), reflecting the inherent
ambiguity in these displays. Unlike posed expressions, which typically present exaggerated
and clear-cut signals of basic emotions, spontaneous expressions do not always involve fixed
signals with greater subtlety. As a result, the accurate interpretation of spontaneous expressions
demands an understanding beyond mere facial muscle configurations, requiring social
knowledge and contextual information (Hassin et al., 2013; Parkinson, 2013).

In summary, the literature delineates clear distinctions between posed and spontaneous
expressions, highlighting differences in their elicitation methods, morphological characteristics,

and dynamic properties. In particular, spontaneous expressions exhibit a greater degree of
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morphological flexibility, diverging from the more rigid, prototypical patterns typically
observed in posed expressions. In dynamic properties, spontaneous expressions tend to follow
smoother trajectories, a stark contrast to the shorter onset and offset durations of posed
expressions, which often display irregular and abrupt movement patterns. These differences
profoundly influence the accuracy with which these expressions are recognised and their
perceived authenticity. Notably, spontaneous expressions typically show poorer recognition
rates compared to their posed counterparts.

While research on posed expressions has been extensive, studies investigating
spontaneous expressions remain relatively limited. Given the natural variability and subtlety of
spontaneous expressions, more research is needed to understand how these expressions are
produced and recognised. Exploring spontaneous expressions could provide valuable insights,
particularly in context where emotional authenticity is critical, such as human-computer
interaction, social communication, and affective computing. Having established the key
difference between posed and spontaneous expressions, it is crucial to further explore the
specific features that contribute to their recognisability. In the following section, we will
examine how expression features such as prototypicality, intensity, and ambiguity play a role

in shaping the recognition of facial expressions.

1.4 Prototypicality, Intensity and Ambiguity

Despite consistent findings that spontaneous expressions are recognised with lower
accuracy compared to posed ones, there has been limited investigation into the specific features
that influence recognition performance. Considering the differences between posed and
spontaneous expressions collectively, it becomes apparent that spontaneous expressions tend

to be less prototypical and intense, yet more ambiguous in their presentation.
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1.4.1 Prototypicality

Drawing upon the BET, it is assumed that the recognisability of FEs may largely depend
on their alignment with stereotypical emotional displays. Prototypicality refers to the degree to
which a combination of AU within expressions matches the classical depictions of basic
emotions (Ekman et al., 2002). Empirical evidence showed the importance of such prototypical
configurations in facilitating emotion recognition. By manipulating the presence of
prototypical AUs, Matsumoto and Hwang (2014) found that expressions featuring highly
prototypical cues were recognised with greater accuracy. Moreover, those expressions
achieved faster reaction time with higher perceived intensity (Young et al., 1997; Matsumoto
et al., 2009). Conversely, expressions deviating from these prototypical configurations —
through missing or altered AUs - are still recognisable but perhaps less distinctly representative
(Cabeza et al., 1999; Gaspar et al., 2014). The distinctiveness of prototypical expressions,
therefore, lies in the human ability to detect emotion with relative ease based on facial
components.

In addition to the basic six emotions, research has increasingly recognised a broader
range of emotions that may have distinct facial prototypes. Keltner and colleagues (2019)
introduced the concept of “new basic emotions,” including more complex social emotions like
pride, embarrassment, and love. These emotions, while not traditionally part of Ekman’s
framework, show consistent facial expressions across cultures. For example, pride is often
expressed with a slight smile and an upward tilt of the head (Tracy & Robins, 2007), whereas
embarrassment may involve a downward gaze, a modest smile (Keltner, 1995). These findings
suggest that additional emotions, beyond the traditional six, may also have consistent signals,

although further research is needed to confirm these patterns.
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1.4.2 Intensity

Nevertheless, the mere presence of prototypical cues does not solely influence the
recognisability of expressions; these cues must be intense enough to be discernible to observers.
Expression intensity refers to the strength or degree of activation of facial muscles, reflected
on how pronounced the facial expression appears. This characteristic plays a crucial role in
how effectively expressions are recognised. In general, intense expressions with pronounced
facial cues are typically identified more accurately and rapidly (Hess et al., 1997). This
effectiveness is likely attributed to the heightened visibility of prototypical configurations in
intense expressions (Calvo & Nummenmaa, 2016). Conversely, subtler expressions, including
micro-expressions, pose greater challenges in recognition due to their low intensity and fleeting
nature, making them less conspicuous (Stanciu & Albu, 2019).

The significance of intensity in facial expression recognition is particularly evident in
studies employing morphing techniques. These techniques present dynamic sequences that
show gradual progression of expression from neutral to peak intensity. Rodger and colleagues
(2018) utilised morphing techniques to demonstrate that expressions at their peak intensity are
recognised more accurately than those in their onset or offset phases. Furthermore, studies
found that observers can identify emotions more quickly and with greater confidence as the
expressions near their maximum intensity (Young et al., 1997). This body of evidence suggests
the important role of intensity in enhancing the recognisability of expressions.

Interestingly, highly intense expressions are sometimes perceived as less authentic,
possibly due to their exaggerated nature (Zloteanu & Krumhuber, 2021). In everyday
interactions, FEs are more commonly found at low to medium intensities, as such expressions
in varying intensity may offer a more realistic representation of emotional displays (Adolphs
& Tranel, 2004; Motley & Camden, 1988). Consequently, varying the intensity within emotion

recognition tasks can enhance sensitivity to these subtle differences (Calder et al., 1997). This
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suggests that subtle expressions are not necessarily a disadvantage in perception; rather they

demand more focused attention to discern their emotional content.

1.4.3 Ambiguity

While prototypical facial expressions in high intensity provide clarity in emotion
recognition for singular emotions, their utility becomes problematic when expressions blend
multiple emotions simultaneously or present only partial prototypes, such as happy crying or
fake smiles. Ambiguity in facial expressions refers to the presence of multiple, overlapping
emotional signals, which complicates the recognition of a single emotion. Diverging from the
simplicity of singular-emotion prototypes, the intersections of contradictory emotional signals
introduce categorical uncertainty in facial expressions. Such ambiguous expressions are more
reflective of real-life expressions, where emotions are often interwoven, not isolated depending
on the context (Du et al., 2014). These ambiguous expressions also introduce different
emotional nuances beyond basic emotions (Du & Martinez, 2015).

Past research has typically manipulated face stimuli to present contradictory emotional
cues, such as combining angry eyes with a smiling mouth (Kinchella & Guo, 2021),
complicating the task of accurate emotion identification. Such studies highlight how human
perception is swayed by biases, including a tendency towards negative interpretations when
faced with ambiguous emotional signals (Ito et al., 2017). As such, the recognition accuracy
for these expressions is typically lower than those with singular emotional cues (Neta &
Whalen, 2010). Ambiguity in expression also tends to diminish perceived intensity (Kinchella
& Guo, 2021), possibly because the human visual system has a limited capacity to process
multiple emotions simultaneously (Ito et al., 2017). Additionally, viewing conditions like
image resolution and spatial frequency can impact the perceived ambiguity (Kinchella & Guo,

2021), suggesting a complex interplay between the expression itself and the viewing quality.
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Our study also showed that ambiguity is one of the key indicators in predicting recognition
performance, both for human and automated recognition tools (Kim et al., 2023).

While previous studies often emphasise that real-life expressions are ambiguous, most
studies (if not all) have tended to rely on morphing techniques or varied image qualities to
manipulate expressions. Our study addresses this gap by being one of the first to measure
ambiguity in both posed and spontaneous FEs. We highlighted the challenges arising from the
lack of a common metric and varying definitions of expression ambiguity (degree of closeness
in categorical boundaries or the omission of key emotional configurations).

It has also been argued that the role of characteristics might be influenced by common
methodological designs in emotion recognition studies. Often, forced-choice response tasks do
not include a neutral option (Rotshtein et al., 2010), potentially leading participants to choose
emotions they might otherwise perceive as non-expressive. This trend could inflate recognition
rates for more prototypical expressions, while artificially deflate accuracy rates for ambiguous
and subtle expressions. Particularly for ambiguous expressions, observers may focus on the
most salient emotional signals (Limbrecht-Ecklundt, 2013), potentially overlooking subtler
cues, as these tend to deviate from stereotypical emotional configurations. In support of this
notion, research has shown that moderate-intensity expressions often require longer reaction
time compared to subtle expressions, particularly when tasks are equipped with neutral options
(Wells et al., 2016). Additionally, the relationship between prototypicality, intensity, and
recognition accuracy is not consistent across all emotions. For some, like fear and surprise,
changes in intensity or the presence of ambiguous cues may not substantially alter recognition
accuracy (Hoffmann et al., 2010). This complexity highlights the intricate balance between
expression prototypicality, intensity, and ambiguity, and how each characteristic contributes to

the cognitive mechanisms that underlie emotion recognition.
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Putting things together, the investigation into prototypicality, intensity and ambiguity
illuminates the distinct challenges and advantages in recognising posed and spontaneous facial
expression recognition. Prototypicality and intensity emerge as key elements that enhance the
accurate and swift recognising of expressions, offering clear and strong emotional signals. In
contrast, the ambiguity inherent in expressions, especially spontaneous ones, introduces
significant challenges, often resulting in diminished recognition accuracy. This exploration
suggests the intricate interplay between these factors, emphasising their significant impact on
our perception and recognition of emotional cues. While these characteristics tap into
morphological features it is also important to consider the impact of dynamic aspects
influencing facial expression recognition.

Building on the discussion of prototypicality, intensity, and ambiguity in facial
expression recognition, it is crucial to now explore how these characteristics are addressed by
both human observers and automated systems. With the advancements in technology,
Automated Facial Expression Analysis (AFEA) tools have emerged as a powerful alternative
to human observers, particularly for recognising prototypical expressions. However, just as
humans face challenges in interpreting subtle or ambiguous expressions, machines exhibit their
own set of limitations, particularly in the recognition of non-prototypical spontaneous facial
displays. In the following section, I compare the capabilities of human observers and AFEA

systems, examining their respective strengths and limitations in facial expression recognition.
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1.5 Human versus Machine Facial Expression Recognition

1.5.1 AFEA: A General Introduction

The integration of affective computing into emotion research has led to significant
utilisations of AFEA tools, fostering a multidisciplinary approach to studying emotional
communication across computational and psychological domains (D’Mello et al., 2018). By
leveraging cutting-edge technology to analyse facial cues, AFEA contributes to various
applications, from enhancing user interface design to improving mental health diagnostics,
embodying a significant stride towards machines that can understand and interact with humans
(Calvo & D’Mello, 2010; Dupr¢ et al., 2019). Given that AFEA is nowadays widely accessible,
emotion classification using commercially available software (e.g., AFFDEX, FACET,
FaceReader, OpenFace) is of increasing research interest. Predominantly trained on the
foundational principles of the FACS, these tools rely on morphological analysis of FEs to
discern emotional states from human faces (Calvo et al., 2018; Ekman et al., 2002).

AFEA tools typically employ a structured three-step process to recognise facial
expressions (Martinez et al., 2017; Sariyandi et al., 2017). This initial phase involves detecting
faces within images or video, identifying them based on shape, morphological features, and
configurations. The second phase focuses on detecting and localising facial landmarks —
specific points defined by their geometric properties — and monitoring their changes over time.
The final phase involves analysing the movement patterns of these facial landmarks, classifying
them into pre-defined emotion categories or dimensions based on their configurations. This
detailed methodological process suggests the technical sophistication of AFEA tools.

These classifiers extend the scope of emotion recognition, offering standardised and
efficient data processing beyond human capabilities. They excel in eliminating several sources
of noise-related variance like participant fatigue, inherent in human assessment (Pantic &

Rothkrantz, 2000). The Facial Expression Recognition and Analysis (FERA) challenges
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showcase the capabilities of these algorithms, where the top-performing algorithmic models
have reached impressive recognition rates of 84% for basic emotion recognition (Valstar et al.,
2012), and 94% accuracy in FACS recognition for specific AU (Valstar et al., 2017). However,
the past training and refinement of these tools have been heavily reliant on posed expressions
in controlled settings (Pantic & Bartlett, 2007). When it comes to FACS recognition, their
efficacy is often limited to a select number of AUs, varying from as few as 2 (Jian-zheng et al.,
2011) to a maximum of 7 (Baltrusaitis et al., 2015). It is important to note that many of these
in-house algorithmic models are proprietary, which may not be easily accessible for cross-

laboratory research (Dupré et al., 2020).

1.5.2 Commercial AFEA Recognition

Recent advancements in AFEA have led to a surge in both commercial and open-source
algorithms, making AFEA more accessible (Cohn & Sayette, 2010). As documented by
Littlewort and colleague (2011), these classifiers have been proficient in accurately identifying
basic emotions and AUs simultaneously across various stimulus sets, particularly for posed
expressions. The comparison of the human ability to discern facial cues with the precision of
AFEA tools also reveals a compelling narrative that highlights distinctive strengths and
limitations inherent in human and machine recognition. For example, Lewinski and colleagues
(2014) showed the impressive performance of FaceReader which correctly recognised
emotions with 89% accuracy, surpassing the human recognition rate of 85% on the same tasks.
Others studies also consistently showed that FACET outperformed human observers for posed
expressions, but worse or comparable performance for subtle and spontaneous expressions
(Krumhuber et al., 2021; Yitzhak et al., 2017).

Given that most AFEA tools are trained on highly prototypical expressions (Calvo et

al., 2018), the exaggerated intensity of standardised expressions typically aids in the featural

42



Hyunwoo Kim Chapter 1

analysis by machines (Pantic & Bartlett, 2007). Interestingly, by comparing three machine
classifiers (Azure Face API, FaceReadear, and Face++) with human observers, Kiintzler and
colleagues (2021) showed that machines outperformed humans for both posed and spontaneous
expressions, making AFEA classifiers an attractive alternative to human observers. The
recognition capability of AFEA tools has also been compared with other physiological
measures such as EMG, showcasing the comparable performance of automated tools compared
to EMG for measuring facial movements (Beringer et al., 2019; Kulke et al., 2020; Hofling et
al., 2021).

However, the performance of AFEA tools is not uniformly high across all classifiers.
Cross-classifier evaluations, such as those conducted by Dupré et al. (2021), indicate a variance
in accuracy rates ranging from 43% (AFFDEX) to 68% (FaceReader), highlighting the
heterogeneity in algorithmic efficiency and training methodologies among different AFEA
tools. Stockli and colleagues (2018) also showed varied performance where FACET
consistently outperformed AFFDEX on both valence and categorisation tasks. This variability
becomes even more pronounced when assessing the recognition of different emotion categories,
revealing certain emotions as consistently more challenging for AFEA systems to accurately
classify (Dupré, 2021; Kiintzler et al., 2021; Stockli et al., 2018). Among these, happiness has
been consistently recognised with the highest accuracy, whereas fear and disgust often being
more challenging to recognise (Lewinski et al., 2014; Skiendziel et al., 2019). These
recognition patterns are more pronounced in spontaneous expressions (Calvo et al., 2018). The
variability in recognition performance across classifiers may be attributed to the different
datasets used for testing. While most studies used existing databases (both pose and
spontaneous) for testing (Dupré et al., 2020; Krumhuber et al., 2021), some utilised their own
dataset (Stockli et al., 2018; Tcherkassof & Dupré, 2020). The number of testing datasets also

varies across studies.
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Commercial tools have also demonstrated proficiency in FACS AU recognition,
occasionally exceeding human-level accuracy. For instance, classifiers achieved indices of
0.69 and 0.66 in various static databases, just below the FACS certification threshold for human
coders (0.7; Lewinski et al., 2014). Advanced systems like CERT (a precursor FACET
commercial software) have shown remarkable accuracy, with an average recognition
performance of 90.1%, highlighting their efficacy for real-time FACS analysis (Littlewort et
al., 2011). Comparative evaluations of various classifiers indicated diverse performance
strengths, with some excelling in static emotion recognition and others in dynamic context
(Dupré et al., 2020; Lampropoulos et al., 2009). Notably, all systems effectively detected AUs
above chance levels (Namba et al., 2021). Yet, their accuracy varied across different AUs, with
some expressions being more challenging to recognise than others (Skiendziel et al., 2019).
This discrepancy may arise from AFEA performance which is more effective with clear-cut
facial actions but less adept at detecting subtler variations. Collectively, these findings position
AFEA software as a capable alternative to human observers, at least for prototypical
expressions. Similarities and differences between AFEA and human observers need further
attention, with studies showing similar recognition patterns on non-prototypical, subtle, and

dynamic expressions.

1.5.3 Similarities between Machines and Humans

Both machines and humans exhibit proficiency in identifying clear, prototypical
expressions (Yitzhak et al., 2017), yet accuracy declines with non-prototypical expressions
(e.g., spontaneous and naturalistic expressions; Sato et al., 2019) that deviate from basic
emotion prototypes (Kiintzler et al., 2021; Pantic, 2009; Stockli et al., 2018). This decrease is

more notable in AFEA, particularly when handling low-intensity expressions (Calvo et al.,
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2018; Kiintzler et al., 2021), resulting in lower recognition rates compared to humans (Yitzhak
etal., 2017).

Interestingly, similar confusion patterns emerge in both humans and machines, like
mistaking fear for surprise (Calvo et al., 2018), which suggests that shared facial actions
between certain emotions complicate recognition of both humans and machines (Lewinski et
al., 2014). Considering that most AFEA algorithms are developed and trained using human-
annotated data (Chen & Joo, 2021), this resemblance is perhaps expected. Specifically, the
labelling process for training data highly relies on human perception. Furthermore, the
methodology underlying machine-based recognition discerns specific patterns of facial
movements or AUs and links them with corresponding emotion categories, a process heavily
influenced by the perceptual interpretation inherent to human observers (Matsumoto et al.,
2009; Tcherkassof & Dupré, 2020).

Additionally, technical factors such as illumination and image resolutions play a crucial
role in further influencing the recognition ability of both groups, further complicating facial
expression recognition (Khan, 2017; O’Toole et al., 2012). Several studies showed that stable
lighting conditions significantly enhance recognition performance (Stratou et al., 2011),
whereas inconsistent or fluctuating lights can hinder recognition (Wang et al., 2013; Nguyen
et al., 2014). Furthermore, the complex backgrounds have been found to divert focus away
from the face (particularly for human observers), thereby negatively affecting recognition

(Righart & de Gelder, 2008; Sannikov et al., 2017).

1.5.4 Differences between Machines and Humans

In assessing the difference between human observers and AFEA classifiers, a critical
focus emerges on their respective adaptability to dynamic expressions. As discussed,

converging evidence suggests that humans often benefit from expressions incorporating
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movements (Ambadar et al., 2005; Krumhuber et al., 2013, 2023). This contrasts with AFEA
systems, which historically have faced challenges in accurately accounting for expressions in
motion (Namba et al., 2021; Tcherkassof & Dupré, 2020), possibly due to the large segments
of frames displaying comparatively subtle intensity. In consequence, machine accuracy has
been shown to drop for dynamic compared to static stimuli commonly taken at the peak of the
emotional display (Stockli et al., 2018; Skiendziel et al., 2019; Onal Ertugrul et al., 2023). This
decline in machine accuracy may stem from AFEA systems inadequately integrating sequential
facial movements into a cohesive emotional interpretation (Dupré et al., 2018). To date, the
role of dynamic information in AFEA is still poorly understood, with performance varying
substantially across stimulus conditions (Yitzhak et al., 2017; Dupr¢ et al., 2019; Krumhuber
et al., 2021). These findings highlight the need for further investigation into AFEA
performance on dynamic expressions, particularly how these systems process and integrate
temporal information.

In summary, the comparison between human and automated recognition of facial
expressions has illuminated several key insights. Primarily trained on posed expression, AFEA
tools are adept at recognising basic emotions from prototypical, posed expressions surpassing
human levels yet face difficulties with the subtleties and ambiguities of spontaneous
expressions. While substantial progress has been made, there are significant gaps, particularly
in the development of automated systems capable of interpreting complex, dynamic
expressions in real-world contexts as proficiently as humans. Bridging these gaps is essential
for the development of more empathetic artificial intelligence systems, with broad implications
for psychology, technology, and beyond. This area of research draws attention to the
importance of considering the inherent complexity and ambiguity of human expressions when

developing and training AFEA systems.
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1.6 Unanswered Questions

First, the discourse surrounding the dynamic advantage in facial expression recognition
provides supportive yet inconsistent effects of movement. The core of this debate centres on
the conditions under which facial movements confer their facilitative effects. A significant
body of research advocating for the dynamic advantage has frequently employed stimuli that
are artificially degraded or distorted faces (Atkinson et al., 2012; Calder et al., 2000). This
approach manipulates stimulus materials to make them more challenging to recognise — a
context that markedly deviates from everyday facial expressions. This divergence prompts
critical examinations of the applicability of findings on dynamic advantage to scenarios
involving non-degraded faces. A key question, therefore, is whether facial dynamics
consistently provide facilitative benefits on expression recognition when the static faces are
clearly visible and undistorted, accurately representing emotion. Moreover, existing
counterarguments suggest a negligible impact of facial movements on recognition under certain
circumstances (Gold et al., 2013; Kamachi et al, 2001), hinting at a more complex interaction
between facial movements and recognition processes than previously assumed. Thus, it
becomes crucial to validate the conditions under which dynamic information significantly
enhances expression recognition.

Second, previous research has typically focused on contrasting the recognition accuracy
between static and dynamic expression based on a singular static frame, often neglecting the
variability in representativeness across different static frames extracted from a dynamic
sequence. Dynamic expressions inherently comprise a multitude of static frames, each
potentially varying in its expressive clarity. The point when static expressions are extracted
within the dynamic sequence could critically influence their representativeness. If a static frame
captures a peak moment of expression, it may inherently convey enough emotional information,

rendering additional dynamic cues superfluous. This oversight raises pivotal questions about
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the optimal conditions under which static expressions, whether at target or non-target moments,
are comparable or fall short of the informational value provided by dynamic expressions in
terms of recognisability.

Third, past methodologies in static and dynamic facial expression recognition typically
tasked participants with classifying expressions under varied formats (i.e., static vs dynamic)
without delving into the finer details of factors that specifically enhance recognisability. While
this strategy seemingly ascertains the existence (and counterevidence) of dynamic advantage,
it falls short of elucidating the features that make an expression recognisable. Featural
parameters like prototypicality, intensity, and ambiguity have been identified as influential
factors in recognition accuracy. However, their examination has often been hampered by a lack
of consistent measures across studies. This inconsistency poses a challenge in drawing
definitive conclusions about how each parameter individually, or in combination, contributes
to the accuracy of static and dynamic expression recognition. In this sense, a more refined
approach is needed, one that incorporates standardised definitions and methodologies for
assessing these featural parameters.

Fourth, earlier research on dynamic advantage has predominantly been focused on
human perceptual analysis. With rapidly increasing interest in AFEA analysis, such focus
leaves a significant gap in understanding how motion impacts machine-based recognition
systems. Although several investigations have been made showing that machines exhibit
reduced accuracy in recognising dynamic expressions, these studies do not directly compare
the performance of dynamic expressions against static snapshots derived from the same video
sequences. Specifically, it remains to be determined whether machines, like humans, exhibit a
dynamic advantage in recognising facial expressions and, if so, under what conditions this

advantage is most pronounced.
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Fifth, previous studies have yielded inconsistent results regarding the comparative
performance of human versus machine recognition, with some research indicating humans
outperform machines, while other studies suggest the opposite. This inconsistency points to the
presence of specific conditions under which humans excel in recognising expressions and
scenarios where machines demonstrate superior performance, especially depending on their
dynamic properties and featural characteristics (i.e., degrees of parameters including
prototypicality, intensity, ambiguity etc.). This dichotomy requires further explorations of the
conditions that differently affect human and machine recognition capabilities.

Sixth, with the burgeoning interest in achieving greater ecological validity in facial
expression research, the availability of spontaneous facial expression databases has
significantly increased. However, there appears to be a lack of a systematic review concerning
these resources, particularly those cataloguing spontaneous and dynamic facial expressions.
Understanding the characteristics of these databases is crucial for several reasons. Firstly, it
would provide insights into the range and diversity of spontaneous expressions recorded across
different elicitation techniques, demographics and emotional categories. Secondly, a detailed
review could elucidate the methodological approaches employed in developing these databases,
including the techniques for eliciting spontaneous emotions and the criteria for categorising
and annotating expressions. It remains to be seen how these characteristics influence the
encoding and decoding of facial expressions.

Seventh, a critical observation in the field of facial expression research is that many
spontaneous facial expression databases (FEDBs) have not undergone rigorous empirical
testing to assess their reliability and validity, particularly for those featuring basic emotions.
Furthermore, there is a conspicuous absence of cross-corpus evaluations. This gap raises
important questions about the recognition rates achievable with spontaneous FEDBs, and

whether there exists significant variability in these rates. In conjunction with a comprehensive
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review, an in-depth exploration of the prototypicality, complexity, and ambiguity influencing

the recognition rate is also a question that needs to be discussed.

1.7 Overview of the Present Dissertation

The present dissertation aims to systematically investigate the dynamic and
spontaneous aspects of facial expressions and their contribution to emotion recognition.
Exploring dynamic and spontaneous facial expressions is pivotal in facial expression research
as they provide a balanced trade-off between experimental control and authenticity of
expressions (Zhang et al., 2014). Specifically, the current work investigates the recognisability
of dynamic versus static expressions, with a keen focus on the challenges posed by spontaneous
expressions. To this end, this dissertation comprises three experimental studies and one
extensive review, each designed to systematically address the key questions highlighted earlier.

Chapter 2 delves into whether movement in facial expression confers a recognition
advantage for both human and machine observers. This investigation utilised facial stimuli
under three distinct conditions: target static, non-target static, and dynamic. Target static refers
to the frame displaying the peak intensity of the target emotion, while non-target static captures
frames form the same sequence showing non-target emotions. Dynamic stimuli encompass the
entire expression sequence (please find Chapter 2 for details). This selection of stimuli aims to
determine the specific circumstances under which facial movement either enhances or fails to
aid recognition. The chapter also assess the role of featural parameters — namely prototypicality,
ambiguity, and complexity — on the recognisability of facial expressions, aiming to uncover
the underlying factors that influence how expressions are recognised. Although posed and
spontaneous expressions are conceptually distinct, they were treated as a unified stimulus

material in Chapter 2 to focus on the dynamic aspects of facial expressions across all types. By
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combining posed and spontaneous expressions, the study aims to explore how movement
influences facial expression recognition in general, aligning with the thesis’ aim to examine
the broader role of dynamic information in facial expression recognition. This chapter also
evaluates the performance of both human and machine observers to not only validate the
dynamic advantage hypothesis across different observers but also to highlight the comparative
strengths and weaknesses in their recognition abilities. This comparative analysis offers
detailed insights into the similarities and differences in recognition performance between
humans and machines.

In Chapter 3, a comprehensive review of existing spontaneous and dynamic facial
expression databases is undertaken, showcasing a wide spectrum of available datasets in the
field. Most past reviews failed to provide a systematic understanding of existing databases,
encompassing a limited number of spontaneous databases. This chapter details the unique
characteristics of these databases, including the diversity of emotion categories and
demographics, methodologies employed for eliciting spontaneous expressions, the technical
frameworks utilised for recording and annotating these expressions, and the accessibility of
these databases. By assessing their conceptual, technical, and practical aspects, the review
highlights their strengths and identifies gaps within existing databases that may limit their
effectiveness. Through the critical discussion, this chapter aims to guide researchers in making
informed decisions when selecting a database, thereby enhancing the quality and applicability
of facial expression research.

Chapter 4 conducts an empirical evaluation of selected databases from Chapter 3, with
a focus on those capturing basic emotions. Utilising cross-corpus evaluation through the AFEA
tool AFFDEX, this chapter assesses to what extent spontaneous databases accurately represent
emotional states and the AUs that underlie these expressions. This evaluation includes an

examination of how well these databases are recognised and the role of AUs in this process.
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Considering the featural parameters such as prototypicality, ambiguity and complexity
discussed in Chapter 2, their impact on AFEA classification is re-evaluated in this chapter.
Additionally, informed by the reviews in Chapter 3, this chapter discusses potential features
that may influence machine recognition performance.

Finally, Chapter 5 serves as a general discussion that synthesizes the findings from the
preceding chapters. This chapter critically evaluates the theoretical and practical implications
of the research conducted and outlines how the present work fills the knowledge gap, thereby
encapsulating the contributions and limitations of the present dissertation. It highlights how the
exploration of spontaneous and dynamic facial expressions, alongside the assessment of
featural parameters and the efficacy of human and machine recognition, enriches our
understanding of emotion recognition. Acknowledging the challenges encountered, the chapter
also reflects on the scope of the studies and methodological constraints. Additionally, it

suggests directions for future research.
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CHAPTER 2

Human and Machine Recognition of Dynamic and Static Facial Expressions:

Prototypicality, Ambiguity and Complexity

2.1 Introduction

Much of our understanding of facial expressions of emotions has come from studies of
static displays typically captured at their peak (Dawel et al., 2021). Static expressions have the
advantage that they can be strictly controlled, allowing observers to focus on the key features
of interest. Not surprisingly, static images have been widely used in studies exploring the
recognition of the basic six emotions (Barrett et al., 2019; Calvo & Nummenmaa, 2016). Due
to their lower ecological validity, however, the last two decades have seen increased
questioning and criticism of this type of stimulus. Given that facial expressions evolve over
time, they are intrinsically dynamic events. Accordingly, facial movement has been shown to
aid expression recognition (e.g., Ambadar et al., 2005; Cunningham & Wallraven, 2009;
Wehrle et al., 2000) and facilitate the extraction of emotion-relevant content from faces (for
reviews, see Dobs et al., 2018; Krumhuber et al., 2013; Krumhuber et al., 2023; Krumhuber &
Skora, 2016; Lander et al., 1999), such as expression authenticity (Zloteanu et al., 2018;
Krumhuber et al., 2013), naturalness (Sato & Yoshikawa, 2004) and intensity (Biele &
Grabowska, 2006, Widen & Russell, 2015). Nonetheless, the effects of movement are not
uncontested, with some studies showing little or no benefits of dynamic information (e.g.,
Fiorentini & Viviani, 2011; Gold et al., 2013; Kamachi et al., 2001; Knight & Johnston, 1997;

Lander et al., 1999). The present research aims to compare static versus dynamic expressions
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in human and machine analysis, thereby exploring the role of featural parameters in emotion
recognition.

Despite substantial evidence showing a dynamic advantage, several studies have failed
to find the respective benefits of movement. For example, the advantage was found to disappear
when identification was already close to perfect, with static stimuli that were highly distinctive
in expression (Gold et al., 2013; Kamachi et al., 2001 experiment 2; Kétsyri & Sams, 2008).
Also, the effect of movement diminished for static displays presented for more than 1000 ms,
which naturally allows for a deeper exploration of the facial stimulus (Bould & Morris, 2008;
Kaitsyri & Sams, 2008). Finally, movement of the face may not always be necessary for non-
degraded or full-intensity expressions (Ambadar et al., 2005; Blais et al., 2017; Bould & Mortris,
2008; Tobin et al., 2016). In those cases, static snapshots can be sufficient to recognise
emotions. Such counterevidence aligns with arguments proposing a compensatory role of
dynamic information, particularly when static cues are inaccessible or insufficient (Ambadar
et al., 2005; Atkinson et al., 2004; Ehrlich et al., 2000; Wehrle et al., 2000). For example,
dynamic expressions aid the recognition of degraded or distorted stimuli such as in point-light
displays, synthetic displays, or *“ffled morphed sequences (e.g., Cunningham & Wallraven,
2009; Dobs et al., 2018; Plouffe-Demers et al., 2019; Wallraven et al., 2008). Similarly, facial
movement facilitates the recognition of weakly expressed and non-basic emotions (guilt,
shame), which may be more subtle and nuanced in their appearance (Ambadar et al., 2005;
Bould & Morris, 2008; Cassidy et al., 2015; Yitzhak et al., 2020).

While attempts have been made to specify the conditions under which the dynamic
advantage occurs, it is still unclear when dynamic information matters and when it does not. In
most past studies, static displays were used to depict the peak of the target emotion (Bould &
Morris, 2008; Gold et al., 2013; Harwood et al., 1999; Kamachi et al., 2001). Such high-

intensity features, with their specific shapes and spatial arrangement, may leave little scope for
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the additional benefits offered by movement. The present research is the first to compare
dynamic expressions with static images extracted from various time points of the facial display.
In particular, we explore whether peak frames of the target emotion (e.g., the image frame with
the highest surprise evidence within a surprise video; see Dente et al., 2017) achieve
recognition rates that are similar to dynamic stimuli (e.g., a full-length surprise video) and
higher compared to those of non-target emotions (e.g., image frames with the highest anger,
fear, disgust, happiness or sadness evidence within a surprise video).

Beyond this comparison of dynamic expressions to automatically extracted single images,
the present work examines three key featural parameters and their contribution to emotion
recognition. According to Basic Emotion Theory (BET), a small number of fundamental
emotions are characterised by prototypical patterns of facial actions (Ekman, 1982, 1992). That
is, when an emotion is elicited a particular set of action units is triggered by specific muscular
movements (Ekman et al., 2002). These unique configurations of prototypical facial displays
offer a quick and accurate feature-based categorisation of expressions as they are
unambiguously linked with discrete emotion categories (see Calvo & Nummenmaa, 2016;
Ekman, 2003). Such categorical distinctiveness makes them perceptually salient, thereby
providing a shortcut to emotion recognition (Calvo et al., 2013). Hence, facial displays closely
resembling those prototypes are more easily and rapidly classified (Matsumoto et al., 2009;
Matsumoto & Hwang, 2014; Young et al., 1997). Conversely, accuracy is thought to drop for
non-prototypical expressions (Barrett et al., 2019; Motley & Camden, 1988; Naab & Russell,
2007; Wagner et al., 1986).

While prototypicality crucially functions as a perceptual indicator of emotion category,
most of the facial expressions seen in everyday life are likely to be ambiguous, fractional,
and/or blended (Calvo et al., 2014; Scherer & Ellgring, 2007). That is, they often convey a

mixture of emotions (Halberstadt et al., 2009; Hassin et al., 2013; Parkinson, 2013) or partial
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versions of configurations, with a great amount of idiosyncrasy and variability beyond uniform
configurations of a single emotion (Du et al., 2014; Du & Martinez, 2015). To capture these
deviations, it is therefore important to define a second featural parameter.

Ambiguity arises when an expression displays multiple basic emotions (i.e., when facial
expressions are categorically unclear), thereby containing contradictory emotional information.
Given that classification decisions typically rely on the most distinctive facial features (Calvo
et al.,, 2012; Du et al., 2014; Fiorentini & Viviani, 2009; Tanaka et al., 2012), ambiguous
expressions are often subject to misclassification and interpretation biases (Calvo et al., 2012;
Ito et al., 2017; Kinchella & Guo, 2021). In turn, recognition accuracy is reduced (Calder et al.,
2000b; Neta & Whalen, 2010) because people are perceptually less able to identify several
emotions at once (Ito et al., 2017; Kinchella & Guo, 2021). Neuroscientific evidence points
toward the role of the amygdala, which encodes not only the intensity but also the categorical
ambiguity of an expression (Ito et al., 2017). Since the processing of ambiguous displays
requires more cognitive effort, confidence ratings tend to be lower and reaction times are
prolonged (Calvo et al., 2012; Wang et al., 2017).

Notwithstanding its importance, empirical evidence regarding expression ambiguity
remains elusive mainly due to the lack of a common metric. While some studies define it as
the degree of closeness to categorical boundaries (Halberstadt et al., 2009; Kinchella & Guo,
2021; Wang et al., 2017), others conceptualise it as the omission of core emotional cues
(Matsumoto & Hwang, 2014). This could be problematic as both definitions indicate different
expression characteristics. Additionally, most prior research has manipulated (rather than
measured) ambiguity by creating blended, morphed, or composite face stimuli (Nummenmaa,
1988; Calder et al., 2000a, 2000b). Such an approach may result in unnaturalistic displays

which are not representative of the type of expressions seen in real-life situations. The present
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work therefore introduces a new ambiguity measure that is based on the perceived presence of
two or more emotions.

Finally, expression inftensity has been consistently shown to influence emotion
recognition. Specifically, intense displays enhance accurate classification and response times
(e.g., Ambadar et al., 2005; Jones et al., 2018; Matsumoto et al., 1999, 2002; Palermo &
Coltheart, 2004; Young et al., 1997). Also, they lead to higher intensity and confidence ratings
(Calder et al.,2000a; Recio et al., 2013), as well as agreement ratings between viewers
(Matsumoto et al., 2002; Matsumoto & Hwang, 2014). In contrast, weak expressions tend to
be less accurately categorised (although above chance level; Matsumoto & Hwang, 2014) and
are subject to greater confusion and uncertainty in emotion judgements (Bould & Morris, 2008;
Ichikawa & Yamaguchi, 2014; Matsumoto et al., 2002).

The intensity of expressions may play a crucial role in detecting individual facial
configurations because intense expressions often contain diagnostic features of facial
prototypes. Expression prototypicality is therefore likely to co-occur with higher expressive
intensity. Only a few studies to date have tried to identify their relative influence, suggesting
that prototypicality is a more important feature for emotion classification than intensity
(Matsumoto & Hwang, 2014; Matsumoto et al., 2002). Nonetheless, both parameters are likely
to be confounded as expression intensity usually concerns emotion-relevant facial actions such
as those predicted by BET. This makes intensity not representative of the overall expressivity
of the face but of the degree of emotion in a facial expression. More intense emotional
expressions (especially when they are posed) are likely to be more prototypical and vice versa.
In order to conceptualise expression intensity as a measure that is independent from its
emotional connotation, we therefore introduce a new metric called ‘complexity’ which captures

the intensity of all action units in the face.
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While traditional measures of intensity consider the strength of Action Unit (AU)
contractions, our measure of ‘complexity’ quantifies the number of contracting AUs,
irrespective of their individual intensities. This approach captures the richness of facial actions
without being influenced by the strength of individual AU contractions. Although the
probabilities of AU-occurrences are positively (albeit weakly) correlated with their respective
intensities (Girard, Cohn, & De la Torre, 2015), complexity provides a comprehensive
representation of facial expressivity. This distinction is crucial as facial expressions often
involve a mixture of AUs and may not strictly adhere to the prototypical expressions of basic
emotions. As such, our measure of complexity offers a unique perspective that is distinct from
traditional measures of intensity, which are typically tied to the intensity of emotion-specific
AUs.

Quantifying featural parameters necessitates an objective classification of facial
expressions, which is a time-consuming and resource-intensive process for human coders (De
la Torre & Cohn, 2011). With rapid advances in the field of affective computing, commercial
and open-source algorithms for automated facial expression analysis (AFEA) are now widely
available (Cohn & Sayette, 2010). These can reliably classify discrete emotions as well as facial
actions (Lewinski et al., 2014; Littlewort et al., 2011). Given that most classifiers have been
trained based on the theoretical principle proposed by the Facial Action Coding System (FACS,
Ekman et al., 2002; Calvo et al., 2018), recognition performance is found to be comparable to
human coders (Krumhuber et al., 2021a; Skiendziel et al., 2019) and other physiological
measurements (Hofling et al., 2021; Kulke et al., 2020), sometimes even outperforming human
raters (Krumhuber et al., 2021b). In most cases, the distinctive appearance of highly
standardised expressions benefits the featural analysis by machines (Pantic & Barrett, 2007).

Despite several attempts to validate AFEA, its performance on non-prototypical, subtle,

and dynamic expressions needs further attention, with studies showing substantial variation in
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recognition success. For example, hit rates drop remarkably when an expression moves farther
away from basic emotion prototypes (Kiintzler et al., 2021; Stockli et al., 2017). Likewise,
machines frequently misclassify expressions that are weak in intensity (Calvo et al., 2018;
Kiintzler et al., 2021), resulting in recognition rates often lower than those of humans (Mandal
et al., 2015; Yitzhak et al., 2017). Since machines rely heavily on physical features of an
expression (Del Libano et al., 2018), less prototypical and more subtle displays of emotion
pose a greater challenge for AFEA (Calvo et al., 2018). This is particularly evident for dynamic
expressions, which often include large segments of frames with comparatively subtle features.
In consequence, machine accuracy has been shown to drop for dynamic compared to static
stimuli commonly taken at the peak of the emotional display (Onal Ertugrul et al., 2022;
Skiendziel et al., 2019; Stockli et al., 2017). To date, the role of dynamic information in AFEA
is still poorly understood, with performance varying substantially across stimulus conditions
(Dupr¢ et al., 2019; Krumhuber et al., 2021b; Yitzhak et al., 2017).

There is suggestive albeit ambivalent evidence for the dynamic advantage with
inconclusive findings on why and when facial movements offer benefits for recognition. The
present research aims to fill this knowledge gap by investigating the conditions under which
dynamic information exerts its facilitative effects on emotion classification. It does so by
comparing dynamic stimuli with static peak images that show either the target or non-target
emotion (thereafter referred to as ‘target-images’ and ‘non-target images’). In line with
previous research on the dynamic advantage (Ambadar et al., 2005; Cunningham & Wallraven,
2009; Wehrle et al., 2000), we predicted superior recognition rates for dynamic displays when
compared to static (non-target) images consisting of peak frames that are unreflective of the
target emotion. In other words, images taken from any time point of the expression may show
minimal benefits, resulting in recognition rates lower than those of dynamic expressions.

However, the opposite pattern was expected for static images showing the peak frame of the
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target emotion (target-images). Given that these are highly distinctive and intense displays of
the relevant emotion (Gold et al., 2013; Kamachi et al., 2001; Kétsyri & Sams, 2008), they
should be easier to recognise, with performance rates exceeding those of dynamic expressions.
To investigate what makes the expression recognisable, we tested the relative contribution of
three featural parameters - prototypicality, ambiguity and complexity - to emotion recognition.
If the stimuli closely resemble discrete emotion categories as proposed by BET, they should be
more prototypical and intense as well as less ambiguous in appearance (Neta & Whalen, 2010;
Matsumoto & Hwang, 2014; Jones et al., 2018). Stimuli that show well-recognisable discrete
emotions should also be more complex than most other patterns of facial actions. Furthermore,
prototypicality and ambiguity as its counterpart should predict emotion recognition,
particularly in machines which have often been trained on posed/acted datasets (Pantic &
Bartlett, 2007), making them potentially superior to human observers in classification accuracy

(Krumhuber et al., 2021b).

Two studies were conducted to test the above hypotheses. Study 2.1 focused on AFEA
to compare video (dynamic), target and non-target images (static), and define measures of
prototypicality, ambiguity, and complexity. As a way of validating the machine data, we also
obtained ratings from human observers on target and non-target images. Study 2.2 focused on
human observers with the aim to replicate the findings from the first study with a subset of the

stimuli and a larger sample of participants.

2.2 Experiment 1

The first study aimed to test for the dynamic advantage in AFEA, thereby comparing
recognition rates of video (dynamic), target and non-target images (static). Human observer

ratings were also obtained for target and non-target images as a source of machine validation.
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In addition, we explored the relative contribution of prototypicality, ambiguity and complexity
to image and video recognition, and whether video recognition can be predicted based on six

images that represent the respective peak expressions for the basic emotions.

2.2.1 Method
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Figure 2.1. Example of the image selection procedure, showing the highest FACET evidence values for each of
the six basic emotions as extracted from a surprise video (A). The surprise image (bottom right) is the target
image for the surprise video (as labelled by the dataset authors), whereas the other five mages are non-target

images (B).

Stimulus material
162 facial expression (85 females, 77 males) videos portraying the six basic emotions
(anger, disgust, fear, happiness, sadness, and surprise) were obtained from Krumhuber and

colleagues (2021b). Stimuli originated from a range of databases showcasing a mixture of
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emotion elicitation procedures (e.g., instruction to perform an expression, scenario enactment,
and emotion-eliciting tasks).

In this study, posed and spontaneous expressions were not distinguished as separate
categories but treated collectively as a unified stimulus set. This methodological choice was
made to focus on how facial movement affects recognition accuracy, regardless of whether
they were posed or spontaneous. While this approach deviates from distinguishing between
posed and spontaneous expressions, it builds on previous research (Krumhuber et al., 2020),
which has already established differences in recognition rates between the two, providing a
foundation for this methodological decision.

Across all emotion categories, the encoders were predominantly white/Caucasian, young
to middle-aged adults. Stimuli were presented in a frontal view of the face. The videos had an
average duration of 5 seconds and were displayed in colour. Portrayals that lasted longer than
15 seconds were segmented to display the onset, apex, and offset of expression (if applicable),
in line with other portrayals. None of the facial stimuli exceeded 10 seconds in duration.

For each video, machine analysis was performed using a commercial software called
FACET (Littlewort et al., 2011), which provides estimates for facial expressions of the six
basic emotions (anger, disgust, fear, happiness, sadness, surprise) and 20 Action Units (AU,
2,4,5,6,7,9,10, 12, 14, 15, 17, 18, 20, 23, 24, 25, 26, 28, and 43; Ekman, Friesen & Hager,
2002). Predominantly trained on posed expressions, FACET outputs evidence scores on a
frame-by-frame basis, estimating the likelihood that a human observer would code the frame
as containing each emotion and action unit. Evidence values are shown on a decimal
logarithmic scale centred around zero, with zero indicating 50% probability, negative values
indicating that an expression is likely not present, and positive values indicating that an

expression is likely to be present (Dente, Kiister, Skora, & Krumhuber, 2017).
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Within each video, six frames with the highest individual evidence value for the six basic
emotions were identified based on the raw FACET output. Extractions were performed
automatically via Python and FFmpeg. Among the six frames, one image was indicative of the
“target” emotion (e.g., the frame with the highest surprise evidence score from a video that was
labelled by the dataset authors as surprise), and five images were indicative of “non-target”
emotions (e.g., frames with the highest anger, disgust, fear, happiness, and sadness evidence
scores from a surprise video; see Figure 2.1). To this end, a total of 972 static facial images
(162 videos x 6 images) were extracted. The number of portrayals was equally balanced across
disgust, fear, happiness, and surprise (168 images each), except for anger (144 images) and
sadness (156 images) which had fewer portrayals because they were not available in some of
the databases. All image stimuli were rendered in colour and had an approximate resolution of
550 x 440 pixels.

To achieve comparability with the confidence ratings provided by human observers, the
raw FACET evidence values for each of the six basic emotions and 20 AUs were initially
converted into probabilities by using the formula provided in the FACET documentation
(iMotions, 2016) and then into confidence odds scores (for a similar procedure see Krumhuber

etal., 2021a). Let x;;, represent the evidence value for emotion or AU k in image j from video
i. This value can be converted into probability (p;;x) and odds (0;j;) units using Equations 1

and 2, respectively:

1

Pk =T 10 W
1

@)

j
1/piji — 1
Human observers
Power analysis. A simulation-based power analysis was conducted using the “simr”

package in R to determine the required sample size for detecting the effects of stimulus types
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(target vs non-target) and rater (humans vs machine) on recognition accuracy in a multilevel
logistic regression model. The analysis revealed that a sample size of 142 is required to
achieve 80% power at an alpha level of 0.05, based on 1000 simulations.

Participants. One hundred and fifty-four participants (76 females), aged between 18-
60 years (M =29.78, SD = 11.85), volunteered to take part in the study. This sample size was
calculated using G*Power to ensure 85% power to detect Participants were recruited face-to-
face or online via the departmental subject pool and Prolific Academic’s digital recruitment
platform. Participants received course credits or £10 for taking part in the study. All
participants were White/Caucasian and identified as British or European and ordinary
residents in the UK. Ethical approval was granted by the Department of Experimental
Psychology at University College London, UK.

Procedure. To reduce participation time, a subset of 162 facial images portraying the six
basic emotions were extracted from the 972 static expression stimuli and were randomly
presented. As such, every participant viewed one image from each video. The number of
portrayals was balanced across the six emotions. Each facial expression was presented for 15
seconds using the Qualtrics software (Provo, UT). Participants could provide their ratings
anytime during or after the 15-second exposure. For each facial stimulus, participants rated the
extent (from 0% to 100%) to which each of the six emotions (anger, disgust, fear, happiness,
sadness, and surprise) is recognisably expressed in the face. At least one emotion rating per
image (greater than 1% for any emotion) had to be given. Participants could respond using
multiple sliders (if applicable) to choose the exact confidence levels for each response category.
After providing their ratings, participants had to click the “next” button to move on to the next

stimulus, with no imposed time pressure.
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Parameters

Prototypicality. We defined expression “prototypicality” as the degree to which the
combination of AUs estimated to be present in a facial expression matches the prototypical
facial expression configuration proposed by Basic Emotion Theory (Ekman, 1992). The FACS
manual (Ekman et al., 2002) was used to define the full prototype and major variants of each
basic emotion. According to the FACS manual, the full prototypes indicate the complete set of
AUs associated with a target emotion (e.g., e.g., AU1+2+5+26 for surprise), while major
variants refer to commonly observed deviations from the full prototypes that still convey the
target emotion (e.g., AU1+2+5 for surprise). These variants typically involve the omission of
one or more AUs that are less critical to the recognition of the emotion. The odds of FACET
AU scores for the target emotion were summed up and weighted by a factor of 1 (full prototype)
or 0.75 (major variant). This resulted in an estimated prototypicality score for each image, with
higher scores indicating greater prototypicality of the expressed emotion (for a similar
procedure, see Krumhuber et al., 2021a). Prototypicality for emotion k in image j from video

i was calculated as:
v
PROj, = z OijiWri (3)
=1

where Oji is the FACET-estimated odds that image j from video i contains prototype [ from
emotion k and wy,; is the weight of prototype [ from emotion k (i.e., 1 if a full prototype and
0.75 if a major variant). To calculate the prototypicality for emotion k in video i (across all m
images), we averaged the prototypicality for that emotion across all m images (i.e., m = 6).

m
1
j=1

Ambiguity. We defined expression “ambiguity” as the degree to which the facial

expression is classified as containing multiple basic emotions, which makes the expression
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categorically unclear (Kinchella & Guo, 2021). To this end, we used normalised entropy as a
metric to represent the amount of uncertainty in emotion classification for each image (Shannon,
1948). Entropy is high when multiple emotions have high estimated probabilities and low when
only a single emotion has a high estimated probability. The ambiguity of image j from video i

(in terms of the g different emotions) was calculated using the following equation:

_ q _Pijk
AMByj = = i1 1oy (5)

where p; i is the FACET-estimated probability that image j from video i contains emotion k.
(Note that the logarithm bases do not matter due to their division.) To calculate the ambiguity
for video i (across all m images), we averaged the ambiguity across all m images (i.e., m = 6).

m
1
j=1

Complexity. We defined expression “complexity” as the average probability of evidence
across all 20 FACET AU estimates in each image. This resulted in an estimated complexity
score for each image, with higher scores indicating more complex expressions (with evidence
of more AUs present). This complexity measure therefore differs from other conceptualisations
of “intensity” by taking all FACET AUs into account and using their probability of occurrence
rather than their estimated intensity. The complexity for image j from video i was calculated

as:

f
1
=1

where p;j; is the FACET-estimated probability that image j from video i contains AU [ and

f = 20 (i.e., the superset of all estimated AUs). To calculate the complexity for video i (across

all m images), we averaged the complexity across all m images (i.e., m = 6).

m
1
COM; = EZ COM;; €))
j=1
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Data preparation

FACET recognition accuracy for both video and image was calculated by determining
whether the emotion with the highest recognition score matched the target emotion label given
by the database authors. As FACET is an algorithm-based classifier that provides the same
values across trials, recognition accuracy was binary in the form of either O (incorrect) or 1
(correct). To compare FACET and human performance, the recognition scores by human
observers were also converted into this binary format as a function of whether the majority (>
50%) of participants correctly recognised the target emotion of video. Specifically, human
observers were randomly assigned to different sets of images (162 images out of 972), meaning
not all participants rated every images. For each image, the number of participants who
observed it was counted, and if the majority of these participants correctly recognised the
emotion (i.e., highest rating for the target emotion of video). This approach aligns the

representative human rating across observers with the consistent output provide by the machine.

2.2.2 Results

6-images as predictor of video recognition

We first tested whether the emotion classification accuracy of the video can be predicted
from the recognition of the 6 extracted images. For this, a multilevel logistic regression model
predicting video-level emotion classification accuracy (by FACET) was estimated with a
random intercept for each video and a fixed slope for the sum of correct image-level emotion
classification accuracy (per video). The results revealed a significant main effect (exp(p) = 2.86,
Wald = 35.63, p <.001, exp(95%CI) [2.10, 4.22]), indicating that the odds of correct video-
level emotion classification increased by 186% for each additional correct image-level emotion

classification.
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Video vs target image vs non-target images

In general, recognition accuracy varied across stimulus types and raters. Target images
achieved highest recognition rates, with humans reaching 65.4% accuracy and FACET at
82.7%, likely due to their clear representation of the target emotion at peak moment. In contrast,
non-target expressions, designed to signal competing emotions, presented significant
ambiguity. This was reflected in lower recognition accuracy for both humans (34.4%) and
FACET (42.2%), highlighting the inherent challenges in classifying these images. The
consistently low performance of non-target images suggests that these expressions contained
subtle, overlapping or multiple emotional cues, making them difficult to categorise. For videos,
FACET achieved an intermediate accuracy rate of 65.4%, possibly because the dynamic nature
of the stimuli included subtle, non-expressive moments that diluted the overall recognition
process compared to the more consistent peak emotional representation in target images.

To statistically examine whether recognition accuracy differs as a function of stimulus
type (video vs. target image vs. non-target images), a multilevel logistic regression analysis
with a random intercept by video was conducted on the FACET accuracy data. The odds of
correct emotion classification were significantly higher for target images than for non-target
images (exp(B) = 40.66, Wald = 99.48, p < .001, exp(95%CI) [20.40, 88.10] and were
significantly higher for the video (exp(p) = 6.47, Wald = 48.37, p < .001 exp(95%CI) [3.87,
11.12]) than for non-target images (see Figure 2.2). Interestingly, the odds of correct emotion
classification were significantly lower for the video than for target images (exp(p) =0.16, Wald
=21.98, p <.001 exp(95%CI) [0.07, 0.34]). As such, the dynamic advantage only occurred for
non-target images, but not target images. Overall, recognition accuracy was highest for the
target image, followed by the video and non-target images (see Figure 2.2).

We conducted another multilevel logistic regression analysis with stimulus type (target

vs. non-target images) and rater type (FACET vs. human observers) as predictors and with a
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random intercept for each video. The results revealed significant main effects of stimulus type,
(exp(B) = 7.05, Wald = 74.47, p < .001 exp(95%CI) [4.52, 10.98]) and rater type (exp(p) =
1.65, Wald = 16.16, p < .001 exp(95%CI) [1.29, 2.11]), as well as a significant interaction
between the two (exp(p) = 2.38, Wald = 6.23, p = .035 95%CI [1.20, 4.70]). For both FACET
and humans, target images were better recognised than non-target images (ps < .001). Thus,
the target peak image seemed to be a better exemplar of the expression in human and machine
analysis. Results also revealed that recognition accuracy of FACET was significantly higher
than that of humans for both target and non-target images (ps < .001). Additionally, the
interaction effect showed that the difference in accuracy between machine and human observes

was greater for target images than for non-target images.

1.00 1

o
~
o

Rater
-~ FACET

Human

o
N
w

Predicted accuracy (95% Confidence Interval)
o

Chance level

0.00 4

HorLt‘arget Tarlgel ‘Jld'eo
Stimulus
Figure 2.2. FACET and human recognition accuracy for video, target- and non-target images.

Note. Error bars represent the upper and lower bounds of the 95% confidence interval. The dashed red line

indicates a 1/6 conservative chance level (Krumhuber et al., 2020)

Prototypicality, ambiguity, and complexity of expression
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To investigate what makes the expression recognisable, separate Welch’s t-tests were
conducted to compare stimulus types (target vs non-target images) in terms of prototypicality,
ambiguity, and complexity. As expected, target images were significantly more prototypical
(Mrarger = 64.08, SD = 34.11 vs Muon-targer = 37.18, SD =33.16), #(226.03) =9.21, p <.001,d =
0.81), less ambiguous (Miarge:=29.79, SD = 25.60 vs. Myon-targer =46.99, SD = 22.20), #(212.16)
=5.18,p<.001,d=0.75), and more complex (Marges = 28.22, SD = 7.76 VS. Muon-targer = 24.60,
SD =9.72), 1(272.75) = 5.18, p <.001, d = 0.38, than non-target images.

To ensure that featural parameters do not violate the issue of multicollinearity, we tested
the bivariate correlations across scaled predictors prior to building the models. No pair showed
a high correlation (all < 0.4), suggesting no issue with multicollinearity. Additionally, we
checked the variance inflation factors (VIFs) to further confirm the absence of multicollinearity.
VIFs across the three parameters were close to 1 (ranging between 1.01 and 1.07) for both
images and videos, indicating no multicollinearity concerns. Typically, VIFs greater than 5 or
10 are taken as indicative of problematic collinearity, which was not the case in our data.

Next, we examined the relative contribution of each parameter to emotion classification
accuracy. For this, a multilevel logistic regression model predicting each image’s classification
accuracy was estimated with random intercepts for each video and fixed slopes for
prototypicality, ambiguity, complexity, rater type, and the interaction of rater type with the
other three measures. Results revealed a significant main effect of prototypicality (exp(B) =
1.05, Wald = 135.06, p <.001, exp(95%CI) [1.04, 1.05]), ambiguity (exp(B) = 0.99, Wald =
9.63, p=.002, exp(95%CI) [0.98, 0.99]), and complexity (exp(B) = 1.04, Wald = 8.36, p = .004,
exp(95%CI) [1.01, 1.06]). All three parameters showed a significant interaction effect with
rater type (ps < .01). Post-hoc tests revealed that the effects of prototypicality (exp(p) = 1.02,
Wald = 32.14, p <.001, exp(95%CI) [1.01, 1.03]) and ambiguity (exp(p) = 1.01, Wald = 7.90,

p =.005, exp(95%CI) [1.00, 1.02]) were significantly greater for FACET than for humans. In
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contrast, the effect of complexity (exp(p) = 1.03, Wald = 10.91, p < .001, exp(95%CI) [0.95,
0.99]) was significantly greater for humans than FACET (see Figure 2.3 & Table 2.1).
Finally, we explored the partial association of each parameter with video-level
recognition accuracy. For this, a multilevel logistic regression model predicting video-level
emotion classification accuracy (by FACET) was estimated with random intercepts for each
source database and fixed slopes for video-level prototypicality, ambiguity, and complexity.
Results revealed a significant main effect of prototypicality (exp(B) = 1.01, Wald = 7.54, p
= .006, exp(95%CI) [1.00, 1.02]), and ambiguity (exp(p) = 0.97, Wald = 26.12, p < .001,
exp(95%CI) [0.96, 0.98]). The main effect of complexity was marginally significant (exp(p) =
0.98, Wald = 3.81, p = 0.051, exp(95%CI) [0.95, 1.00]). In general, the odds of recognition
accuracy increased by 1% for each unit increase in prototypicality, while it decreased by 3%

for each unit increase in ambiguity (see Table 2.2).
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FACET, blue: Human) and individual scores of (A) prototypicality, (B) ambiguity, and (C) complexity. The line

shades represent upper and lower bounds 95% confidence interval at each predictor score point.

Predictor exp(b) Wald L95%CI H95%CI p
Prototypicality 1.05 135.06 1.04 1.05 > 001 %**
Ambiguity 0.99 9.63 0.98 0.99 .002%*
Complexity 1.04 8.36 1.01 1.06 .004**
Prototypicality:Rater 0.99 23.06 0.98 0.99 > 00 ***
Ambiguity;Rater 0.99 6.70 0.98 1.00 .010*
Complexity:Rater 1.02 8.68 1.01 1.04 .003**

Table 2.1. Model estimates for FACET and human image recognition accuracy, showing main and interaction
effect estimates in logits, upper and lower bounds of exponentiated 95% confidence intervals, and significance

of each predictor.

Predictor exp(b) Wald L95%CI H95%CI p
Prototypicality 1.01 7.54 1.00 1.02 .006**
Ambiguity 0.97 26.12 0.96 0.98 > 001 ***
Complexity 0.98 3.81 0.95 1.00 051

Table 2.2. Model estimates for FACET video recognition accuracy, showing main effect estimates in logits,

upper and lower bounds of exponentiated 95% confidence intervals, and significance of each predictor.

Predictor exp(b) Wald L95%CI H95%CI p
Prototypicality 1.01 3.14 1.00 1.03 076
Ambiguity 0.96 7.60 0.94 0.99 .006**
Complexity 1.16 13.63 1.07 1.25 >.001%**
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Table 2.3. Model estimates for FACET image recognition accuracy, showing main effect estimates in logits,

upper and lower bounds of exponentiated 95% confidence intervals, and significance of each predictor.

2.2.3 Discussion

The results of the first study demonstrated considerable variation in recognition accuracy
as a function of stimulus type. On average, recognition accuracy was highest for target images,
followed by the video and non-target images. In accordance with previous findings (Ambadar
et al., 2005; Bould & Morris, 2008; Gepner et al., 2001; Harwood et al., 1999), movement (in
the form of videos) aided emotion classification over non-target images that were generally
less prototypical and complex but more ambiguous than target images. Such a dynamic
advantage was absent in comparison to static images which showed the expression at its peak
intensity of the target emotion. Additionally, accurate recognition of the video was successfully
predicted by the six images, pointing towards the usefulness of single images in video

prediction.

Regarding featural parameters, higher prototypicality and complexity but lower
ambiguity encouraged correct recognition in both humans and machines. While prototypicality
and ambiguity were better predictors of machine performance, complexity (as a reflection of
overall expressivity) was more effective in predicting human accuracy. These findings are in
line with prior works suggesting that AFEA relies heavily on specific facial configurations
(Krumhuber et al., 2021a; Zeng et al., 2009) due to its training on a few — often posed/acted —
datasets (Pantic & Bartlett, 2007) while humans tend to process expressions more holistically
including all facial actions (Calvo et al., 2012). When comparing human and machine
performance, a similar pattern was observed in the sense that accuracy decreased for non-target
(vs target) images. Interestingly, the machine outperformed humans on both types of static
stimuli, thereby extending previous findings on target emotion recognition (Krumhuber et al.,

2021a). With the absence of video ratings from human observers, however, no firm conclusion
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can be drawn regarding the role of movement versus static information in human emotion
classification. To rectify this shortcoming, a second study was conducted in which human

observers rated all three types of stimuli: video (dynamic), target and non-target images (static).

2.3 Experiment 2

The second study aimed to replicate and extend the findings of the first study with solely
human observers, thereby using a subset of the stimuli and a larger sample of participants. For
this purpose, we obtained human ratings of three stimulus types (video, target and non-target
images) and analysed the relative contribution of prototypicality, ambiguity and complexity to
emotion classification. We further explored the extent to which video recognition can be

predicted based on performance for single images.

2.3.1 Method

Stimulus material

To select a diverse set of stimuli, 8 videos per emotion were randomly selected from
Study 2.1. This resulted in a total of 48 videos (8 videos x 6 emotions) and 288 images (48
videos % 6 images). To ensure balanced representation, an equal number of encoders from each
gender were selected (24 females, 24 males). Other demographics, such as age and race, were
similar to study 2.1, with the majority of encoders being white/Caucasian, young to middle-
aged adults. Each emotion was portrayed by encoders with similar demographics. The size of

the image and video stimuli was approximately 550 x 440 pixels.
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Human observers

Power analysis. A simulation-based power analysis was conducted using the “simr”
package in R to determine the required sample size for detecting the effects of stimulus types
(target vs non-target vs video) and rater (humans vs machine) on recognition accuracy in a
multilevel logistic regression model. The analysis revealed that a sample size of 288 is
required to achieve 80% power at an alpha level of 0.05, based on 1000 simulations.

Participants. Three hundred and three participants (141 females), aged between 18-60
years (M =35.99, SD = 10.84), volunteered to take part in the study. Participants were recruited
online via a digital recruitment platform (Academic Prolific). Participants were compensated
£7 for taking part in the study. All participants were White/Caucasian who identified
themselves as British or European and were ordinary residents in the UK. Ethical approval was
granted by the Department of Experimental Psychology at University College London, UK.

Procedure. The experiment was programmed using the Qualtrics software (Provo, UT).
In the first block, participants were randomly presented with one of the six images extracted
from each video, yielding 48 images showing each of the six basic emotions. In the second
block, 48 videos displaying each of the six basic emotions in dynamic form were presented in

a randomised order. Measures of emotion recognition were the same as in Study 2.1.

2.3.2 Results

6-images as predictor of video recognition

We first tested whether the 6 images can predict how well the video is recognised. For
this, a multilevel logistic regression model predicting video-level emotion classification
accuracy (by humans) was estimated with a random intercept for each video and a fixed slope
for the sum of correct image-level emotion classification accuracy (per video). The results

revealed a significant main effect (exp(p) = 2.43, Wald = 11.99, p <.001, exp(95% CI) [1.47,
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4.03]), indicating that the odds of correct video emotion classification increased by143% for

each additional correctly classified image.

Video vs target image vs non-target images

Again, recognition accuracy varied across stimulus types and raters, showing a similar
pattern to experiment 1. Target images achieved the highest recognition rates, with humans at
72.9% and FACET at 93.8%. Non-target images resulted in lower accuracy, particularly for
humans (48.8%) compared to FACET (76.2%). Video stimuli showed moderate accuracy rates,
with humans at 70.8% and FACET at 89.6%. These findings reflect the challenges in
recognising non-target images, consistent with the results of experiment 1.

To examine whether recognition accuracy differs as a function of stimulus type (video
vs. target image vs. non-target images) and rater type (FACET vs. human observers), a
multilevel logistic regression analysis with a random intercept by video was conducted on the
accuracy data. The results revealed significant main effects of stimulus type. The odds of
correct emotion classification were significantly higher for target images than for non-target
images (exp(B) = 5.89, Wald = 7.67, p = .006, exp(95%CI) [1.68, 20.63]), and significantly
higher for the video than for non-target images (exp(B) = 3.19, Wald = 4.87, p = .027
exp(95%CI) [1.14, 8.95]). However, the odds of correct emotion classification were not
significantly different between the target image and the video (exp(pB) = 0.54, Wald = 0.60, p
=.439 exp(95%CI) [0.11, 2.56]). Similar to Study 2.1, the dynamic advantage only occurred
when the video was compared to non-target images, but not target images.

The results also reveal a significant main effect of rater type (exp(B) = 7.33, Wald = 7.74,
p = .005 exp(95%CI) [1.80, 29.82]. Across all three stimulus types, FACET consistently

outperformed human observers. The model did not show a significant interaction effect
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between stimulus and rater types (ps > .05), indicating that the differences in accuracy between

FACET and human were relatively consistent across stimulus types (see Figure 2.4).
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Figure 2.4. Human and machine recognition accuracy for video, target- and non-target images.
Note. Error bars represent upper and lower 95% confidence interval. Dashed red line indicates 1/6 conservative

chance level (Krumhuber et al., 2020).
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Prototypicality, ambiguity, and complexity of expression

Using the machine data, we assessed prototypicality, ambiguity, and complexity of the
stimulus types (target and non-target images). Overall, Welch’s t-tests showed that target
images were significantly more prototypical (Miarger = 80.82, SD = 27.17 Vs Myon-target = 56.36,
SD =32.84), 1(77.18) = 5.49, p < .001, d = 0.76,) less ambiguous (Mrge: = 14.53, SD = 14.25
VS Muon-targer = 33.71, SD = 21.22), 1(94.25) = -7.76, p < .001, d = 0.95), and more complex
(Miarges=27.38, SD = 6.73 VS Myon-targer = 22.36, SD = 8.96), #(84.17) = 4.44, p < .001, d = 0.58)
than non-target images. As such, the subset of 48 stimuli was sufficiently representative of the
larger sample analysed in Study 2.1.

Next, we examined the partial contribution of each parameter to human and machine
emotion classification accuracy of images. For this, a multilevel logistic regression model
predicting each image’s classification accuracy was estimated with random intercepts for each
video and fixed slopes for prototypicality, ambiguity, and complexity, and the interaction of
rater type with the other three measures. Results revealed a significant main effect of
prototypicality (exp(p) = 1.03, Wald = 24.23, p < .001, exp(95%CI) [1.02, 1.05]), ambiguity
(exp(B) = 0.98, Wald = 6.81, p = .009, exp(95%CI) [0.96, 0.99]), and complexity (exp(p) =
1.06, Wald = 6.22, p = .013, exp(95%CI) [1.01, 1.11]). In general, the odds of recognition
accuracy increased by 3% and 6% for a unit increase in prototypicality and complexity
respectively, while they decreased by 2% for a unit increase in ambiguity. Among parameters,
only prototypicality showed a significant interaction with raters (exp() = 0.98, Wald = 9.72,
p =.002, exp(95%CI) [0.96, 0.99]). Post-hoc tests revealed that the effects of prototypicality
was significantly lower for humans than for FACET.

Finally, we explored the predictive power of each parameter for human and machine
video recognition. For this, a multilevel logistic regression model predicting human video-level

emotion classification accuracy was developed with random intercepts for each source database
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and fixed slopes for video-level prototypicality, ambiguity, and complexity and their
interaction with rater. The results revealed a significant main effect of ambiguity (exp(B) =
0.96, Wald = 4.76, p = .029, exp(95%CI) [0.92, 0.99]), indicating that the odds of recognition
accuracy decreased by 4% for each unit increase in ambiguity. The main effects of
prototypicality (exp(B) = 0.99, Wald = 0.35, p =.552, exp(95%CI) [0.97, 1.02]) and complexity
(exp(B) = 1.03, Wald = 0.42, p = .515, exp(95%CI) [0.94, 1.12]) were not significant. The

model did not show significant interaction between predictors (ps > .05) (see Table 2.4).

Predictor exp(b) Wald L95%ClI H95%CI P
Prototypicality 099 0.35 0.97 1.02 0.552
Ambiguity 096 476 0.92 0.99 0.029*
Complexity 1.03 042 0.94 1.12 0.515

Prototypicality:Rater  0.98 0.28 0.93 1.04 0.597
Ambiguity:Rater 0.94 242 0.86 1.02 0.120

Complexity:Rater 1.05 0.30 0.88 1.25 0.585

Table 2.4. Model estimates for human video recognition accuracy, showing main effect estimates in logits, upper

and lower bounds of exponentiated 95% confidence intervals, and significance of each predictor

2.3.3 Discussion

Similar to the first study, there were substantial differences in emotion recognition
accuracy across stimulus types. While target images and videos were similarly well
recognised, accuracy for non-target images was significantly reduced. As such, movement
may function as a facilitative factor particularly when static information fails to convey the

target peak emotion. Correct classification of the extracted images was predictive of human
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recognition performance for the full video, suggesting that single images may be useful for
conveying a given expression. As in Study 2.1, higher complexity but lower ambiguity
contributed to classification accuracy. Furthermore, the effect of prototypicality was only
marginally significant, with facial expressions likely to be processed by humans more
holistically and in an integrated fashion (Calder et al., 2000b, Calvo et al., 2012). Together,
these findings suggest that categorical ambiguity and complexity (overall expressivity) play
an important role in human emotion recognition which seems to rely on features other than

prototypicality.

2.4 General Discussion

Past research has been inconclusive with regard to the conditions in which dynamic
information matters. In two studies, dynamic expressions were more accurately classified than
non-target images, with temporal information aiding emotion recognition. The results partially
replicate previous findings on the dynamic advantage (Ambadar et al., 2005; Bould & Morris,
2008; Cassidy et al., 2015), showing that facial expressions are temporally structured in a way
that is both meaningful and beneficial to observers. However, these movement-related benefits
disappeared in comparison to static peak expressions of the target emotion. Insofar as target
images represented static snapshots of a fully expressed emotion, they may have provided
sufficient information for emotion classification. This was not the case for non-target images
captured at various time points and indicative of peak expressions other than the target emotion.
Together, these findings suggest a compensatory role of dynamic information, facilitating
emotion recognition when static emotional cues are suboptimal or insufficient (Atkinson et al.,
2004; Ehrlich et al., 2000; Wehrle et al., 2000).

Despite both human and machine recognition achieving higher accuracy for target

images compared to videos, this does not necessarily imply that target images provide more
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information. Dynamic expressions offer a wealth of spatiotemporal information includes the
progression and transitions between different facial actions (speed, rhythm and velocity;
Krumhuber et at., 2013). Such information is crucial for perceptual judgement of expression
authenticity and trustworthiness (Krumhuber et al., 2007; Zloteanu et al., 2018). However,
dynamic expressions also include larger segments where the face may be less expressive or
even neutral. For FACET, which operates by analysing each frame individually and then
aggregating these frame-by-frame results, these subtle or non-expressive moments can dilute
the overall confidence in emotion classification. In contrast, a target image represents the apex
of the emotional display, offers a clear, consistent cue. This consistency over time in the target
image allows for deeper exploration of the expressive moment, particularly for systems like
FACET that might struggle with integrating varying levels of prototypicality and intensity
across multiple frames.

Furthermore, the classification process for dynamic expressions requires a more complex
analysis by machines, as it involves not only recognising the spatial cues but also determining
how the expression changes over time (Sariyandi, Gunes & Cavallaro, 2017). This added
confusion can lead to more errors, especially when the system encounters frames that are
ambiguous or do not clearly represent the target emotion (Kuntzler et al., 2021; Yitzhak et al.,
2017). On the other hand, the static nature of target images eliminates this complexity, allowing
the system to focus solely on the clear, prototypical expression captured at a highly expressive
moment. Therefore, the higher accuracy observed for target images reflects the advantage of
presenting a single, highly expressive and consistent moment in time, which aligns more
closely with the operational strengths of frame-by-frame analysis systems.

In support of this notion, non-target images were found to be less prototypical and
complex, as well as more ambiguous. Similar to past research (Matsumoto et al., 2009;

Matsumoto & Hwang, 2014) prototypicality played a crucial role, with expressions that more
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closely resemble BET predictions (Ekman et al., 2002) enhancing recognition. This applied
particularly to the machine due to its history of training on posed/stylised expressions. For
human observers, complexity was more important for emotion recognition. Consistent with
previous work (Jones et al., 2018; Matsumoto et al., 2002), expression intensity (as measured
by our new complexity metric) notably improved performance. Here, we showed for the first
time that complexity can explain recognition performance without having to confound intensity
with prototypicality and its BET-based assumptions. In the future, this allows for subtle
expressions to be coded separately from non-prototypical expressions as both metrics tap into
different characteristics. As predicted, ambiguous expressions were often subject to
misclassification, with the simultaneous presentation of contradictory emotional cues
increasing human and machine difficulty in recognising discrete emotions (Calder et al., 2000b;
Neta & Whalen, 2010). While previous studies mainly relied on techniques to create ambiguous
stimuli, the present research introduced a new metric for quantifying ambiguity. This metric
can be applied to any emotion rating data in future research that provides a probability for a
closed set of emotion categories.

Machine recognition exceeded human performance for both types of static images. The
finding extends prior work (Krumhuber et al., 2021a, 2021b) by demonstrating a machine
advantage for classifying expressions at the peak of the target emotion as well as other time
points of the facial display (non-target images). In contrast to earlier studies showing a
reduction in machine performance for low-intensity expressions (Calvo et al. 2018, Kiintzler
et al. 2021), we found that non-target images were better recognised by the machine than
human observers despite their substantially lower prototypicality, greater ambiguity, and lower
complexity. It should be noted, however, that stimuli were drawn from standardized datasets,
which may benefit machine analysis (Pantic & Barret, 2007). Furthermore, our extraction

procedure was designed to select peak images for other emotions to examine the underlying

82



Hyunwoo Kim Chapter 2

featural parameters. Therefore, the non-target images primarily differed from the target images
in ambiguity and prototypicality, and less in complexity or intensity. Here, future work could
systematically manipulate all three parameters to better understand their impact on human and
machine recognition performance.

There is no doubt that video rating studies are costly and resource-intensive. Automatic
peak extraction may be an economic choice for addressing certain research questions by
reducing the required presentation time of each stimulus. After accounting for potential fatigue
effects in our human sample, we could present three times as many image stimuli in Study 2.1
than video stimuli in Study 2.2. This was the case even though our videos were relatively short
and standardised. As is now widely recognised in the field, there is a need to study more
ecological behaviours such as those observed in the wild (Kiister et al., 2020, 2022; Krumhuber
et al., 2017). However, naturalistic stimuli tend to be considerably longer, less standardised,
and less well-annotated (Benitez-Quiroz et al., 2016; Cowie et al., 2005; Girard et al., 2015).
Here, algorithmic approaches could help by allowing thin slices of stimulus materials to be
presented to participants. These could be static peak images or frame sequences extracted on
the basis of machine parameters. As such, AFEA may provide a valuable tool to systematically
define and extract appropriate research materials from otherwise seemingly “unwieldy”
naturalistic datasets.

While present methods for identifying peak images vary between studies (Onal Ertugrul
et al., 2022; Skiendziel et al., 2019; Stockli et al., 2017), both expert-based and algorithmic
selection may be subject to biases (e.g., human experts might discard images that appear too
ambiguous due to the presence of additional action units). Here, an algorithmic may be more
objective because each action unit is assessed separately. However, algorithmic peak selection
may suffer from other types of biases. For example, variable lighting during a video might

result in the machine missing certain peaks that a trained human expert could have recognised.
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Thus, although algorithmic approaches might be particularly helpful for studying naturalistic
datasets, further research will still be required to assess the reliability of these tools for more
“in the wild” recordings.

The present work has taken the first steps to blend AFEA with psychological research on
human emotion recognition. The results extend previous work by introducing complexity as a
novel metric of intensity that is largely decoupled from prototypicality and BET. We argue that
featural parameters such as prototypicality, ambiguity, and complexity reveal important new
insights into human vs. machine differences. Specifically, complexity is a defining feature for
humans who are likely to process expressions in a more integrated fashion. In contrast, machine
algorithms such as FACET still mainly rely on prototypicality, achieving better performance
on peak images than videos, especially if those are highly prototypical and complex, and low
in ambiguity. The present research helps inform psychological studies into the mechanisms
that underlie the dynamic advantage. Closing this knowledge might be particularly fruitful for

future work on dynamic spontaneous expressions.
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CHAPTER 3
A Systematic Review of Spontaneous and Dynamic Databases for Facial

Expression Research

3.1 Introduction

Most faces we encounter and interact with are inevitably spontaneous, containing
dynamic movements. The facial patterns and dynamic quality make spontaneous facial
expressions (FE) a communicative source in conveying various emotional meanings (Schmidt,
Cohn & Tian, 2003). Many review papers have highlighted the role of spontaneous FE in
social-cognitive and emotional processes, such as emotion recognition, empathy, and
perception (Dawel et al., 2021; Fabricio et al., 2022). Yet, much of the past research has
predominantly relied on standardised images — typically captured at expression apex (Dawel et
al., 2021). Such over-reliance may stem from methodological challenges in stimulus generation
and the limited number of publicly available datasets (Kanade, Cohn & Tian, 2000; Mavadati
etal., 2013), yielding the need for stimuli that more accurately reflect real-life facial behaviours.
Given the rapidly growing interest in spontaneous FE, numerous spontaneous facial expression
databases (hereafter referred to as FEDB) have been developed to alleviate past limitations.
Overall, the increased use of spontaneous FE has established rigorous empirical
milestones/bases of understanding real-life expressions - paired with high ecological validity
(Dawel et al., 2021). This paper aims to provide a comprehensive overview of existing
spontaneous and dynamic FEDBs, highlighting their conceptual and technical features. By
doing so, we hope to assist prospective researchers in making well-informed decisions

regarding stimulus selection.
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3.1.1 Past literature on spontaneous facial expressions

It is important to differentiate spontaneous expressions from other types of expressions,
which have been conjunctively used in previous research (Sneddon et al., 2012). In this review,
we defined “spontaneous” displays as facial expressions that have been elicited via induction
(e.g., by watching a video, hearing jokes, or playing games) or simulation (e.g., by recalling
autobiographical memories; Rosenberg & Ekman, 2020; Zhang et al., 2014). Spontaneous
expressions encompass a wide range of involuntary facial displays elicited through
experimental manipulations that resemble emotionally evoking situations in the real world
(Weber et al., 2018). Accordingly, spontaneous expressions depict (unlike posed displays)
more accurate and ecologically valid representations of facial behaviour.

While preserving the time course of emotional episodes, spontaneous expressions allow
for sufficient experimental control over contextual variations. In terms of facial features, they
are less prototypical and more ambiguous due to the high degree of idiosyncrasy and variability
between senders (Barrett et al., 2019). This flexibility do not strictly adhere to fixed signals
and therefore allows for a range of unique appearances, such as blended expressions (Calvo et
al., 2016; Calvo & Nummenmaa, 2016), or varied morphological patterns that go beyond
prototypical patterns of facial configurations (Hassin, Aviezer & Bentin, 2013; Parkinson,
2013). Such complex actions in the form of co-occurring activation of different facial muscles,
coupled with varying levels of intensity, are often an indicator of spontaneous expressions (e.g.,
Duchenne smile; Sheldon et al., 2021, but see Krumhuber & Kappas, 2022).

Spontaneous FEs are marked by distinctive temporal properties, such as relatively slow
onset and offset timing (Krumhuber et al., 2013; Schmidt, 2006). The apex of these expressions
is more fluid and less controlled than those in deliberate expressions, with variable durations
and possibly multiple apexes within a single expression (Ekman & Rosenberg, 2005; Pantic &

Patras, 2006). Subtle spontaneous FE, such as micro-expressions, last only a fraction of a
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second, indicating emotional leakage (Ekman, 2006). Such temporal characteristics highlight
the rapid, automatic nature of spontaneous FEs, which manifest without much conscious
deliberation (Schmidt et al., 2006).

The unique temporal and morphological characteristics of spontaneous FEs influence
how they are perceived, affecting attributes like genuineness, trustworthiness, and intensity
(Kocsor et al., 2019; Sauter & Fischer, 2018; Zloteanu et al., 2021). However, these factors
also present challenges for emotion recognition. A vast number of studies have shown
generally weak to moderate recognition accuracy for spontaneous expressions, whether in
static (26-38%: Motley & Camden, 1988; Naab & Russell, 2007; Yik, et al., 1998) and dynamic
formats (15-63%: Wagner, 1990; Wagner et al, 1986; Hess & Blairy, 2001). Critically, these
rates are noticeably lower than those reported for posed expressions (generally above 70%;
Calvo & Nummenmaa, 2016). Machine recognition also typically fares worse with
spontaneous as opposed to posed expressions (Yitzhak et al., 2017; Krumhuber et al., 2021).
Importantly, dynamic motion benefits the recognition of spontaneous expressions by offering
distinct temporal information for emotion discrimination (Krumhuber et al., 2023).

The complexity of spontaneous FEs may be at the root of these difficulties, as intricate
facial patterns and varying intensities introduce uncertainty in emotion recognition (Calvo et
al., 2016; Cohn et al., 2007; Ito et al., 2017). Further research has examined the complex
relationship between the morphological and temporal aspects of spontaneous FE, uncovering
how these factors interplay to shape the perception of expression (Cohn & Schmidt, 2004;
Namba et al., 2017). For example, while specific facial configurations might signal a particular
emotion, the accompanying speed and rhythm of movements can add layers of nuance to how
the expression is ultimately perceived (Pollick et al., 2003). In light of these findings, the
challenges in recognising spontaneous FE illuminate areas for further exploration. By enriching

our understanding of the subtle dynamics of temporal and morphological characteristics, they
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not only enrich our insight into human emotions but also prompt further exploration into the

mechanisms behind the perception and recognition of spontaneous FEs.

3.1.2 Past literature on database reviews

The rising interest in spontaneous FE has led to various attempts to provide a
comprehensive review of FEDBs. These efforts have illuminated a wide variety of available
databases, each presenting unique features and characteristics. Such detailed reviews have led
to significant progress in cataloguing and analysing spontaneous FEDBs, yielding valuable
insights into the current landscape of the field. Some reviews have specifically targeted
different facets of expressions, focusing on specific contexts (such as learning or driving; Li et
al., 2023; Li et al., 2022), micro-expression (Li et al., 2013; Yan et al., 2013), or encoder
demographics (e.g., Chinese; Cheng et al., 2014).

Reviews of databases embracing spontaneous FE have emerged as a critical area of
inquiry. To grasp the intricate methodological and technical details of database construction,
reviews typically focused on the size of the database (Cheng et al., 2017), encoder
demographics (Ben et al., 2022), data acquisition methods (i.e., elicitation techniques;
Levenson, 2007; Li et al., 2020, Li et al., 2022), included emotions (Qu et al., 2016), recording
qualities (e.g., resolution, frame rate; Wang et al., 2021), and annotations (Wang et al., 2010).
On the recognition side, emphasis has predominantly been focused on automated algorithmic
models used for emotion recognition (Dupré et al., 2020), with identified challenges in
constructing spontaneous FEDBs and a noticeable absence of unified evaluation standards (Jia
et al., 2021).

Despite these efforts, the unique characteristics of spontaneous FEDBs warrant a more
attentive and detailed discourse. While many reviews provided descriptive overviews (with

varying levels of technical details), they often fall short in addressing the implication of these
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features for end-users and prospective database authors. Identifying commonalities across
different groups of FEDBs is vital in guiding appropriate database selection, fostering new
development, and promoting standardised practice across the field. A systematic review of
spontaneous FEDBs can reveal unresolved gaps in the literature, contributing to a richer
understanding of everyday facial expressions. Nevertheless, an in-depth discussion of the
broader conceptual and practical implications, such as the efficacy of elicitation methods,
sample representativeness, or the comprehensiveness of included emotion categories, has often
been overlooked in prior reviews.

Additionally, while the availability of spontaneous databases continues to grow,
existing reviews (Dawel et al., 2021; Fabricio et al., 2022) still typically encompass both posed
and spontaneous FEDBs, including only a limited number of spontaneous FEDBs (between 4
to 9). The included databases are commonly centred on the most well-known databases, such
as CK+, DISFA, MMI, and BP4D. Shifting focus towards spontaneous FEDBs offers a unique
opportunity to test various predominant theories, such as appraisal or regulation theory of
emotion (Gross, 2015; Scherer, 2005), and delve deeper into the interplay between expressed
behaviour and underlying affects (Schmidt et al., 2003).

Spontaneous FEDBs, in contrast to posed ones, offer more fine-grained forms of
expressions and enable the exploration of reliable display rules (Dawel et al., 2017; Ekman et
al., 1990; Frank et al., 1993). These rules conceivably contribute to differences in a vast array
of expression perceptions (Mehu et al., 2007; Sheldon et al., 2021) and facilitate an
understanding of distinctions between posed and spontaneous expressions (Jia et al., 2021).
Furthermore, spontaneous FEDBs provide context-specific information that varies across
encoders and settings (Bénziger & Scherer, 2007; Sneddon et al., 2012).

Moreover, many reviews continue to encompass both static (typically JAFFE and

Genki; Happy et al., 2017; Wang et al., 2021) and dynamic spontaneous FEDBs, which may
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inadvertently detract from the thorough exploration of dynamic and spontaneous FEDBs.
Despite the fact that static databases have contributed to wide applications in affective science,
computer vision, and psychology, the emerging prominence of dynamic FEDBs highlights
their additional benefits.

Several studies incorporating these dynamic FEDBs emphasised a more extensive
range of spatiotemporal information, including subtle changes in facial features over time and
the spatial configuration of these features (Dawel et al., 2021; Krumhuber et al., 2017; Weber
et al.,, 2018). As a result, spontaneous FEDBs in video format have become increasingly
common in emotion recognition and perception research, exploring aspects like emotion
judgement, perceived intensity and genuineness (Xiao et al., 2014; Zloteanu et al., 2020).
Furthermore, dynamic stimulus sets play an essential role in advancing computer algorithms
designed to recognise and respond to emotional signals (Sandbach et al., 2012). Given the
growing interest in dynamic FEDBEs, there is a clear imperative to focus on this area, facilitating

a richer comprehension of spontaneous expressions.

3.1.3 Aims of present research

Facial expression research has steadily progressed toward more realistic stimuli,
resulting in an increasing number of spontaneous and dynamic FEDBs. Despite this trend, no
paper exists to date that would provide a systematic review of relevant stimulus sets. Such an
attempt requires meticulous consideration of multiple aspects such as the number of emotions,
elicitation techniques, annotation method, and type of validation. The present paper aims to
address this knowledge gap by providing a comprehensive overview of existing spontaneous
and dynamic FEDBs, identifying key dimensions and properties of the available sets: (a)
conceptual features (Table 3.1), which reflect the thematic approaches in database construction

and validation (b) technical features (Table 3.2), which include methodological considerations,
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such as experimental controls and recording setup), and (c) practical features (Table 3.3),
which entail information about access to each database. In addition to providing details on each
dataset, the discussion addresses the strengths and limitations of different approaches and
techniques, as well as conceivable directions for future research on spontaneous expressions.
By doing so, this review serves as a useful guide for researchers, assisting in the informed

selection and tailoring of the stimuli suitable for specific research needs.

3.2 Methods

3.2.1 Literature search

The search for relevant articles entailed an exploration of pertinent literature from June
2019 to September 2022. The search procedure was built on a refined syntax which aligned
with the strategies frequently employed in emotion research. The search terms were curated to
focus exclusively on the studies of human faces published after 1990. This timeframe was
chosen in light of the recent surge of interest in spontaneous and dynamic FEs.

The syntax for the search was crafted using a composition of keywords synonymous
with spontaneous and dynamic facial expression databases. Keywords were interlaced using
the Boolean operators “AND” and “OR”, thereby enhancing the scope and depth of the search.
To concentrate our efforts on highly relevant materials, we constrained our search to titles and
abstracts, represented by “[tiab]”, while the truncation symbol “*” was deployed to
accommodate all derivatives of a keyword (e.g., mov*: move, moving, movement).

The composite of this meticulous process resulted in the following search syntax:
(spon* OR natural OR genuine OR authentic* OR real* OR involuntary OR induc®) [tiab]
AND (dynamic* OR mov* OR motion OR action OR video) [tiab] AND (face OR facial OR

emotion™ OR affect™ OR nonverbal* OR physio™®) [tiab] AND (express* OR behaviour* OR
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display* OR visage OR present®* OR manifest* OR feature OR communication) [tiab] AND
(data* OR corp™* OR collection) [tiab].

Inclusion in this systematic review was predicated on stringent selection criteria: (a)
publications dating from 1990 to 2022, (b) peer-reviewed articles or conference proceedings
(not abstracts), (c) public accessibility of database, (d) sufficient provision of database details
(e.g. elicitation method, emotion, modality etc.), (e) recordings of real human encoders, (f)
facial stimuli either with or without body gestures in visual or audio-visual modality, (g) at
least one emotion depiction (either basic or non-basic emotion) and, (h) dynamic stimuli in the
form of videos or image sequences. Conversely, papers that featured a non-publicly available
stimulus sets that were not written in the English language or showcased artificial faces or those
that were partially obscured/displayed under suboptimal conditions (e.g., point-light displays)

were excluded from the current review.

3.2.2 Data sources and selection

The search procedure was primarily centred around three focal search
engines/databases: Psychinfo, PubMed, and Web of Science, spanning the period from 1990 to
September 2022. To broaden the search spectrum, supplementary platforms such as Google
Scholar and Al-integrated search tools (including Elicit.org) were also used. We further
undertook a manual examination of previous review papers and reference lists pertaining to
FEDBs for potential inclusion in this research.

All retrieved articles were subsequently imported into Zotero reference management
software to systematically handle the search results and streamline the removal of duplicates
across various sources. The literature selection protocol adhered strictly to the Preferred
Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA; Moher et al., 2009)

guidelines, a structured approach offering a robust framework for segregating pertinent
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literature. Buffering a stepwise approach for segregating appropriate literature for review, we
conducted the following four main steps: (1) sourcing literature that described spontaneous
FEDBs from diverse sources, (2) a preliminary screening of titles and abstracts to gauge their
relevance, (3) an exhaustive full-text review to confirm eligibility, and (4) finalising the
selection of databases to be included in this review.

The initial search yielded 1,414 records, of which 355 were derived from PsychINFO,
589 from Web of Science, 394 from PubMed and 92 from other sources (see Figure 3.1). Post-
review of tables and reference lists led to an additional inclusion of 20 studies. Duplicate entries
were systematically removed, leaving 991 papers for title and abstract screening. Among those,
786 papers were deemed irrelevant, reducing the pool to 205 papers for a thorough full-text
review. Following this in-depth analysis, 143 articles were disqualified for not meeting the
predetermined inclusion criteria. The refined list comprised 62 papers that qualified as publicly

available spontaneous and dynamic facial expression stimulus sets (Figure 3.1).
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Figure 3.1. PRISMA flow diagram used to conduct the systematic literature search.

3.3 Conceptual features

This section reviews the thematic approaches that inform the development and

validation of spontaneous and dynamic FEDBs. It aims to elucidate the conceptual features that

characterise each database, i.e., emotional content and elicitation technique, encoder

demographics, and measurement. To guide the selection process, Table 3.1 summarises key

conceptual aspects that demonstrate the scope and potential applicability of each FEDB.
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3.3.1 Emotional content and elicitation techniques

When selecting a suitable FEDB, it is important to ascertain whether the database
contains relevant information for specific research needs (Wagner, 1997). The choice of
spontaneous FEDBs typically depends on how well they convey information that can represent
real-life expressions and whether the emotion can be detected by observers (Calvo &
Nummenmaa, 2016). Depending on the aim of the research, researchers may find that some
FEDBs may be more or less suitable to meet specific goals or requirements.

A review of prevailing emotional concepts indicated a marked preference for the
categorical paradigm, with approximately 70% of FEDBs adopting this approach. It operates
under the presumption that each expression signifies a distinct emotion that is mutually
exclusive from others (Ekman & Cordaro, 2011). Within this paradigm, a few discrete
categories represent a broader family of emotions, demarcated by stringent criteria (Cowie et
al., 2001). Typically, these categories consist of three to six basic emotions as outlined by Basic
Emotion Theory (BET; Ekman, 2005; Keltner et al., 2019) and often feature a neutral face as
a baseline facial display. In some databases, emotions such as anger and fear are omitted (e.g.,
DISFA, ISED, LIRIS-CSE) likely due to their difficulty of induction in the laboratory, and/or
replaced by contempt (SAFE-FE). The categorical approach ensures that each emotion stands
out clearly (Calvo & Fernandez-Martin, 2013), making this type of stimulus set particularly
suitable for emotion recognition studies (Krumhuber et al., 2017). Despite BET paradigms
remain influential (Cordaro et al., 2018), they face growing criticisms for oversimplifying the
diverse nature of human emotions (Barrett et al., 2019; Krumhuber et al., 2013).

Acknowledging these constraints, subsequent FEDBs have broadened their scope
beyond the basic emotion categories (e.g., BP4D+, DECAF, DynEmo), integrating additional

states like boredom and confusion to indicate various levels of engagement during expression
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elicitation. Some databases also include subtypes of emotions such as amusement, enthusiasm,
and liking, thereby representing different degrees of arousal that might be overlooked if generic
labels (i.e., happiness) alone were used (Russell, 1980). This approach enriches the emotional
content of FEDBs, offering more diverse portrayals of emotions similar to those encountered
in daily life (Calvo & D’Mello, 2010; Krumhuber et al., 2017). For example, emotions like
satisfied, excitement or being moved are bundled under the generic label of ‘happiness’ in BET,
although they may represent different emotional states (Del Libano et al., 2018). The inclusion
of nuanced emotions also facilitates a deeper examination of composite emotion blends, such
as joyful surprise or happy cry (Zhang et al., 2014).

In total, existing FEDBs capture 46 different discrete categories. While this diversity
includes various non-basic emotions prevalent in real-life social interaction (e.g., ‘new basic
emotions’; Cordaro et al., 2018; Keltner et al., 2019), some categories may not necessarily
reflect affective sates but rather cognitive or engagement states (e.g., concentration, puzzlement,
nervousness, thinking, fatigue). This expansion brings its challenges. Amplifying the range of
emotional categories inherently introduces complexity to the annotation process due to the lack
of universally agreed-upon criteria. Furthermore, automated systems processing these FEDBs
may necessitate substantial computational power, which could pose challenges in terms of
storage and system performance (Kiintzler et al., 2021).

On the other hand, around 20% of FEDBs are highly specialised by focusing on one to
three emotion categories in alignment with specific research interests (e.g., EmoPain,
Vinereactor, PDSTD). These emotions were most often happiness/amusement, sadness, and
pain. The prevalence of these three emotions in specialised databases may stem from their
distinctiveness and easy recognisability, which are often used as benchmarks in emotion
research. Happiness/amusement, for example, is typically associated with clear (often

universally recognised; Leppdnen & Hietanen, 2004) facial cues such as smiling or laughter.
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Sadness and pain, while more complex, are also associated with specific facial expressions that
are relatively consistent across individuals (Boucher, 1969; Kunz et al, 2008). These emotions
represent fundamental aspects of human experiences, encompassing a range of positive and
negative states, which may be why they are frequently the focus of specialised emotion research.

The narrow scope of these databases enables a more detailed exploration of the
subtleties and nuances associated with each targeted emotion. Additionally, concentrating on
fewer emotions may facilitate the collection of a larger number of portrayals for specific
emotions (AM-FED+, MAHNOB-laughter). However, the specialised nature of these
databases may not provide a comprehensive understanding of the wide array of human
expressions and may limit opportunities for comparative research across diverse emotional
states. Furthermore, such databases may not be ideal when the research objective involves
understanding the relationship or co-occurrence of different emotions, given their limited
emotional scope.

While specialised and large-scale FEDBs provide fundamental data for emotion
research, the richness and quality of expressions within databases are significantly shaped by
the elicitation methods employed to induce emotions. Given the methods used to elicit
emotions are crucial in determining the utility of databases, striking a balance between
capturing spontaneous behaviour and maintaining data quality necessitates meticulous
elicitation protocols. These protocols must carefully manage the trade-off between
experimental control and the naturalness of the encoder’s responses (Fanelli et al., 2010).
Overly stringent control in the recording environment can inhibit the encoder’s natural
expression, while an overemphasis on naturalness can introduce noise into the data. A variety
of emotion elicitation techniques (i.e., passive and active inductions) have been proposed to

strike this balance, each offering unique advantages.
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As can be seen in Table 3.1, over 90% of the FEDBs utilised passive induction
techniques, thereby capturing encoders’ responses to predetermined emotional stimuli
designed to provoke an instant reaction. Multimedia stimuli, including sound, still images,
videos or even texts, have demonstrated effectiveness in inducing emotions (Brave & Nass,
2002). Of these, emotional images or video clips remain the most prevalent stimuli across
FEDBs (Gross & Levenson, 1995; Schaefer et al., 2010).

Images are often sourced from the International Affective Picture System (IAPS; Lang
et al., 2005), a comprehensive collection of emotionally provocative photographs. IAPS covers
a broad spectrum of emotional categories and intensities, facilitating the elicitation of diverse
emotional responses. Notably, while images offer a snapshot of affect-relevant moments, they
may not encapsulate the dynamic progression of emotional events (Devilly et al., 2021; but see
Uhrig et al., 2016).

In comparison, videos provide a multisensory experience through moving scenes,
auditory cues, and emotional context, thereby conveying more immersive and holistic
emotional narratives (Gross & Levenson, 1995). Various sources, such as YouTube, TV shows
and films, are often used to obtain emotionally connoted video materials. Consequently, they
often evoke more intense and pronounced emotional responses that are found to be stronger
than those elicited by images (Horvat et al., 2015).

These visual stimuli, tailored to provoke an instant reaction from encoders, have
garnered empirical support for their efficacy in emotion induction (Brave & Nass, 2002; Gross
& Levenson, 1995; Schaefer et al., 2010), showing a robust alignment with encoders’ self-
reported emotions, physiological responses, and neural correlates (for a review, see Siedlecka
& Denson, 2019). FEDBs employing this approach capture expressions that closely resemble
natural facial behaviours while maintaining the requisite control over recording environments

(Coan & Allen, 2007). As a result, these databases often stand as the preferred method of choice
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for encoding studies (Scherer & Ellgring, 2007) by exhibiting observable facial manifestations
that tightly reflect authentic affective experiences (Zloteanu & Krumhuber, 2021). This
advantage carries over to decoding studies by furnishing an objective and reliable emotion label
with consistency, which can serve as a robust benchmark for testing recognition rates. This
precision enables researchers to assess how accurately individuals or machines can discern the
displayed expression, thus advancing our understanding of emotion perception and recognition.

Despite those advantages, paradigms that rely solely on the viewing of visual stimuli
can constrain the range of facial responses, overlooking the variability of real-world emotional
experiences (Zupan & Eskritt, 2020). To address this potential limitation, several databases
(e.g., BINED, BioVid, BP4D+, DynEmo) have diversified their elicitation techniques,
incorporating interactive and actively engaging tasks (e.g., touching unknown objects in a box,
smelling unpleasant odours, playing games). For specific emotions like pain, tasks inducing
discomfort (such as the cold pressor task or arm rotations) have been used (Aung et al., 2016;
Littlewort et al., 2007). These innovative approaches allow researchers to better capture
complex emotional states such as secondary or self-conscious emotions (e.g., embarrassment,
pride, pain), resulting in a wider spectrum of emotions beyond the basic six emotions. Such
expansion also facilitates a context-sensitive analysis of emotional reactions, where individuals
may respond differently as a function of the situation, the environment, or the presence of other
people (Hamann & Canli, 2004; Koval & Kuppens, 2012). These databases are particularly
valuable for formulating and advancing deep-learning models of emotion recognition (for a
review see Bian et al., 2023), which seek to enhance human-computer interaction through
metadata about the emotion-inducing context (Sneddon et al., 2012).

Beyond traditional induction methods, some researchers are exploring alternative
techniques, such as autobiographical recall. While the majority of FEDBs exclusively employ

induction-based elicitation techniques, such an approach restricts our understanding of FEs to
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predetermined contexts, primarily within laboratory settings. To broaden the scope,
autobiographical recall of personal memories offers a well-validated method that bypasses the
constraints of induction tasks (Levenson, 2007; Siedlecka & Denson, 2019). The imagery-
based nature of this technique allows for flexible contextual representations, which may be
challenging to elicit under laboratory conditions (El Haj et al., 2018). Moreover, while
induction-elicited expressions often exhibit specific behavioural patterns (e.g., eye fixation on
screen), self-appraised emotional experiences can enhance the diversity of expressions,
potentially offering greater ecological validity (Philippot, Schaefer & Herbette, 2003).

These insights into the methods and techniques of emotion elicitation demonstrate the
multifaceted approach required to study human emotions. The balance between passive and
active techniques, laboratory control, and real-world applicability can provide a landscape for

future research.

3.3.2 Encoder demographics

Among the databases reviewed, the number of encoders varies considerably, from a
minimum of 7 (SPOS) to a maximum of 416 (AM-FED+). This significant variation reflects
the diverse research priorities and resource constraints inherent in different databases. Datasets
with fewer encoders tend to incorporate more recordings per individual (e.g., SPOS,
FEEDTUM), allowing for the exploration of intra-individual variability in emotion expressions.
This approach is particularly valuable for examining the coherence between the experience and
expression of emotion within an individual, and how person-specific factors (e.g., personality
traits) may affect this relationship. In contrast, datasets with a larger subject pool (e.g., BINED,
EB+) can better capture inter-individual variability in facial behaviours. This is vital for
developing affective computing systems that are robust to individual differences in facial

features and generalize effectively to new faces. Despite the large variation in sample size,
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most databases show a preference for medium numbers of encoders ranging from 40 to 90,
suggesting a trend towards databases that balance a larger, yet feasible, number of encoders.

Another notable trend across datasets is the overrepresentation of young adults
(approximately 50%), possibly driven by the convenience of recruiting within academic
settings. Merely a subset of databases contains a wider age span (e.g., BP4D-spontaneous,
BP4D+, EB+). While this trend might seemingly represent a demographic snapshot, it risks
obscuring the influence of age on emotional expression including factors such as cognitive
maturation/decline, muscle atrophy, and wrinkles (Houstis & Kiliaridis, 2009; Ko et al., 2021).
This skewed representation presents a potential gap in understanding the nature of facial
expressivity in children and older adults. To compensate for this marked preference, some
databases have expanded their recruitment criteria to include a wider age range, enriching their
sample size and providing a more inclusive representation of the age spectrum (e.g., 4DFAB,
UvA-Nemo). Certain databases have targeted specific age groups like children (ChildEFES,
LIRIS-CSE); nonetheless, the underrepresentation of the elderly population persists.

Most databases have a fairly equal representation of male and female encoders,
although some are slightly skewed towards one gender group (e.g., NVIE, UT-Dallas).
Balanced gender ratios are paramount for stimulus development to reflect known differences
in emotion processing between the sexes (Wiswesser et al., 2018). Despite efforts to
incorporate diverse ethnic backgrounds, there remains a skewed focus on White/Caucasian and
Asian encoders, likely reflecting the geographical location of data acquisition. While this
approach provides valuable insights into culture-specific differences in expression, it poses
challenges to the broader cross-cultural generalisability of a dataset. The representation of
diverse ethnic backgrounds is of particular importance for spontaneous facial expressions,

which may be subject to cultural dialects (Elfenbein et al., 2007).
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3.3.3 Measurement and annotation

The effectiveness of elicitation techniques is profoundly tied to the accuracy and
comprehensiveness of annotation (Lucey et al., 2010). Databases must accurately specify the
emotional content of recordings, otherwise, they risk becoming a mere collection of stimuli
without interpretational value (Sneddon et al., 2012). However, data annotation is a labour- and
time-intensive task that demands considerable effort by the experimenter, such as determining
the labelling criteria which remain to date an open question (Fanelli et al., 2010). This process
might be further complicated by the subtlety and complexity of spontaneous expressions.
Having well-annotated videos of facial behaviour considerably amplifies the value of a
database, especially for affective computing research which relies on the training and testing
of machine algorithms (Zhang et al., 2014). Additionally, annotation assists database users in
selecting stimuli corresponding to specific features of interest.

As illustrated in Table 3.1, most databases provide annotation to some extent, serving
as empirical ground truth for facial expressions. These annotations commonly adhere strictly
to predefined emotion categories (e.g., basic six emotions) or dimensions and align with the
emotion-inducing stimulus designed to elicit an affective reaction (Lucey et al., 2010). This
adherence fosters uniformity and comparability across databases, providing a systematic and
validated framework for interpreting FEs. While access to well-labelled data enables a
systematic and validated framework for interpretation, annotation in terms of only one emotion
category can be problematic, especially when there is an inconsistency between what is shown
on the screen (e.g., an amusing scene) and what is experienced by the encoder (e.g., surprise,
disgust). To avoid the potential risks of oversimplifying multifaceted emotional states, it is
imperative to treat data labels with caution (Fanelli et al., 2010; Zhalehpour et al., 2017).

A subset of databases has integrated a more holistic approach that combines nominal

categorisation of emotions and facial patterns to enrich the understanding of FEs (Gerardo &
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Menezes, 2019). Here, the Facial Action Coding System (FACS; Ekman et al., 2002) might
prove useful for analysing subtle and complex facial configurations (e.g., in BP4D+, EB+,
MMI). Approximately 30% of FEDBs have adopted FACS coding to comprehensively
quantify facial behaviours in terms of action units (AUs). Unlike other annotation approaches
relying on a limited set of predefined emotion labels, FACS directly measures observable AUs
without presumptions about the underlying affective state. This enables greater flexibility in
interpreting facial behaviours from a broader perspective, especially in the context of
spontaneous expressions, where complex combinations of AUs often involved. Also,
researchers can refer to the extensive empirical evidence linking AUs to a wide range of
affective states that might otherwise be overlooked by fixed emotion categories.

Despite the advantages of various annotation approaches in exploring and validating
different theoretical spectrums, each method comes with its unique challenges. An ideal
database would incorporate both emotions and AU annotations to maximise its potential utility
(e.g., DSME-3D, SAMM). The implementation of these diverse methods requires careful
consideration, and often human annotators play a critical role in the process.

For meticulous and reliable annotation, employing a diverse range of annotators - from
naive observers to individuals specifically equipped with FACS coding skills - is recommended.
Naive observers, despite their lack of formal training, can offer valuable insights into the
general population’s perception of FE. Their judgement can serve as a useful reference point
for understanding how FEs are interpreted in everyday contexts. In contrast, FACS-trained
coders bring a higher level of reliability and objectivity, adhering to a strict coding framework
that reduces personal interpretation and potential biases, thus enhancing the overall quality of
the FEDBs (Ekman et al., 2002). Their ability to decipher complex and mixed emotions
(Sayette et al., 2001), which often poses challenges to untrained human annotators (Naab &

Russell, 2007), is an additional significant advantage.
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Irrespective of the chosen annotation method, it is crucial to secure a robust level of
agreement among annotators to ensure consistency and validity in the assignment of
emotion/AU labels. Various statistical measures, such as Fleiss” or Cohen’s Kappa or other
analyses like intra-class correlation (ICC), have been implemented to ascertain interrater
agreement.

In addition to human annotators, approximately 10% of databases employed semi-
automated approaches, where automated facial expression analysis (AFEA) tools aid in
streamlining the annotation process, enabling the efficient management of annotating large
volumes of recordings. AFEA tools bring remarkable computational efficiency, allowing the
processing of vast FEDBs in a fraction of the time that manual annotation would require (Pantic
& Rothkrantz, 2004). Their capability in the simultaneous analysis of emotions, in addition to
AUs, is an appealing feature of their algorithmic sophistication (Bishay et al., 2023).
Nevertheless, it is important to note that the effectiveness of AFEA tools is intertwined with
the quality of training data and the robustness of the algorithms utilised (Dhall et al., 2012).
This highlights the indispensable role of human researchers in ensuring good-quality

automated annotations.

3.3.4 Evaluation methods

To validate the emotional content of recordings, most FEDBs provide self-reports of
subjective states as a resource for stimulus assessment. This introspective approach allows
encoders to articulate their feelings, offering a convenient, albeit not always reliable (Cowen
& Keltner, 2017), window into a person’s emotional experience. These methods frequently
employ categorical ratings, enabling individuals to classify their feelings into distinct sets such
as the basic six emotions. Complementing this, self-observation of an encoder’s own FEs

merges internal emotional states with external manifestations (e.g., CASME II), weaving
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together a comprehensive narrative of emotion display. Moreover, encoders were asked to
provide their emotional recognition of elicitation stimuli (e.g., DEAP, OL-SFED), predicting
the intended emotional induction and thus offering insights into the dynamics of how specific
stimuli can elicit particular emotional responses. Some databases (e.g., BioVid, Emognition,
PPB-Emo) have integrated continuous ratings in which affective states are mapped onto
dimensional spaces including valence and arousal (and dominance) to capture subtle variations
and gradations inherent in affective states (Russell, 1980). Some databases (e.g., PEDFE,
DynEmo) further measure emotion genuineness and action readiness (e.g., approach,
avoidance), offering valuable insights for distinguishing between posed and spontaneous
expressions and evaluating behavioural intentions.

While these mentioned tasks contribute fine-grained emotional details from the
encoders’ perspective, inherent challenges rooted in subjectivity persist (Matsumoto & Ekman,
2010), thereby necessitating complementary external observation to obtain an objective quality
of emotional experiences.

The emotional content of recordings can also be validated by external inferences from
human observers or machine recognition. Consensus judgments by naive observers, who are
asked to classify expressions, are typically considered to be more objective because they are
less prone to social desirability and memory biases. In line with annotation, the majority (52%)
of databases used categorical emotion recognition, while only five databases incorporated
dimensional ratings. A mere 6% of FEDBs include both discrete and dimensional ratings. This
tendency again emphasises a preference for discrete emotion paradigms, which may be due to
their simplicity and straightforward interpretation. Furthermore, nearly 30% of databases
evaluated AU recognition by using AFEA.

Naive human observers, although deployed in only a handful of databases (e.g., PDSTD,

PEDFE), play a critical role in complementing the intrinsic and subjective nature of self-reports
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by encoders. Their judgements bridge the gap between subjective and objective, internal and
external ratings, enabling a more comprehensive database evaluation. However, the forced-
choice paradigm often used for categorical emotion recognition may result in lower ecological
validity by suggesting the use of emotion labels that might not otherwise be chosen (Russell,
1993; Wagner, 1997). Also, the cost and effort associated with collecting data from human
participants can be large. For this reason, AFEA stands out as the primary evaluation method
for the majority of databases (e.g., EB+, Emognition, iSAFE). AFEA classifiers extend the
scope of emotion recognition beyond human capabilities, offering a standardised and efficient
approach for processing large amounts of data. AFEA can provide both discrete and continuous
ratings of emotions and AUs.

These classifiers, whether in-house or commercial software, play a significant role in
the foundational methodology of database evaluation. However, their effectiveness is
contingent on the quality of training data, and the robustness of the algorithms utilised (Koelstra
et al., 2010). While AFEA efficiently captures facial movements, they often overlook
contextual information, a crucial dimension for emotion recognition (Calvo & Nummenmaa,
2016). Despite the advantage given by the precision of AFEA, human annotation remains
valuable for validating algorithms and addressing challenges that automated approaches cannot
yet handle well.

For all validation techniques, it is crucial to note that an over-reliance on any single
approach for measuring or labelling facial behaviours can be problematic. Emotions represent
multifaceted processes that cannot be adequately processed by a single system (Gross & John,
1997). For instance, inconsistencies may emerge in how emotions are experienced, expressed,
or perceived due to social norms that down- or up-regulate different components of emotional
responses (Bonanno & Keltner, 2004; Eisenkraft & Elfenbein, 2010). To avoid oversimplifying

the intricate nature of emotional experiences, it is imperative to utilise and integrate multiple,
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complementary methods to thoroughly measure and validate the relations between emotions
and facial behaviours. Some databases (e.g., PEDFE, iSAFE) have adopted such a
comprehensive framework by incorporating self-report data, observer ratings, and FACS

coding, which maximise the potential utility of FEDBs.

3.4 Technical Features

This section reviews the technical features of FEDBEs, i.e., stimulus numbers, technical
controls and duration, frame rate and resolution, and modality. These features are crucial for
the utilisation of FEDBs in human studies as well as for human-computer interaction. Table

3.2 provides a summary of these technical features for each dataset.

3.4.1 Stimulus number and technical control

The strategic development of a diverse range of emotional portrayals within FEDBs
relies heavily on the active and thoughtful participation of a sufficient number of encoders.
However, preserving data quality while simultaneously expanding the breadth of emotional
portrayals is challenging. Databases vary considerably in the number of captured expressions,
with the total amount of recordings ranging from as few as 26 (i.e., Face of Pain) to as many
as 3455 (i.e., Vinereactor). Overall, most databases depict high numbers of recordings
(approximately 400 to 700), indicating a wide spectrum of facial expressions being captured.
Large stimulus numbers are particularly important for the training and testing of computer
models sufficiently robust to stimulus variations. They can also act as a benchmark for
comparing different expression recognition algorithms (Turk & Pentland, 1991; Valstar et al.,
2015, 2017).

The recording environment plays an important role in the size of the database.

Traditionally, most FEDBs have been cultivated in laboratory settings with a feasible number
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of encoders (mostly 20 to 90; see Table 3.2). Alternatively, some databases have opted for a
remote approach, where participants are recruited online through crowdsourcing platforms
(e.g., AM-FED+, Vinereactor). While remote recording alleviates recruiting difficulties and
potentially offers more representative portrayals, it may simultaneously introduce potential
noise due to technical constraints, such as inconsistent recording quality or visibility of the face
(McDuff et al., 2019). Unique challenges in different recording planforms underscore the
importance of meticulous control over the environment to ensure data quality. The decision to
adopt one approach over the other during the construction of the database is strategic and
should align with the intended research applications of the database.

It is worth noting that despite the logistical constraints of engaging a large number of
participants for lab-based recordings, databases such as BP4D+ and BINED have successfully
maintained a larger encoder pool and high-quality recordings. Besides environmental settings,
recording conditions, such as camera resolution and frame rate, are essential in capturing
intricate details of FEs. High resolution is particularly important for recording spontaneous
expressions, which are characterised by their heterogeneous nature and subtle variations

(Namba et al., 2017; Pfister et al., 2011).

3.4.2 Stimulus features

With regard to the recording quality, most databases utilise medium (640 x 480) to
high-resolution (1920 x 1080) cameras. The latter captures more detailed changes in the
morphological features (e.g., shapes & textures) of facial behaviour, which is crucial for the
accurate representation of emotional states, particularly in the case of micro-expressions (Li et
al., 2022). While lower resolution may sacrifice detail (Han et al., 2020), it can still be
beneficial for training algorithms due to their smaller data size and easier manageability.

Nevertheless, nominal resolution is particularly important for fine-grained analysis of

108



Hyunwoo Kim Chapter 3

spontaneous expressions, which often manifest heterogeneous and subtle facial configurations
(Namba et al., 2017; Pfister et al., 2011). Therefore, a thoughtful calibration of recording
resolution, considering the trade-offs between the level of details and computational demands,
can optimise the quality and broad utilisation of FEDBs.

Frame rate refers to the number of frames recorded per second (fps). The higher the
frame rate, the smoother and more fluid the facial movement appears to be. Therefore, the
frame rate of recordings substantially determines the amount of temporal information
encapsulated within FEDBs. The majority of FEDBs typically employ frame rates within the
range of 30 to 60 fps, effectively balancing visual clarity and methodological efficiency (see
Table 3.2). Such a trend implies that these frame rates are adept at capturing the sophisticated
temporal dynamics inherent in spontaneous FEs, particularly the subtle and swift changes
indicative of complex emotions. Some databases (e.g., CASME II, SAMM) opt for notably
higher frame rates (100 to 200 fps), specifically equipped to accurately capture fleeting micro-
expressions that persist only for a fraction of a second (Davison et al., 2018; Yan et al., 2014).
A higher frame rate is preferred for capturing and analysing the dynamic trajectory of
spontaneous displays (Krumhuber et al., 2023), which provides a more vivid depiction of how
facial expressions unfold and progress over time (Leonard et al., 1991). The enhanced temporal
resolution also facilitates the identification of rapid and transient facial movements that might
be easily missed at lower frame rates.

Lastly, there is variability across databases in the duration of portrayals, ranging from
0.5 seconds for micro-expressions (e.g., SMIC) to 15 minutes (DynEmo). Extended durations
intuitively offer more information. However, long videos can also encompass periods devoid
of emotional content, especially if the encoder is recorded throughout the entire elicitation tasks
(e.g., Emognition). Such non-emotive periods can introduce noise to the data, potentially

complicating the analysis and recognition of facial expressions. For this reason, most databases
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have segmented their recordings, thereby concentrating on key expressive phases from onset

to apex and offset.

3.4.3 Recording features

The strict control of recording environments that induce emotional expressions
effectively mitigates the influence of extraneous variables. Factors such as ambient noise,
lighting conditions, or distractions can be minimised, creating an environment that is optimally
equipped for emotion elicitation (Fanelli et al., 2010; Gallagher, 2016). The ideal database
strikes a balance between the quantity and quality of data, ensuring technical accuracy while
maintaining the ecological validity of elicitation environments.

The recording setting is a prerequisite for ensuring data quality, with particular
emphasis on lighting conditions and background consistency. Many databases (approximately
65%) have implemented additional lighting sources to establish stable illumination (see Table
3.2). The nature of these sources varies from stand lamps to LED lights, often placed next to
the camera (e.g., CASME, ISED, NVIE). Stable lighting has profound implications for FE
recognition. The direction, intensity, and colour of lights can significantly impact face
processing. For instance, well-balanced illumination can enhance the clarity of facial features,
thereby augmenting the recognisability of FE (Shi et al., 2011). Conversely, extreme lighting
conditions, such as dim or overly bright lighting, can obscure the face from the surrounding
environment (Koringa et al., 2017). As corroborated by several studies, illumination stability
positively influences recognition accuracy (Stratou et al., 2011), while flickering or varying
lights can hinder recognition (Wang et al., 2013; Nguyen et al., 2014). This highlights the
significance of stable lighting in the quality of FEDBs.

Across all databases, controlling the recording background is common practice (see

Table 3.2). Converging evidence suggests that visual factors, including the colour, complexity,
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and composition of the background, can significantly modulate the FE processing. For example,
a high-contrast colour used in the background can accentuate FEs, thereby facilitating their
recognition (Minami et al., 2018). Conversely, complex backgrounds may detract attention
from the face, impeding recognition (Righart & De Gelder, 2008; Sannikov et al., 2017). Social
factors, such as the presence of other people in the background, have also been shown to
influence the interpretation of FEs (Kret & Gelder, 2010; Wieser & Brosch, 2012). In

consequence, most databases have used plain backgrounds to improve standardisation.

3.4.4 Modality

Facial expressions serve as a powerful means for the transmission and interpretation of
emotional states. Consequently, databases have predominantly focused on visual cues of
expressed emotions (i.e., images, videos, or image sequences). However, other modalities such
as audio (or audio-visual) and physiological signals offer equally significant insights into
affective states (Juslin & Laukka, 2003; Vanny et al., 2013).

Audio signals are a rich source of cues for emotion recognition, particularly when visual
cues are ambiguous (He et al., 2020). As a consequence, some databases include the sound of
stimulus material to provide additional indicators of the intended emotion (Miolla et al., 2022).
Others have recorded encoders whilst speaking (e.g., BAUM-1, HUMAINE) or discussing the
elicitation stimulus (e.g., CAM3D, RECOLA, RU-FACS). Vocal cues, such as tone of voice,
pitch, and speech patterns, supplement the information that cannot be captured by FEs alone
(Scherer et al., 1985). The moving mouth is also a crucial region for conveying various
emotional expressions (Barrett et al., 2019; Mehu & Scherer, 2015). This multimodal
combination of facial and vocal cues is integral to emotion recognition, as they are

interconnected and mutually informative.
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In addition to vocal cues, the assessment of physiological responses, such as heart rate
(HR), skin conductance level (SCL), electroencephalogram (EEG) and electromyography
(EMGQG), is becoming increasingly popular (26%). The integration of these modalities offers a
comprehensive and nuanced depiction of emotional responses, providing invaluable
information when facial or vocal cues alone are insufficient (Bulagang et al., 2020; Kim &
André, 2008). These indicators may be particularly pertinent for distinguishing between
emotions like fear and surprise, which share similar facial actions (Zhao et al., 2017).
Furthermore, physiological signals can reveal emotional responses that may not be overtly
expressed through facial or vocal cues (Kim & André, 2008; Kreibig, 2010). However, data
acquisition and synchronisation are challenging, thereby limiting the practicality of this type
of recording in large-scale studies. As a result, most databases with this modality tend to have
smaller encoder sizes, mostly between 16 and 50 (Video-fNIRS, Emognition). Despite these
challenges, the multimodality of FEDBs presents a promising avenue for advancing the field

of emotion expression research beyond what can be learned from a single modality.

3.5 Practical features

Committing to open science principles promotes knowledge sharing and offers long-
term benefits for future research. To facilitate the utility of publicly available stimulus sets, this
section provides practical information about dataset accessibility while emphasising ethical
compliance for data usage. Table 3.3 summarises information on how to access the datasets
and potential ethical restrictions to be considered.

To fully leverage the usefulness of spontaneous FEDBs, a multifaceted approach needs
to be adopted that considers various factors. The accessibility and transparency of the data are
fundamental for maximising the utility of a database. To this end, most databases provide

access through a dedicated website link (see Table 3.3). These platforms often detail the
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database’s key features and offer additional information (e.g., experimental manipulation,
annotation) beyond the published article. In addition, the author’s email address serves as an
initial point of contact for inquiries about the database. Transparency and accessibility are
instrumental for replication and validation purposes of research findings, thereby enabling
informed decisions about the appropriate use of databases.

Several databases adopted the Open Science Framework (OSF), a platform designed to
promote transparency, accessibility, and reproducibility in scientific research (Open Science
Collaboration, 2015). The principles of open science can be applied to the creation of new
databases as well as the maintenance of existing FEDBs. Transparency in the creation
procedure can increase the awareness of researchers in terms of database characteristics,
enabling them to determine the utility of the stimulus set for different contexts, cultures and
machine algorithms.

Researchers have adopted various practices to ensure the ongoing distribution of
datasets while safeguarding the responsible and ethical usage of datasets. Many databases
mandate a signed End User License Agreement (EULA) to protect participants’ rights and
prevent potential data misuse. As such, most datasets are restricted to academic research
purposes only, with additional consents required for commercial use (e.g., BP4D). These
EULA forms can be accessed through the website links or by directly contacting database
authors through the email address listed in Table 3.3.

Moreover, some databases are directly distributed through the Open Science
Framework (OSF) platform without requiring any EULA. This practice streamlines data
acquisition by removing administrative barriers and bypassing lengthy processes of obtaining
ethical approval. Adherence to open science practices also offers long-term benefits to future
database users by ensuring sustained access to data well beyond the initial publication date. By

embracing these principles, database authors can guarantee the continued distribution of their
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data, thereby promoting knowledge distribution and collective advancement of the field in
facial expression research.

Finally, it is important to note that almost all FEDBs restrict their use to academic
purposes, ensuring that the data is used in line with the intended purpose of advancing academic
research. Some databases (e.g., BP4D-Spontaneous, BP4D+, EB+) impose handling fees for
data maintenance and delivery for over 10TB data. The EULA and access fees may also help
to maintain the quality and consistency of the data and protect the rights of the participants

involved, by ensuring that the data is used responsibly and ethnically.

3.6 General Discussion

In the last two decades, there has been a major shift in facial expression research
towards more ecologically valid facial stimuli (Krumhuber et al., 2023). Unlike posed displays
depicting highly standardised portrayals to maximise their recognisability, spontaneous
expressions do not involve fixed signals of emotion (Parkinson, 2013), making them more
variable but representative of affective responses seen in real life. Such growing interest in
stimulus validity has notably accelerated the development of FEDBs, with a number of papers
surveying existing corpora (e.g., Diconne et al., 2022; Guerdelli et al., 2022; Haamer et al.,
2018; Siddiqui et al. 2022; Weber et al., 2018). Yet, a comprehensive review focusing
exclusively on spontaneous, dynamic expressions is currently missing.

The present paper aims to fill that gap with the ultimate purpose to assist readers in their
decisions about stimulus selection. While previous works have primarily focused on the general
characteristics of a limited number of FEDBEs, this review provides an in-depth exploration of
the unique properties and features of spontaneous and dynamic FEDBs. In addition to detailing
well-known databases, this review also sheds light on lesser-known databases in the field. This

approach not only deepens our understanding of the specific characteristics of FEDBs but also
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offers insights into individual strengths and limitations, as well as the current state of the field.
Consequently, it provides a more holistic perspective on the use of these resources in emotion
research. The review was organised around three distinct themes: conceptual, technical, and
practical features. This thematic approach provides a comprehensive perspective that can serve
as a valuable resource for researchers. It can assist them in selecting and adapting stimuli
suitable for their specific research objectives, thereby facilitating more effective and targeted
use of FEDBs.

This review revealed a categorical focus on basic emotions, which has been the
dominating approach of most FEDBs. The trend seemingly mirrors the enduring influence of
discrete emotion theories such as BET according to which expressions are strictly categorised
based on specific emotions. However, emotions may not be experienced in isolation but rather
as blends or mixes of different emotional states (Du & Martinez, 2015). Instead, they interact
and even morph into one another to provide nuanced meanings. The extensive focus on basic
emotions highlights a lack of diversity in inducing more intricate and complex emotional states.

Among all FEDBs there is a clear trend towards a broader range of emotion categories
beyond the basic six, thereby acknowledging the complexity and diversity of human
experiences. Approximately 25% of databases extend to incorporate non-basic and more
nuanced emotions (Kossaifi et al., 2019; Tcherkassof et al., 2013). Such expansion not only
enriches the theoretical understanding of emotions but also holds practical significance for
AFEA in terms of its ability to generalise to a wider spectrum of everyday emotional
phenomena (Bénzinger et al., 2011; Gunes & Pantic, 2010).

This trend may also align with contemporary perspectives on emotions, such as the
constructivist or appraisal theory of emotion (e.g., Barrett, 2006; Ellsworth, 2013), which posit
that emotions are not fixed entities but are constructed from a variety of psychological and

physiological components and can vary widely across individuals and contexts. This
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advancement in the field offers a deeper understanding of the human emotion spectrum.
Moreover, it enriches our theoretical understanding of emotions, with practical implications
for the development of more sophisticated AFEA algorithms that frequently rely on databases
for training.

Although some FEDBs incorporate a mixture of elicitation techniques (active, passive,
interactive), the majority rely on (audio-) visual materials (i.e., images, films, video-clips) for
emotion induction. Unlike naturalistic displays which are sourced directly from real-world
contexts or the Internet, thereby introducing noise to the data, spontaneous expressions are
evoked under experimental conditions. The induction approach serves as a useful method for
eliciting the intended emotion and simplifies the annotation process by aligning the emotion
labels with the elicitation materials (Gross & Levenson, 1995; Yan et al., 2014), thereby
ensuring consistent and replicable responses across senders. However, a significant concern is
that only a handful of FEDBs have validated these materials or pre-tested their stimuli (L1 et
al., 2022; Saganowski et al., 2022). Increasingly, concerns have been raised about the
effectiveness of such materials. Given that individuals may appraise materials in diverse ways
(Barrett et al., 2019; Smith & Ellsworth, 1985), materials that have not undergone thorough
validation tests may not be effective in inducing the intended emotions. Also, it may limit the
number of emotion-inducing situations typically experienced in real life. Future work may aim
for greater variety in experimental methods for inducing various emotions, also piloting
materials/tasks for their effectiveness in evoking the relevant emotional state.

Alternatively, other procedures such as the revival of autobiographical memories could
further diversify elicitation techniques (Levenson, 2007), but may be challenging to elicit in
the laboratory (Siedlecka & Denson, 2018). Furthermore, self-appraised emotional experience
from encoders during the autobiographical recall may increase the heterogeneity of expression,

providing a more accurate reflection of real-life expressions (Philippot et al., 2003). However,

116



Hyunwoo Kim Chapter 3

the efficiency of autobiographical recall may be influenced by the time elapsed from the
original experience and may result in relatively low expression intensity (Fradera & Ward,
2006; Nandrino et al., 2019). Also, summoning specific imagery events that are emotionally
connoted may be highly dependent on individuals’ cognitive ability (Addis et al., 2007; Robert,
2007).

Additionally, it is important to note that very few databases used social interactions to
elicit spontaneous expressions. Social functionalism argues that emotional expressions
coordinate individuals’ behaviours within social interactions, serving three key functions:
providing information to others, acting as incentives for social behaviour, and evoking specific
responses in observers (Keltner & Kring, 1998; van Kleef, 2016). In real-life contexts, facial
expressions signal intentions, social motives, and responses to others’ actions (Frith, 2009;
Parkinson, 2005). Without capturing these communicative elements, spontaneous FEDBs may
miss key mechanisms of how facial expressions function in communication.

While interactive expressions have higher ecological wvalidity, reflecting
communicative value of facial expressions, there is a trade-off between ecological and internal
validity. The lack of experimental controls in interaction makes it challenging to establish the
ground truth (i.e., underlying emotional affects and specific emotional stimuli/antecedent
events that elicited the expressions). In contrast, although the ecological validity of induced
expressions might be constrained by experimental control, their ground truth can be directly
validated through various experimental settings (e.g., preselected stimuli, self-reports,
psychophysiological measurements). The controlled induction methods ensure researchers
know precisely how the emotional expressions were elicited and what stimuli were involved,
which may not be directly observable in interactional conditions. Accordingly, spontaneous
expressions strike a balance between ecological and experimental validity. Therefore, while

acknowledging the importance of investigating expressions in communicative contexts, this
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review focuses on spontaneous databases due to their methodological strengths in establishing
ground truth and maintaining experimental control, which are crucial for drawing reliable
conclusions about the relationships between emotional experiences and facial expressions.

Many FEDBs feature a decent number of encoders, with a relatively equal gender
balance, although a notable focus on young adults as well as White/Caucasian and Asian
encoders persists. For the training and testing of computer models, it will be important to collect
large amounts of data from diverse demographics. Also, stimulus sets with higher temporal
resolution (> 30 fps) are needed for capturing rapid facial movements.

Besides sender-relevant characteristics, it is important to note that not all emotions are
equally easy to elicit using experimental methods. For example, anger may be difficult to
induce in a controlled setting (Siedlecka & Denson, 2019), particularly when participants are
aware that they are being filmed. In addition, facial behaviour obtained in the laboratory may
be restricted in motion due to fixed camera positions. In the future, recording conditions could
be less constrained by filming in natural environments (with multiple and hidden cameras) that
allow for greater privacy, without compromising the experimental control in data acquisition
(i.e., noise level, illumination, occlusion).

While induction materials are effective in eliciting the target emotion, it is possible that
more than one emotion is felt by the encoder. Moreover, there may be considerable variability
in how individuals appraise and respond to the stimulus content. At the moment, database
validation approaches rely mainly on categorical emotion labels, which fail to capture subtle
differences in cognitive and affective dimensions of emotion. Future research is needed to
provide more fine-grained labels, thereby utilising both categorical and dimensional
approaches to capture variability in emotional experiences (Cowen et al., 2021). This may also

include meta-data such as audio and physiological signals (e.g., heart rate, skin conductance)
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for gaining complementary insights into emotional states (Jerritta et al., 2011; Juslin & Laukka,
2003), particularly when those are mixed.

Among all validation efforts, AFEA stands out as the primary method. The trend is
likely stems from the overarching goal of many FEDBs to refine existing computer algorithms,
with the potential to improve human-machine interaction. This focus has solidified AFEA as a
reliable tool for facial expression recognition (Lewinski et al., 2014), often comparable to or
even surpassing human performance (Del Libano et al., 2018; Krumhuber et al., 2021,
Lewinski et al., 2014). It should be noted though that their accuracy hinges on the integrity of
the training data and the robustness of the underlying algorithms (Koelstra et al., 2010).
Specifically, classifiers often train on specific segments of a database, reserving the rest for
testing (Gupta et al., 2022). While this strategy may yield high recognition accuracy, it may
also result in artificially inflated accuracy scores. This phenomenon highlights the need for
benchmarking using standardised stimulus sets for training and validation (Valstar et al., 2011),
thereby ensuring a more realistic approximation of real-life recognition. Also, most past efforts
hinge on proprietary in-house algorithmic models which may not be easily accessible for cross-
laboratory research (Dupré et al., 2020). In the future, it will be important to conduct cross-
classifier and cross-corpus validations to allow for greater transparency in database assessment.
The present article provides a first step in comparatively evaluating multiple spontaneous and
dynamic FEDBs for basic emotion research, thereby highlighting their commonalities and
differences.

For technical quality, many FEDBs nowadays provide consistent illumination and
recording backgrounds, which signifies an improvement in their recording protocols compared
to earlier databases (Bénziger et al., 2012; Krumhuber et al., 2017). While a considerable

number of databases now offer medium to high-resolution recordings, there remains potential
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for further enhancement, particularly in achieving frame rates that surpass 30 fps to capture
smoother temporal characteristics of facial expressions.

The integration of physiological responses offers a more comprehensive framework for
emotion assessment and enables the detection of subtle emotional experiences (Bornemann et
al., 2012). The inclusion of multimodal data (beyond audio and physiology) remains an
evolving aspect of database construction. Similarly, modalities such as 3D face and body
gestures hold promise as valuable sources for enhancing emotion recognition that 2D facial
expressions alone cannot provide. The inclusion of 3D face meshes is also quite rare, which
can offer a more accurate depiction of the depth, volume and dynamics of facial movements
(Fanelli et al., 2010; Zhang et al., 2016). Such information can enhance emotion recognition,
particularly under challenging conditions such as varying lighting or head poses (Pei et al.,
2021; Malawski et al., 2014). In the future, more work could be done to capture other types of
emotional information, such as hand gestures (Mahmoud et al., 2011) and thermal images

(Nguyen et al., 2014).

3.6.2 Outlook and Future Research

The demand for additional spontaneous FEDBs continues to be an open discourse in
psychology and affective computing. Existing databases have undeniably advanced our
understanding of human affective states and bolstered various applications relevant to clinical
research, security, and education. Nevertheless, the necessity for a comprehensive and
systematic review of these databases remains indispensable.

This paper aimed to present an overview of 62 publicly available DBs in facial
expression research, thereby illustrating the extensive selection available to researchers.
Besides a few widely known databases, we introduced a range of databases that may not have
received equivalent attention in prior work. These FEDBs offer valuable insights into

spontaneous emotional experiences that researchers may seek to study in more detail in the
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future. In this context, more interactive tasks such as interpersonal discussions (Douglas-Cowie
etal., 2011), gameplay (Saha et al., 2019), or personal events triggering (Nandrino et al., 2019)
could be used to elicit expressions that closely mimic those found in real-life scenarios. By
utilising interactive tasks alongside passive induction, researchers are able to cultivate more
realistic and diverse datasets. This methodological integration allows for an in-depth
exploration of how recognition of spontaneous expression functions, examining the diverse
ways in which emotion might be expressed across various contexts and individuals. It also
sheds light on the complex mechanisms that govern our capacity to accurately perceive these
expressions. Such insights stand to refine the role that spontaneous expressions play in natural
human communication.

While the self-report has traditionally been used to validate facial expressions, future
research could explore alternative validation methods, such as physiological measures or
observer ratings, especially as the field moves towards more naturalistic settings. The use of
wearable devices may be useful in capturing real-time emotional responses, offering additional
details to understand emotional responses. Additionally, shifting from self-report to observer-
based annotation could mitigate limitations tied to self-assessment, providing an unbiased view
of facial expressions. Moreover, while the validation process often hinges on in-house
techniques of AFEA, these techniques may lack broad generalisability. Open-science practices
can help address this issue by promoting transparency and reproducibility of techniques. Facial
expression recognition analysis (FERA) challenges represent an important milestone in testing
new DBs and allow for a direct comparison of different machine algorithms, helping to
benchmark effective techniques and build communality across various research laboratories.

As such, implementing robust and diverse elicitation techniques, coupled with reliable
annotation methods and the adoption of standardised evaluation methods, is of paramount

importance. In addition to visual stimuli, additional methods could include narrated scenarios
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(Li et al., 2013), interactive tasks (Cavicchio & Poesio, 2012; Rehg et al., 2013), or controlled
interviews (Zhang et al., 2014) that can generate both basic and complex emotions. Such
implementation could capture meaningful variations in spontaneous facial expressions while
minimising artificially generated responses.

Future research could benefit from a more extensive consideration of the encoder age.
While recent studies have shown increased interest in children’s facial expressions (Khan et
al., 2019; Littlewort et al., 2011), there remains a notable lack of representation for elderly
individuals in many spontaneous FEDBs. Incorporating a more diverse age range among
encoders could enhance our understanding of age-related variability in facial expressions
across different populations.

Additionally, the exploration of emotional complexity within videos warrants further
attention. Real-life emotional experiences often involve a mix of emotions, and a single video
clip may capture several distinct emotional expressions. However, many FEDBs primarily
assign a single emotion label per video. Future work could aim to identify and analyse these
complex emotional experiences by considering the co-occurrence of emotional expressions.

Lastly, while some databases have endeavoured to capture expressions in specific
contexts (e.g., driving, education; Bian et al., 2019; Li et al., 2020), a greater contextual
variance in databases would be desirable. Furthermore, most FEDBs contain stimuli with
frontal views of the face, thereby limiting their applicability in real-world scenarios where
profile views are often encountered (Matsumoto & Hwang, 2011).

In conclusion, this paper provides valuable information for the field of facial expression
research by systematically reviewing existing spontaneous and dynamic facial expression
databases. The meticulous examination of 62 databases illuminates the depth and breadth of
available resources, thereby empowering researchers to make informed decisions. Such

endeavour optimises the use of existing resources and advocates for a shift in focus from
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creating new databases to exploiting existing data. Furthermore, the review highlights gaps in
the literature, thereby paving the way for more diverse and realistic portrayals of emotional
behaviours. As such, it lays the foundation for future research by promoting further

advancements in the field of facial expression research.
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Table 3.1. Conceptual features of 61 spontaneous datasets of dynamic facial expressions

Chapter 3

Database Expression Encoder demographics Measurement and validation
Emotions Elicitation Ethnicity Age Gender N Annotation  FACS Emotion Type of Self- report Physiology
coding recognition rating

4DFAB 6 Basic emotions Videos Caucasian, 5to 75 120 M, 180 - - AFEA Discrete - -

Asian, 60 F emotions
Hispanic

4DME Positive, negative, Movies Caucasian, 22to 57 - 56 Emotions, Y AFEA - - -

surprise, repression, Asian, AU, valence
others Hispanic

AM-FED Amusement Super Bowl| Worldwide >13 - - AU. Smile Y AFEA AUs, smile Liking, familiarity, -
commercials rewatchability

AM-FED+ Various emotions Video ads Worldwide 21to 82 - 416 AU, Smile Y AFEA AUs, smile Liking, familiarity -

(M=47.6)

AMHUGE Amusement, neutral Documentary, Italian 18 to 54 27 M, 36 Valence, Y AFEA AUs Pleasure, arousal, EDA, BVP,
movie trailer, 9F Arousal dominance temperature
comedy show,

YouTube
video

BAUM-1 6 basic emotions, Movies, video Turkish 19 to 65 18 M, 31 Emotions - AFEA Discrete - -

boredom, contempt, ads, TV shows, 13 F emotions
confusion, thinking, IAPS images
concentration,
bothered, neutral
BINED 6 basic emotions, Films, wire Irish, >18 137M, 256 Emotions, - Emotion -
frustration tracking task, Peruvian 119F valence
touching
objects

BioVid Pain, happiness, Thermode German 18 to 65 45M, 90 Expressive- Y AFEA Pain Emotion, valence, SCL, ECG,

Heat Pain sadness, anger, disgust,  (pain), films, 45F ness arousal EEG, EMG

fear, valence, arousal IAPS images

BioVid Anger, disgust, fear, Films German 18 to 65 44M, 86 - - Emotion, valence, SCL, ECG,

Emo amusement, sadness S50F (ex) arousal tEMG

BNU- Happiness, surprise, Teaching Chinese 18 to 31 19M, 83 Emotions - - - Emotion, valence, -

LSVED disgust, confidence, videos 64F arousal

puzzlement,
frustration, neutral
(continued)
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Table 3.1. (continued)

Chapter 3

Database Expression Encoder demographics Measurement and validation
Emotions Elicitation Ethnicity Age Gender N Annotation  FACS Emotion Type of Self- report Physiology
coding recognition rating
BP4D- Happiness/amusement, Various tasks Asian, 18 to 29 18M, 41 AUs Y AFEA, Discrete Emotion -
Spon sadness, surprise/startle, Black, 23F human emotions,
anger/upset, white, observers AUs
fear/nervous, disgust, Hispanic
embarrassment, pain
BP4D+ happiness/amusement, Various tasks Asian, 18 to 66 58M, 140 AUs Y AFEA Discrete Emotion ECG, EDA,
sadness, anger, disgust, Black, 82F emotions, RSP, BVP
startle/surprise, joyful White, AUs
surprise, skeptical, Hispanic,
fear/nervous, others
embarrassment, pain
BU-EEG Pain, neutral Cold pressor Asian, Mid- 18 to 38 22M, 29 Pain, relax, Y AFEA Pain, Pain EEG
task, Eastern, 7F AUs neutral
meditation White,
Hispanic,
other
CAL Confusion, interest, Card Various 21to 32 3M, 5F 8 Emotions - Human Discrete Emotion -
surprise, boredom, matching ethnicities observers emotions
happiness, annoyance, task
neutral, other
CAM3D Anger, surprise, thinking, = Computer Caucasian, 24 to 50 3M, 4F 7 Emotions - Human Discrete - -
concentration, unsure, maze, Asian, (M =27) (ex) observers emotions
confusion, triumph, riddles, word Middle
frustration, boredom, repetition, Eastern
neutral flickering
screen/lights
CASME Amusement, sadness, Videos Chinese M=22.03 22M, 35 Emotions, Y AFEA Discrete Emotion -
disgust, surprise, 13F AUs emotions
contempt, fear,
repression, tense
CASME-II Happiness, disgust, Video ads, Chinese M=22.03 22M, 26(e Emotions, Y AFEA Discrete Emotion -
surprise, repression, films 13F X) AUs emotions
others
(continued)
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Table 3.1. (continued)

Chapter 3

Database Expression Encoder demographics Measurement and validation
Emotions Elicitation Ethnicity Age Gender N Annotation  FACS Emotion Type of Self- report Physiology
coding recognition  rating
CAS(ME)2 Positive (happiness), Video ads, Chinese 19to 26 9M, 22 Emotions, Y AFEA Discrete Emotion -
negative (disgust, films (M =22.6) 13F AUs emotions
anger), surprise, others
CAS(ME)3 6 basic emotions, Video ads, Chinese M=22.7 112M, 247 Emotions, Y AFEA Discrete Emotion EDA, ECG,
others films/movies, 135F AUs emotions RSP, PPG
mock
interview
DEAP Valence, arousal Music videos European 19 to 37 16M, 22 - - Valence, arousal, EEG, EMG,
(M =26.9) 16F (ex) dominance. Liking,  GSR, BVP,
familiarity temperature
DECAF Amusement/happiness Movies, music - M=273 16M, 30 - - AFEA Discrete Valence, arousal MEG, hEOG,
/funniness, excitement,  videos 14F emotions ECG, tEMG
anger, disgust, fear,
sadness, shock
DEFE Happiness, anger, Videos Chinese 19 to 56 47M, 60 - - AFEA Discrete Emotion -
neutral (M=27.3) 13F emotions,
valence,
arousal,
dominance,
AUs
DISFA Joy, disgust, fear, YouTube White, 18 to 50 15M, 27 AUs Y AFEA AUs - -
sadness, surprise videos Black, 21F
Hispanic,
Asian
DSME-3D Happiness, anger, Films Chinese M=25.6 12M, 33 Emotions, Y AFEA Discrete Emotion -
sadness, surprise, 21F (ex) AUs emotions
disgust, others
DynEmo Cheerfulness, curiosity,  Videos, video Caucasian 25 to 65 176M, 358 - - Human Discrete Emotion, action -
pride, astonishment, ads, pictures, (M =48) 182F observers emotions readiness,
disgust, moved, defective valence, arousal
boredom, fright, software,
annoyance, shame, positive
neutral feedback,
false belief
(continued)
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Table 3.1. (continued)

Chapter 3

Database Expression Encoder demographics Measurement and validation
Emotions Elicitation Ethnicity Age Gender N Annotation FACS Emotion Type of Self- report Physiology
coding recognition rating
EB+ Happiness/amusement,  Various tasks Asian, 18 to 66 82M, 200 AUs Y AFEA Discrete Emotion EEG, BVP, HR,
sadness, anger, disgust, Black, 118F emotions, EDA, SKT,
startle/surprise, joyful White, AUs ACC, GYRO
surprise, skeptical, Hispanic,
fear/nervous, others
embarrassment, pain
Emognition Amusement, anger, Films Polish 19to 29 22M, 43 - Y AFEA Discrete Emotion, valence, EMG
awe, disgust, (M=22.4) 21F emotions, arousal,
enthusiasm, fear, liking, AUs motivation
sadness, surprise,
neutral
EmoPain Pain Physical Caucasian, M =438 21M, -50 Pain - AFEA Pain - -
exercises Black, Asian 29F
Faces of Pain Cold pressor - 6M, 26 AUs Y AFEA, Genuine- - -
Pain task 20F human ness, AUs
observers
FEEDTUM 6 basic emotions, Films White/ - - 19 - AFEA, Discrete - -
neutral Caucasian human emotions
observers
HUMAINE Various emotions Various tasks Various - - Emotions - - - Various states ECG, CSR, skin
ethnicities temperature,
breathing
ISED Happiness, surprise, Movies Indian 18 to 22 29M, 50 Emotions - AFEA Discrete Emotion -
sadness, disgust 21F emotions
KTFE 6 basic emotions, Videos, game Thai, 11to 32 16M, 26 Emotions - AFEA Discrete Emotion -
neutral Japanese, 10F emotions
Vietnamese
KTFEv2 6 basic emotions, Thai, 11to 32 - 30 Emotions - AFEA Discrete Emotion -
neutral Japanese, emotions
Vietnamese
LIRIS-CSE Disgust, fear, Cartoon Various 6to12 5M, 7F 12 Emotions - AFEA, Discrete - -
happiness, sadness, videos, ethnicities (M=7.3) Human emotions
surprise movies observers
(continued)
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Table 3.1. (continued)

Chapter 3

Database Expression Encoder demographics Measurement and validation
Emotions Elicitation Ethnicity Age Gender N Annotation  FACS Emotion Type of Self- report Physiology
coding recognition  rating
MAHNOB Amusement, disgust, Movies Various 19 to 40 13M, 27 - - - - Emotion, valence, EEG, ECG,
-HCI fear, joy, sadness, ethnicities (M=26.1) 17F (ex) arousal, GSR, RSP, skin
neutral dominance, temperature
predictability
MAHNOB Amusement Videos 12 M =275 12Mm, 22 Laughter - AFEA Laughter - -
-Laughter countries 10F (ex)
MMEW 6 basic emotions, Videos Chinese 22to 35 - 36 Emotions, Y AFEA Discrete - -
others (M=22.4) AUs emotions
MMI-Part Disgust, happiness Cartoon European, 20 to 32 13M, 25 Emotions, Y - - - -
V&V videos, South 12F AUs,
comedy American, laughter
shows, Asian
pictures
MUG 6 basic emotions, Videos White/ 20 to 35 51M, 82 - - - - - -
neutral Caucasian 35F (ex)
NVIE 6 basic emotions Films Chinese 17 to 31 157M, 315 Emotions, - AFEA Discrete Emotion, valence, -
58F valence, emotions, arousal
arousal valence,
arousal,
genuine-
ness
OL-SFED Enjoyment, confusion, Teaching Chinese 17 to 26 29M, 82 Emotions - AFEA Discrete Emotion -
fatigue, distraction, videos (M=20.1) 53F (ex) emotions
neutral
OPEN- Valence, arousal, IAPS images, - M=4473 ™M, 30 Valence, - - - Valence, arousal, EEG, EMG,
EmoRec_ neutral Ulm picture 23F (ex) expressive- dominance SCL, RSP, BVP
1} set, card game ness
PDSTD Sadness, neutral Films White/ 18 to 33 24F 24 - - Human Discrete Emotion -
Caucasian (M=21.5) observers emotions,
valence,
arousal,
genuine-
ness
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Table 3.1. (continued)

Chapter 3

Database Expression Encoder demographics Measurement and validation
Emotions Elicitation Ethnicity Age Gender N Annotation  FACS Emotion Type of Self- report Physiology
coding recognition rating
PEDFE 6 basic emotions Films, video White/ 20 to 30 - 56 Emotions, Y Human Discrete Emotion,
ads, YouTube Caucasian (ex) AUs observers emotions, genuineness
videos, genuine-
unpleasant ness
smell,
computer
games
PPB-Emo 6 basic emotions, Videos Chinese 19 to 58 31M, 40 - - - - Emotion, valence, EEG
neutral (M=28.1) 9F (ex) arousal,
dominance
RECOLA Positive, negative, Film, comedy French, 18 to 32 19M, 23 Valence, - - - Emotion, valence, ECG, EDA
neutral sketch, image Italian, (M=22) 27F (ex) arousal arousal
German,
Portuguese
RU-FACS Various emotions False opinion - - 100 AUs Y AFEA AUs - -
paradigm
SAMM 6 basic emotions, Movie, self- Various 19to 57 16M, 32 Emotions, Y AFEA AUs -
contempt image ethnicities (M=33.2) 16F AUs
SAMM 6 basic emotions, Movie, self- Various 19to 57 16M, 32 Emotions, Y AFEA AUs - -
long contempt image ethnicities (M=33.2) 16F AUs
SASE-FE Anger, disgust, YouTube White/ 19 to 36 32M, 54 - - AFEA Discrete -
happiness, sadness, videos Caucasian, 22F emotions
surprise, contempt Asian,
African
SEWA Disgust/distress, Video ads British, 18 to 65 201M, 398 - - - - Emotion
pleasure/liking, German, 197F (ex)
confusion, disliking, Hungarian,
interest/boredom Greek,
Serbian,
Chinese
SHSD Sadness Movies White/ 20to 22 6M, 18 Emotions Y AFEA Discrete -
Caucasian 12F emotions,
AUs
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Table 3.1. (continued)

Database Expression Encoder demographics Measurement and validation
Emotions Elicitation Ethnicity Age Gender N Annotation FACS Emotion Type of Self- report Physiology
coding recognition  rating
SIE- Anger, happiness, Videos Japanese ~20 9M, 1F 10 Emotions - AFEA, Discrete Emotion -
Intensity sadness human emotions
observers
SMIC Disgust, fear, Movies White/ 22to 34 10M, 16 Emotions - AFEA Discrete Emotion -
happiness, sadness, Caucasian, (M=28.1) 6F (ex) emotions,
surprise Asian valence
SPOS 6 basic emotions Films White/ - 4M, 3F 7 Emotions - AFEA Valence, Emotion -
Caucasian, genuine-
Asian ness
UNBV- Pain Shoulder White/ - 63M, 129 Pain, AUs Y AFEA Pain, AUs Pain -
McMaster rotation tasks Caucasian 66F
UT-Dallas 6 basic emotions, Movies, TV Asian, 18 to 25 76M, 284 Emotions - - - - -
boredom, disbelief, programs Black, 208F
laughter, puzzlement, White,
neutral Hispanic,
Other
UVA-NEMO Enjoyment Videos White/ 8to 76 215M, 357 Smiles - AFEA Genuine- - -
smile Caucasian 185F (ex) ness
Video- Happiness, disgust, Facial - M =25 10M, 16 Emotions - AFEA Discrete Valence, EEG, fNIRS,
fNIRS neutral expression 6F emotions arousal GSR, BVP, RSP
videos, IAPS
images
Vine- Amusement Comedy - - - 222 AUs Y AFEA AUs Emotion -
reactor videos (ex)

Note. Key descriptions: N: (ex) = exclusions. Emotion recognition: AFEA = Automated facial expression analysis. Unspecified emotion categories from the original articles
are noted as “various emotions”.
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Table 3.2. Technical features of 61 spontaneous datasets of dynamic facial expressions
Database Stimulus features Recording
Additional
N (Stimulus) Duration Frame Resolution Modality  Sound Speaking Viewpoint  Visible Setting Background  Lighting features
rate control
4DFAB 1.8M frames - 60 fps 1200 X 1600, \ - - Frontal HD Lab Plain Y 3D+4D, Kinect RGB and depth
640 X 480 videos, posed expressions
4DME 1560 <0.5 10 9.82s 60 fps 1200 X 1600, \) - - Multiple HD Lab Plain Y 2D+4D, Kinect RGB and depth
640 X 480 videos; instruction to hide true
feelings and maintain neutral
face
AM-FED 242 ~60s 14 or 320 X 240 \ - - Frontal HD, UB Online Non-plain - Measures of head scales, pose,
15 fps and illumination; annotation of
gender; webcam recordings
AM-FED+ 1044 ~28s 14 fps 320 X 240 \" - - Frontal HD, UB Online Non-plain - Annotation of gender, age,
country; webcam recordings
AMHUGE - 25to 117s 30 fps 1024 X 768 \% - - Frontal HD, UB Lab Plain Y Kinect RGB video and depth
sequences
BAUM-1 1184 0.43t09.34s 30 fps 576 X 720 V, A, AV Y Y Multiple HD Lab Plain Y Also contains posed speech
(M=1.82) (BAUM-1a)
BINED 1400 5to 180s - 720 X 576, \) - - Frontal HD, UB Lab Non-plain - Some emotion self-reports are
1920 X 1080 open-ended
BioVid Heat >8700 5.5s 25Hz 1388 X 1038 Vv - - Multiple HD Lab plain Y Measures of head pose; Kinect
Pain RGB and depth videos; also
contains posed expressions
BioVid Emo - 32 to 245s 25Hz 1388 X 1038 Vv - - Multiple HD Lab Plain Y Kinect RGB and depth videos
(M =68)
BNU-LSVED 1572 - - 40 X 40 IS - - Multiple HD Class- Non-plain - -
room
BP4D- 328 ~1 min 25 fps 1040 X 1392 V, AV Y Y Frontal HD Lab Plain Y 2D+3D videos; measures of
Spontaneous head pose; observer confidence
ratings
BP4D+ 1.4M frames - 25 fps 1040 X 1392 V, AV Y Y Frontal HD Lab Plain Y 2D+3D+thermal videos;
measures of head pose
BU-EEG 29 ~90s 24 fps - \% - - Frontal HD Lab Non-plain - Also contains posed expressions
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Table 3.2. (continued)
Database Stimulus features Recording
Additional
N (Stimulus) Duration Frame Resolution Modality Sound Speaking Viewpoint  Visible Setting Background Lighting features
rate control
CAL <247 0.4 to 15.9s 30 fps 320 X 240 Vv - - Frontal HD Lab Plain - Emotion self-reports are also
open-ended; annotation of
confusion, interest, boredom,
annoyance
CAM3D 108 M =6s 30 fps 720 X 576 AV Y Y Frontal HD,UB Lab Non-plain - Kinect RGB and depth videos,
analysis of hand-over-face
gestures; annotation of mental
states; emotion observer
judgements are open-ended
CASME 195 <250ms to 60 fps 1280 X 720, \Y - - Frontal HD Lab Plain - Instruction to hide true feelings
4mins 640 X 480 and maintain neutral face
CASME-II 247 <250ms to 200fps 640 X 480 \Y - - Frontal HD Lab Plain Y Instruction to hide true feelings
2.5mins and maintain neutral face
CAS(ME)2 444 <500ms to 4s 30 fps 640 X 480 Y - - Frontal HD Lab Plain Y Instruction to hide true feelings
and maintain neutral face
CAS(ME)3 6107 <500ms to 8s 30 fps 1280 X 720 V,A - - Frontal HD Lab Plain Y Instruction to hide true feelings
and maintain neutral
face/suppress facial movements;
voice analysis; Kinect RGB and
depth videos
DEAP - 1 min 50 fps - V, AV - - Frontal HD Lab Plain Y -
DECAF - 51.1t0128.2s 20 fps - V, AV - - Frontal HD Lab plain Y Near-infrared facial videos
DEFE 164 30s 30 fps 1920 X 1080, Vv - - Frontal HD Lab Non-plain Y Emotion elicitation before task
648 X 480 recording
DISFA 130k frames 4mins 20 fps 1024 X 768 \Y - - Frontal HD Lab Plain -
DSME-3D 373 <260ms to 60 fps 848 X 480 \ - - Frontal HD Lab Plain Y 2D+3D, Kinect RGB and depth
500ms videos; instruction to hide true
feelings and maintain neutral
face/suppress facial movements
DynEmo 358 1to 15mins 25 fps 768 X 576 V, AV Y Y Multiple HD,UB Lab Plain Y Hidden camera
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Table 3.2. (continued)

Chapter 3

Database Stimulus features Recording
Additional
N (Stimulus) Duration Frame Resolution Modality  Sound Speaking Viewpoint  Visible Setting Background Lighting features
rate control

EB+ 1261 44s 25 fps 1040 X 1392 V, AV Y Y Frontal HD Lab Plain Y -

Emognition 430 49s to 2 mins 60 fps 1920 X 1080 Vv - - Frontal HD, UB Lab Plain Y -

EmoPain - - 58 fps 1024 X 1024 AV - - Multiple HD, FB Lab Non-plain Y Chronic pain patients and
healthy controls;
annotation of body
movements; motion
capture

Faces of Pain 26 60s - - \% - - Frontal HD Lab Plain Y Also contains posed pain
expressions

FEEDTUM 399 30 to 300s 25 fps 640 X 480 IS - - Frontal HD Lab Plain Y -

HUMAINE 50 3sto 2mins - - AV Y Y Multiple HD, UB, Mixed Non-plain - Annotation of gender,

FB modality, context;
speech/language, gesture

ISED 428 1to 10s 50 fps 1920 X 1080 v - - Frontal HD Lab Plain Y Hidden camera

KTFE - - 5 fps - Vv - - Frontal HD Lab plain Y Also contains static images
and thermal videos

KTFEv2 - - - - - Frontal HD Lab Plain Y -

LIRIS-CSE 208 M =5s 25 fps 720 X 480, - - Frontal HD, UB Mixed Plain, non-plain - -

800 X 600,
1920 X 1080

MAHNOB-HCI - 34.9t0 117s 60 fps 780 X 580 V,A - - Multiple HD, UB Lab Plain Eye gage

MAHNOB- 563 M =1.65min 25 fps 720 X 576 V, A, AV - - Frontal HD Lab Non-plain Also contains posed

Laughter smiles, posed laughter,
speech, thermal videos

MMEW 300 - 90 fps 1920 X 1080 \" - - Frontal HD Lab Plain - Instruction to hide true
feelings and maintain
neutral face

MMi-Part IV & 392 - - 640 X 480 AV Y Y Frontal HD Lab Plain, non-plain - -

\
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Table 3.2. (continued)
Database Stimulus features Recording
Additional
N (Stimulus) Duration Frame Resolution Modality Sound Speaking Viewpoint Visible Setting Background Lighting features
rate control

MUG 66139 - 19 fps 896 X 896 IS - - Frontal HD Lab Plain Y Also contains posed

images expressions

NVIE - 3 to 4 mins 30 fps 704 X 480 IS - - Frontal HD Lab Plain Y Also contains posed
expressions, thermal videos

OL-SFED 1274 1to8s 30 fps 1280 X 720 \ - - Frontal HD Class- Plain - Webcam recordings

room

OPEN-EmoRec_ - 6s - - V, AV - - Frontal HD - Y -

1l

PDSTD 72 30s 30 fps 1920 X 1080 \Y - - Frontal HD Lab Non-plain - -

PEDFE 707 M =3.0s 30 fps - AV - - Frontal HD, UB Lab Plain, - Also contains posed

Non-plain expressions and static images;
hidden camera

PPB-Emo 240 30s 30 fps 1920 X 1080 AV - - Multiple HD,UB Lab Non-plain - Body gesture, thermal videos;
emotion elicitation before task
recording

RECOLA - 3.5mins 25Hz 1080 X 720 AV Y Y Frontal HD Lab Non-plain Y Annotation of social behaviors

RU-FACS - 2.5mins - - AV Y Y Multiple HD Lab Plain - -

SAMM 338 <0.7s 200fps 2040 X 1088 \Y - - Frontal HD Lab Plain Y Instruction to hide true
feelings and maintain neutral
face/suppress emotion

SAMM long 147 M =35.3s 200fps 2040 X 1088 \Y - - Frontal HD Lab Plain Y Instruction to hide true
feelings and maintain neutral
face/suppress emotion

SASE-FE ~ 324 3to4s 100 fps 1280 X 960 \Y - - Frontal HD Lab Plain - Also contains posed
expressions

SEWA 1592 ~1min 20 to 320 X 240, V, A, AV - - Frontal HD Online Non-plain - Annotation of head gesture,

30 fps 640 X 360 hand gesture, mimicry, liking,
agreement

SHSD - - 100 fps 640 X 480 \Y - - Frontal HD Lab Y Hidden camera
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Table 3.2. (continued)

Database Stimulus features Recording
Additional
N (Stimulus) Duration Frame Resolution Modality  Sound speaking Viewpoint  Visible Setting Background Lighting features
rate control
SIE-Intensity 30 2to4mins 5fps - \" - - Frontal HD,UB Lab Plain Y Also contains thermal videos
SMIC 164 ~0.5s 25,100 640 X 480 Y - - Frontal HD Lab - Y Also contains near-infrared facial
fps videos; Instruction to hide true
feelings and maintain neutral
face/suppress emotion
SPOS 147 M =13s 25 fps 640 X 480 Vv - - Frontal HD Lab - Y Also contains posed expressions,
near-infrared facial videos
UNBV- 200 - - 320 X 240 Vv - - Multiple HD Lab Plain - Shoulder pain patients
McMaster
UT-Dallas - Ss 30 fps 720 X 480 Vv - - Frontal HD Lab Plain Y -
UvVA-NEMO 597 M =3.9s 50 fps 1920 X 1080 V - - Frontal HD Lab Plain Y Also contains posed expressions
smile
Video-fNIRS - - - - Vv - - Frontal HD Lab plain - -
Vinereactor 3455 2to7s - 320 X 240 \" - - Frontal HD Online Non-plain - Webcam recordings

Note. Key descriptions: Stimuli: V = video; A = audio; AV = audio-visual. Visible elements: HD = head; UB = upper body; FB = full body.
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Table 3.3. Practical features of 61 spontancous datasets of dynamic facial expressions
Database Practical Information
Website Email address Access Payment
4DFAB https://ibug.doc.ic.ac.uk/resources/4dfab/ m.pantic@imperial.ac.uk Email (not yet available) -
4DME - xiaobai.li@oulu.fi EULA form -
AM-FED https://www.affectiva.com/facial-expression-dataset-/ amfed@affectiva.com EULA form -
AM-FED+ https://www.affectiva.com/facial-expression-dataset-/ amfed@affectiva.com EULA form -
AMHUGE http://amhuse.phuselab.di.unimi.it/ phuselab@di.unimi.it EULA form -
BAUM-1 http://archive.ics.uci.edu/ml/datasets/BAUM-1 s.zhalehpour@gmail.com; Email -
cigdem.erogluerdem@gmail.com
BINED - g.mckeown@qub.ac.uk Email -
BioVid Heat Pain https://www.nit.ovgu.de/BioVid.html sascha.gruss@uni-ulm.de EULA form -
BioVid Emo https://www.nit.ovgu.de/BioVid.html sascha.gruss@uni-ulm.de EULA form -
BNU-LSVED - hejun@bnu.edu.cn Email -
BP4D-Spontaneous https://www.cs.binghamton.edu/~lijun/Research/3DFE/3DFE_Analysis  lijun@cs.binghamton.edu Email $400
.html
BP4D+ https://www.cs.binghamton.edu/~lijun/Research/3DFE/3DFE_Analysis  lijun@cs.binghamton.edu Email $1,250
BU-EEG imr:sl://www.cs.binghamton.edu/’“lijun/Research/30FE/3DFE_AnaIysis lijun@cs.binghamton.edu Email $500
CAL :html Peter.Robinson@cl.cam.ac.uk Email -
CAM3D https://www.repository.cam.ac.uk/handle/1810/291335 marwamm@gmail.com Email -
CASME http://casme.psych.ac.cn/casme/el fuxl@psych.ac.cn EULA form -
CASME-II http://casme.psych.ac.cn/casme/e2 fuxl@psych.ac.cn EULA form -
CAS(ME)2 http://casme.psych.ac.cn/casme/e3 fuxl@psych.ac.cn EULA form -
CAS(ME)3 http://casme.psych.ac.cn/casme/e4 fuxl@psych.ac.cn EULA form -
DEAP https://www.eecs.gmul.ac.uk/mmv/datasets/deap/ i.patras@gmul.ac.uk EULA form -
(continued)
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Table 3.3. (continued)
Database Practical Information
Website Email address Access Payment

DECAF https://decaf-dataset.github.io/ decaf.mhug@gmail.com EULA form -
DEFE - liwenbo@cqu.edu.cn Email -
DISFA http://mohammadmahoor.com/disfa/ mmahoor@du.edu EULA form -
DSME-3D - fengpingwang@stu.xjtu.edu.cn Email (not yet available) -
DynEmo https://dynemo.univ-grenoble-alpes.fr/?page=inscription anna.tcherkassof @upmf-grenoble.fr Email -

EB+ https://www.cs.binghamton.edu/~lijun/Research/3DFE/3DFE_Analysis  lijun@cs.binghamton.edu Email $500
Emognition hr\ttt:sl://github.com/Emognition/Emognition-wearable-dataset-2020 emotions@pwr.edu.pl EULA form -
EmoPain https://wangchongyang.ai/EmoPainChallenge2020/ n.berthouze@ucl.ac.uk Email -
Faces of Pain - marni@salk.edu Email -
FEEDTUM https://www.jade-hs.de/team/frank-wallhoff/databases/ frank.wallhoff@jade-hs.de EULA form -
HUMAINE - g.mckeown@qub.ac.uk EULA form -

ISED https://sites.google.com/site/iseddatabase/ iseddatabase@gmail.com EULA form -
KTFE - hungnv@hcmue.edu.vn Email -
KTFEv2 - hungnv@hcmue.edu.vn Email -
LIRIS-CSE https://childrenfacialexpression.projet.liris.cnrs.fr rizwan.khan@bhu.edu.pk EULA form -
MAHNOB-HCI https://mahnob-db.eu/hci-tagging/ hci_tagging_db@mahnob-db.eu EULA form -
MAHNOB-Laughter https://mahnob-db.eu/laughter/ laughter_db@mahnob-db.eu EULA form -
MMEW https://faculty.sdu.edu.cn/_resources/group1/M00/00/3C/CgECYWNK benxianyeye@163.com Email -

Gs2AS7aAAALQs4B2n0w884.pdf
MMI-Part IV & V https://mmifacedb.eu/ mmi_face_db@mahnob-db.eu EULA form -
MUG http://mug.ee.auth.gr/fed/ adelo@eng.auth.gr EULA form -
(continued)
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Table 3.3. (continued)

Chapter 3

Database Practical Information

Website Email address Access Payment
NVIE http://nvie.ustc.edu.cn sfwang@ustc.edu.cn EULA form -
OL-SFED - luweigang@ouc.edu.cn Email -
OPEN-EmoRec_|I - harald.traue@uni-ulm.de Email -
PDSTD https://osf.io/uyjeg/?view_only=24474ec8d75949ccb9a8243651db0a  dkuester@uni-bremen.de OSF -

bf
PEDFE https://osf.io/cynsx/ alessio.miolla@phd.unipd.it OSF -
PPB-Emo - guogang@cqu.edu.cn Email -
RECOLA https://diuf.unifr.ch/main/diva/recola/ diufFrecola@unifr.ch EULA form -
RU-FACS https://inc.ucsd.edu/mplab/grants/project1/research/rufacs1- mbartlet@ucsd.edu Email -

dataset.html
SAMM http://www2.docm.mmu.ac.uk/STAFF/m.yap/dataset.php M.Yap@mmu.ac.uk EULA form -
SAMM long http://www2.docm.mmu.ac.uk/STAFF/m.yap/dataset.php M.Yap@mmu.ac.uk EULA form -
SASE-FE https://icv.tuit.ut.ee/databases/ shb@icv.tuit.ut.ee EULA form -
SEWA https://db.sewaproject.eu/ sewa@mahnob-db.eu EULA form -
SHSD - shb@ut.ee Email -
SIE-Intensity - namnp.khmt171@pg.hcmue.edu.vn Email -
SMIC https://www.oulu.fi/en/university/faculties-and-units/faculty- Xiaobai.Li@oulu.fi EULA form -

information-technology-and-electrical-engineering/center-machine-

vision-and-signal-analysis
SPOS https://www.oulu.fi/en/university/faculties-and-units/faculty- Xiaobai.Li@oulu.fi EULA form -

information-technology-and-electrical-engineering/center-machine-

vision-and-signal-analysis

(continued)
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Chapter 3

Database Practical Information

Website Email address Access Payment
UNBC-McMaster http://www.jeffcohn.net/resources/ merl60@pitt.edu EULA form -
shoulder pain
UT Dallas https://labs.utdallas.edu/facelab/database/ otoole@utdallas.edu EULA form -
UVA-NEMO smile http://www.uva-nemo.org/index.html th.gevers@uva.nl EULA form -

Video-fNIRS

Vinereactor

http://vinereactor.org/

arman.savran@yasar.edu.tr

ek826@drexel.edu

Email (not yet available)
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CHAPTER 4
Empirical Evaluation of Spontaneous and Dynamic Facial Expression

Databases for Basic Emotion Research

4.1 Introduction

Facial expressions (FEs) are inherently spontaneous and dynamic, posing unique
challenges in the field of emotion recognition. Despite their importance, most previous research
on FE recognition has relied on posed, static images captured at peak intensity (Dawel et al.,
2021; Krumhuber et al., 2013). While this approach offers high experimental control, it has led
to criticisms for its dependence on exaggerated, stereotypical expressions (Matsumoto &
Hwang 2017; Nelson & Russell, 2013), often contributing to high recognition accuracy
observed in earlier studies (Calvo & Nummenmaa, 2016). This distinctiveness of posed
expressions lies in their development nature, designed to depict a singular emotion, devoid of
any mixed or contradictory signals. Such deliberate emphasis can lead to a stylised combination
of facial features, potentially atypical in spontaneous emotional expressions (Carroll & Russell,
1997; Scherer & Ellgring, 2007).

With the growing interest in spontaneous FEs, numerous facial expression databases
(FEDBs) have been developed in recent years, encompassing a wide spectrum of expressions
depicting more realistic and ecologically valid facial behaviours (Dawel et al., 2021). Despite
their higher ecological validity, these databases often showcase facial actions that are complex
and subtle, amplifying the ambiguity of their emotional content (Cohn et al., 2007), thereby

posing challenges for accurate emotion recognition from faces. While some studies have shown
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recognition accuracy of spontaneous expressions surpassing chance levels (Grimm et al., 2006;
Krumhuber et al., 2020), the accuracy rates in most studies have been generally low, failing to
achieve the level of accuracy of posed expressions (Dupré et al., 2019; Calvo & Nummenmaa,
2016).

The heterogeneous composition of spontaneous expressions presents significant
challenges for their classification and interpretation (Berenbaum & Rotter, 1992; Kim &
Sutharson, 2023; Pfister et al., 2011). The subtle facial configurations can also go unnoticed or
are erroneously interpreted (Komori & Onish, 2015; Le Ngo et al., 2016; Sato & Yoshikawa,
2007), particularly when devoid of contextual indicators (Hess & Hareli, 2015). Consequently,
such tendency in turn results in substantially decreased recognition accuracy previously

ranging from 15% to 65% (Wagner, 1990; Kayyal & Russell, 2013).

4.1.1 Spontaneous facial expression databases

Despite the increasing availability of spontaneous FEDBs, their practical application in
research remains somewhat limited. Many studies opt to test their own databases (e.g., Zhang
et al., 2014; Saganowski et al., 2022), often bypassing the opportunity for comparative analysis
with databases from other sources. This practice could potentially confine the generalisability
of findings. Additionally, there is a noticeable inclination in decoding research to focus on only
a few spontaneous FEDBs, generally around two to four databases (Chanti & Caplier, 2018;
Reddy et al., 2019). This selective usage raises questions about the extrapolation and validity
of findings concerning emotion recognition, as conclusions might be tightly bound to specific
databases being used.

Spontaneous FEDBs offer an extensive array of features, encompassing a wide
spectrum of emotions and their corresponding facial actions (Wang et al., 2013; Zhang et al.,

2014). The richness of these databases captures not just the nuances present in FEs, but also
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provides a more realistic portrayal of diverse emotional experiences (Tcherkassof et al., 2013).
However, the inherent complexity of these recordings collectively poses significant challenges
in their accurate recognition and interpretation (Calvo & Nummenmaa, 2016; Saumure et al.,
2018), highlighting the urgent need to explore what makes spontaneous FEs recognisable.
The meticulous construction of spontaneous FEDBs hinges on the elicitation techniques
employed. A vast majority of FEDBs (over 90% of databases; Gross & Levenson, 1995;
Schaefer et al., 2010) rely on emotionally evocative videos or images to induce genuine
emotional responses. Other favoured techniques include immersive emotional tasks (Littlewort
et al., 2007; Sneddon et al., 2012) and in-depth interviews (Zhang et al., 2014). The selection
of elicitation methods is carefully considered to ensure that the expressions captured are both
genuine and align with the emotion the database aims to represent (Gross & Levenson, 1995).
Once expressions are elicited, most FEDBs validate the emotional content of recordings
by incorporating self-reports, wherein encoders reflect on their emotional state, providing a
direct measure of the experienced emotion. Although insightful, this method is complemented
by external assessment to ensure objectivity. The way FEDBs are externally validated varies
from human observer evaluation to machine recognition, with a majority employing automated
facial expression analysis (AFEA) for emotion and action unit (AU) recognition. Human
observers, often unfamiliar with the recordings, are deemed more objective. This method
capitalises on the human ability to perceive and interpret emotional expressions, albeit subject
to individual variances (Krumhuber et al., 2021; Yitzhak et al., 2017). On the other hand, AFEA
classifiers present a cost-effective approach for analysing large amounts of data. Their main
advantage lies in delivering standardised, objective measurements across different datasets,
significantly reducing the subjectivity and variability associated with human interpretation

(Dupré et al., 2019).
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The various methods adopted to elicit and validate spontaneous FEs significantly
impact the quantity and quality of data central to emotion recognition research (Kiister et al.,
2020; Krumhuber et al., 2017). This issue, although pivotal, often goes underemphasised in the
development of databases, with some databases missing out on the evaluation process. A
prevailing trend reveals that many studies validated their databases via in-house AFEA
classification, often without inter-platform comparative evaluations. While these classifiers
demonstrate proficiency within their native training datasets, their reliability wanes when
confronted with novel expressions, especially spontaneous FEDBs where displays are often
heterogeneous (Yitzhak et al., 2017). This discrepancy risks overly optimistic results of a
database’s versatility and adaptability. The field’s current trajectory lacks a cohesive normative
standard that encapsulates the diversity of spontaneous FEDBs documented in the literature.
Such lapses underline the imperative for standardised cross-corpus evaluations, fostering an
environment where databases can be compared to each other. Instituting such a coordinated
benchmark may help accelerate the progress in the field by guiding researchers, to review,

compare, and contrast existing study findings on spontaneous FEs.

4.1.2 Previous works on cross-corpus evaluation

Earlier efforts in cross-corpus evaluation have predominantly centred on algorithmic
advancements rather than the stimulus set itself (Zavarez et al., 2017), aimed to test the
applicability of algorithms developed on one specific FEDB to others that differ in terms of
various characteristics (e.g., elicitation method, recording condition etc). Collective evidence
(Chen et al., 2020; Ryumina et al., 2020) argues that algorithms perform well within the same
dataset used for training (intra-corpus), but their performance often degrades significantly
when tested across different datasets (cross-corpus). In this vein, cross-corpus evaluation is

crucial in determining the generalisability of classifiers and databases (Mayer et al., 2014;
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Ryumina et al., 2022). Initiative challenges like Facial Expression Recognition Analysis
(FERA; Valstar et al., 2015, 2017) and Emotion Recognition in the Wild (EmotiW; Dhall et
al., 2023) have extended cross-corpus evaluation by testing models against a curated set of
FEDBs, each with unique characteristics. These challenges have not only facilitated a direct
comparison of FEDBs but also spurred advancements in algorithms to enhance cross-dataset
performance.

Yet, cross-corpus research in FE recognition ventures beyond algorithmic and technical
precision. The variability in database content and construction presents unique challenges.
Many FEDB publications have indeed focused on validating their own databases or comparing
recognition rates across a limited selection. However, only a few studies delved into the
inherent variability and complexity of human expressions, aiming to understand how these
factors impact recognition performance across diverse datasets.

In past efforts, a significant emphasis was placed on understanding the variability and
challenges posed by spontaneous or “in-the-wild” databases. Studies have incorporated a range
of 2 (Zhang et al., 2022) to 10 (Ryumina et al., 2022) different stimulus sets, encompassing
both posed and spontaneous expression databases in both static and dynamic formats. The
recognition rates varied widely, with general spans from as low as 30% (Zhang et al., 2021) to
over 99% (Ryumian & Karpov; 2020). This performance range was heavily contingent on the
testing databases and conditions under which the expressions were collected (i.e., posed or
spontaneous). A recurrent trend across these studies is that emotion recognition involving
spontaneous expressions often shows a noticeable drop in recognition rates, especially when
algorithmic models were trained on posed datasets.

For dynamic FEDBs, Krumhuber and colleagues (2020) empirically demonstrated the
considerable variability in recognition accuracy across 14 databases, corroborating the notion

that spontaneous expressions are inherently more difficult to recognise. These expressions
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consistently yield lower recognition rates compared to posed ones, primarily due to their
unpredictable and naturalistic presentation. The study further revealed that facial AU
configurations in posed expressions are more prototypical, leading to higher classification
accuracy. Similarly, Benitez-Quiroz and colleagues (2016) and Chen (2020) systematically
compared the performance of various AFEA algorithms across FEDBs, showing significant
variability in accuracy rates that depended on the specific database used for training. This
variability was often linked to differences in emotional intensity and the presence of non-
prototypical cues within spontaneous databases. Additionally, Zhang and colleagues (2022)
conducted a cross-corpus evaluation specifically for micro-expression databases, highlighting
the unique challenges these subtle and fleeting expressions present in generalising performance
across different datasets.

The construction and annotation methodologies of databases heavily influence the
performance of cross-corpus evaluation. For example, methodological rigour and diversity in
annotation approaches, play a substantial role in the accurate recognition of across different
datasets (Ryumina et al., 2020). Research further emphasised the bias inherent in spontaneous
FEDBs, illuminating how the emotion-induction methods, the diversity of subjects, and the
number of annotators contribute to biases that may affect the performance of algorithmic tools
(Wang et al., 2012). Moreover, Ryumina and colleagues (2022) showed that databases with a
broad range of emotion categories, including subtle and complex expressions, often present a
greater challenge for recognition. The expertise of the annotator was also found to influence
the AFEA performance (i.e., naive vs trained coder). Static versus dynamic databases further
escalate the varied performance, as AFEA systems often struggle with dynamic sequences.
These past efforts not only shed light on the algorithmic models used for cross-corpus testing

but also highlight the pressing need for considering diverse characteristics across databases.

145



Hyunwoo Kim Chapter 4

Beyond the recognisability of databases, cross-corpus research has extended to various
aspects of FEs, such as the level of interest (Yeasin et al., 2013), or perceived intensity
(Krumhuber et al., 2020), as well as degrees of depression symptoms (Pampouchidou et al.,
2020). Additionally, a segment of past works has opted for a meta-analytic approach or
integrated reviews to scrutinise the algorithmic methodologies coupled with recognition rates
across databases (Jia et al., 2020; Chen et al., 2020). Despite these diverse approaches, the
integration of spontaneous and dynamic FEDBs into cross-corpus evaluation has been still
sparse, often lacking dynamic quality. This deficiency may be traced back to an overreliance
on proprietary in-house tools for automated classification, which are not widely disseminated
within the research community. This restricted access, along with an absence of cross-corpus
evaluation, risks compromising the research findings dependent on selected stimuli. This gap
highlights a critical need within the field: a focused examination of how well spontaneous

expressions across different corpora can be recognised and interpreted.

4.1.3 Present research

Building on the systematic review presented in Chapter 3, this study aims to empirically
evaluate spontaneous and dynamic FEDBs through a cross-corpus analysis. By utilising the
commercial software AFFDEX, we aim to standardise the comparative approach in testing
spontaneous FEDB. This study ventures beyond the conventional constraints imposed by
proprietary algorithmic tools and posed static expressions, which may inadequately represent
the subtlety and variability inherent in human expressions. The restricted access, along with an
absence of cross-corpus evaluation, risks compromising the research findings dependent on
selected stimuli, potentially leading to an overly optimistic view of a database’s applicability.
Additionally, we seek to revisit the featural characteristics identified in Chapter 2 as

significantly influencing the recognisability of spontaneous expressions.
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Specifically, the current study integrates emotion classification with detailed AU
analysis within the context of spontaneous expressions. According to the extensive review in
Chapter 3, database evaluations often concentrate on either emotion or AU recognition, which
might unintentionally obscure a holistic understanding of facial behaviour. Notably, a
substantial portion of databases (about 60%) prioritise emotion recognition, while a smaller
portion (approximately 30%) delves into detailed FACS analysis. This integrated approach,
which merges the nominal categorisation of emotions with specific facial action patterns, aims
to address the issue of oversimplification (Zhalehpour et al., 2016). It is also important to note
that some databases reviewed in Chapter 3 lack an evaluation process which can limit their
reliability and versatility.

Previous database evaluations typically concentrated on recognition performance
without adequately investigating how intrinsic expression characteristics — prototypicality,
ambiguity, complexity - impact the performance. While prior studies have tapped into these
attributes (Kinchella & Guo, 2021; Matsumoto & Hwang, 2014), they typically do so
separately, without integrating them into a cohesive framework that accounts for their sole
impact or in combinations. In contrast, our research in Chapter 2 provides a comprehensive
analysis of these featural characteristics within a unified framework, offering insights into their
individual and combined contributions to recognition accuracy. Specifically, higher
prototypicality and complexity improve recognition, whereas ambiguity has the opposite effect
(Kim et al., 2023). However, given that these findings are primarily based on posed expressions,
further investigation is needed to understand their influence on the recognition of spontaneous
emotional displays. Furthermore, there has been a pronounced emphasis on controlled, posed
expressions (or with a few spontaneous expressions), which may not accurately reflect the
spontaneous variability encountered in daily life. This methodological oversight hampers the

understanding of the efficacy of these parameters in spontaneous expression recognition.
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In alignment with the previous approach, we focused on the classification of FEs
portraying the six basic emotions, also a choice set by the capabilities of the AFFDEX software.
Considering the widespread accessibility of numerous commercially available software tools,
utilising these for cross-corpus evaluations can offer more practical and accessible
methodologies (Cohn & Sayette, 2010). Drawing from previous research, we hypothesised that
while spontaneous displays might present challenges in classification (Calvo & Nummenmaa,
2016; Yitzhak et al., 2017), the recognition accuracy would likely surpass mere chance level
(Grimm et al., 2006; Krumhuber et al., 2020; Pfister et al., 2011); a finding which may be
explained by the interplay of featural characteristics between prototypicality, complexity and
ambiguity in spontaneous expressions (Kim et al., 2023). We predict that higher expression
prototypicality and complexity would enhance recognition accuracy, whereas greater
ambiguity is expected to reduce recognition accuracy. To the best of our knowledge, this is the
first study that not only compares a large number of publicly available spontaneous FEDBs for
recognition but also critically examines the influence of parameters solely focused on

spontaneous expression recognition.

4.2 Method

4.2.1 Stimulus material

Spontaneous FEs in the form of video clips or image sequences were sourced from a
collection of databases. This selection was rigorously guided by the in-depth review conducted
in Chapter 2. Deviating from the broad selection criteria typically employed, our approach was
specifically tailored to identify databases that had not only been thoroughly reviewed but were
also readily available for empirical testing. We prioritized databases featuring three to six basic

emotions, aligning with the analytical capabilities of AFFDEX. This selection process resulted
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in a final selection of 21 databases featuring three to six basic emotions for emotion and AU
classification via AFFDEX (see Table 4.1). While most databases encompassed five to six
basic emotions, 4DME, CAS(ME)2, and ISED were exceptions, featuring only three to four
emotions.

Delving into the specifics of the chosen databases, expressions within databases were
primarily elicited by leveraging video-inducing techniques, which involve the presentation of
emotionally evocative video clips to induce emotions from participants (for details, please see
Chapter 2). Such techniques have been empirically validated for their efficacy in inducing
targeted emotions (Gross & Levenson, 1995). Beyond video stimuli, a few databases (BINED,
BP4D, EB+) incorporated multiple elicitation techniques, including touching objects or other
active engagement methods, further enriching the emotional repository.

The video recordings predominantly showcase a frontal view of encoders, maintaining
consistency in head orientation and facial visibility. The majority of these recordings adhere to
a frame rate ranging from 25 to 60 frames per second (fps), to capture the fluid dynamics of
FEs. The duration of videos varied significantly between databases, reflecting the diverse
nature of emotion elicitation and recording protocols employed. Moreover, the resolution
quality amongst databases also varies, ranging from medium (640 x 480) to high (2040 x 1088)
definitions. Conclusively, the video recordings mostly feature a plain background, coupled
with controlled lighting conditions, to accentuate the visibility of faces.

In pursuing a consistent representation across varied databases, a systematic selection
protocol was imperative. To this end, we incorporated stratified random sampling (lliyasu &
Etikan al.,, 2021). This approach demarcates the overarching population into distinct,
homogeneous subsets, referred to as ‘strata’. In the context of the current study, we judiciously

undertook selections within the two strata of emotions and gender.
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Consequently, we selected five portrayals of each emotion category from each gender
(male and female) through a process of random sampling (e.g., Figure 4.1). This process
yielded a range of 30 to 60 portrayals per database (10 videos per emotion, maintaining a
balanced gender representation). Noteworthy exceptions were SAMM and LIRIS databases,
which contained fewer than 10 portrayals for certain emotions (e.g., disgust). The selection
process culminated in a total of 1,060 spontaneous and dynamic expressions, derived from 537
female and 522 male encoders. The duration of the selected stimuli ranged from a minimum of

0.5 seconds (SMIC; Li et al., 2013) to a maximum of 2.5 minutes (BioVid; Zhang et al., 2016).

Figure 4.1. Example faces of basic emotions. A) anger, B) disgust, C) fear, D) happiness,
E) sadness, F) surprise (examples from PEDFE database; Miolla et al., 2022)
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Table 4.1. Characteristics of videos from 21 spontaneous databases

Database Videos Encoders
Emotion
Videos(n) Female Male Total
(n)

4DME 3 29 15 14 29
BAUM-1 6 58 29 29 58
BINED 6 59 29 30 59
BioVid 5 50 25 25 50
BP4D 5 50 25 25 50
CAS(ME)2 4 40 20 20 40
CAS(ME)3 6 60 32 28 60
CASME 5 40 15 25 40
CASME-II 5 40 22 18 40
DISFA 5 50 25 25 50
DynEmo 5 50 25 25 50
EB+ 5 50 25 25 50
Emognition 6 60 30 30 60
FEEDTUM 6 60 30 30 60
ISED 4 37 19 18 37
LIRIS 5 50 28 22 50
MMEW 6 57 26 31 57
NVIE 6 59 30 29 59
PEDFE 6 59 30 29 59
SAMM 6 52 34 18 52
SMIC 5 50 24 26 50
Total - 1060 537 522 1060

Note. Some databases consist of a limited number of emotions

151



Hyunwoo Kim Chapter 4
4.2.2 Machine analysis

Due to the discontinuation of FACET software used in chapter 2, the selected 1,060
video stimuli underwent automated analysis using AFFDEX (v1.0; McDuff et al., 2016).
AFFDEX, a commercial software developed by the company iMotion, employs advanced
computer vision and machine learning algorithms to decode FEs, providing an objective
measure of facial activity. The software operates by identifying and tracking specific facial
landmarks within the video, which form the basis for the detection and classification of
emotions and action units (Bishay et al., 2022).

AFFDEX is capable of recognising the six basic emotions (anger, disgust, fear,
happiness, sadness, and surprise) as delineated by Ekman (1992), thereby offering a
comprehensive understanding of the emotional content conveyed by the face. In addition to
recognizing basic emotions, AFFDEX quantifies the probability of 20 Action Units (AU, 2,
4,5,6,7,9,10, 12, 12L/R, 14, 15, 17, 18, 20, 24, 25, 26, 28, 43) presence, capturing subtle
changes in FEs that may not be readily apparent to untrained human observers.

The software generates frame-by-frame probability scores, estimating the likelihood
that a human observer would identify each frame as containing a specific emotion or AU.
Although AFFDEX was primarily trained with posed datasets, it has demonstrated successful
recognition rates for both posed and spontaneous expressions (Stockliet al., 2016),
underscoring its utility in diverse research contexts. Notably, in cross-classifier research,
AFFDEX demonstrated robust performance for different types of expressions, as represented
by its ROC and AUC curves, which reflect the software’s sensitivity and specificity across
different classifiers (Dupr¢ et al., 2020). Given that AFFDEX is designed to output recognition
scores for basic emotions, our analysis was confined to the six basic emotions as predefined by

the database authors.
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Building on the foundational work detailed in Chapter 2, this section revisits the
application of prototypicality, ambiguity, and complexity within the context of video analysis,
emphasising their roles in assessing spontaneous FEs. For a comprehensive description and
measure of these parameters, readers are directed to Chapter 2. Our focus here is on evaluating
how each parameter contributes to the accurate recognition of emotions in spontaneous
expression databases, aligning with our overarching aim of providing cross-corpus evaluation.
These parameters are integral for refining the systematic evaluation of the AFFDEX
recognition performance, particularly discerning which parameters most significantly predict

recognition accuracy.

4.3 Results

4.3.1 Emotion classification

In general, recognition accuracy was significantly higher than chance level of 16.7%
(1/6), with an average correct classification of 30% (SD =23%)), #(20) = 5.57, p <.001, Cohen’s
d = 1.22. Accuracy rates of the majority of databases predominantly fell between 30% and
40%. It is noteworthy that some databases (4ADME, CASME, CAS(ME)3, MMEW, SAMM
and SMIC) lagged behind with recognition rates under 30%, spanning a range from a mere 6%
to 23%.

For a more detailed cross-corpus comparison, a binary emotion recognition outcome by
AFFDEX was predicted using a Bayesian logistic regression model, with the type of database
(21 databases) and the type of emotion (6 basic emotions) as predictors. The model was fit
using the brms package in R, with four chains of 4000 iterations each. The Rhat parameter for

each predictor in the model was equal to 1, indicating successful model convergence.
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The model provided compelling evidence that the recognition accuracy profoundly
varies across databases. Utilising the 4DME database as the reference level, the results revealed
that the BioVid was the best-performing database, with a notably high odds ratio (exp(beta) =
28.88, exp(95%CI)[7.03, 135.79]). This superior performance was closely followed by ISED
(exp(beta) = 24.76, exp(95%CI)[5.79, 124.09]), NVIE (exp(beta) = 21.81, exp(95%CI)[5.74,
102.34]), and FEEDTUM (exp(beta) = 18.38, exp(95%CI)[4.76, 86.57]), suggesting a higher
efficacy for AFFDEX recognition. In support of this notion, predicted accuracy was generally
higher for those databases reaching above 35%.

In stark contrast, databases such as SAMM (exp(beta) = 3.17, exp(95%CI)[0.68,
15.64]), SMIC (exp(beta) = 4.55, exp(95%CI)[1.06, 22.48]), CASME2 (exp(beta) = 5.46,
exp(95%CI)[1.34, 26.38]), CASME (exp(beta) = 5.86, exp(95%CI)[1.37, 28.36]), and MMEW
(exp(beta) = 6.54, exp(95%CI)[1.56, 31.41]) demonstrated poor recognition performance, with
their predicted recognition rates below 20%. This disparity highlights the variability in
classification and emphasises the necessity for a critical evaluation of database selection in
spontaneous facial expression recognition. The remaining databases occupied a middle ground,
with the odds ratios ranging from 8.36 (CAS(ME)3) to 16.73 (PEDFE). Overall, the results
reaffirm the difficulty in emotion classification of spontaneous FEDBs, with a moderate
variability in performance.

Further, results also indicated that recognition accuracy differed as a function of
emotion. Compared to the reference level anger, happiness (exp(beta) = 14.80,
exp(95%CI)[7.84, 28.94]) emerged as the most accurately recognised emotion, followed by
disgust (exp(beta) = 9.01, exp(95%CI)[4.83, 17.38]). The findings align with the inherent
expressiveness and distinctiveness of these emotions. However, emotions such as sadness
(exp(beta) = 0.62, exp(95%CI)[0.28, 1.36]), surprise (exp(beta) = 1.87, exp(95%CI)[0.95,

3.77]) and fear (exp(beta) = 1.04, exp(95%CI)[0.51, 2.19]), showed comparatively lower
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accuracy, indicating potential challenges in AFFDEX for recognising these emotions (Figure
4.2).

Intriguingly, the analysis did not indicate a noticeable interaction effect between the
choice of database and the type of emotion, suggesting that the influence of emotion on
recognition accuracy is relatively uniform across different databases. This absence of
interaction points to the intrinsic characteristics of spontaneous databases while suggesting
potential challenges of AFFDEX in recognising certain emotions.

As shown in Figure 4.3, the confusion matrix reveals a distinct pattern of
misclassification by the AFFDEX, with a notable propensity towards classifying various
emotions as “Disgust”. Specifically, when the true emotion was anger, fear, sadness, or surprise,
it was misinterpreted as disgust 46%, 38%, 54% and 42% of the time, respectively. In contrast,
“Happiness” was correctly classified over 60% of the time, standing as a significant exception
to this trend. These patterns underscore the challenges faced by automated classifiers like
AFFDEX in accurately distinguishing between certain emotions, particularly in differentiating

disgust from anger, fear, sadness and surprise.

155



Hyunwoo Kim

Emotion Recognition across Databases

Chapter 4

Anger Disgust
SAMM .
wen| ves |
g e | [ copvs |
Q2 : plu
L B oo |
8 ; osea | [
4DME I :
S ® S ® $ S ? S ® S
Predicted Accuracy (%) Predicted Accuracy (%)
Fear Happiness
ouc| W suc| - I
on| B som | [
A wew |
wew | [ ues |
2 S - - =
7] : EBplus
%  DynEmo -
e | crses |
S 3 3 ® S S ® e © N

Predicted Accuracy (%)

Predicted Accuracy (%)

156



SMIC

SAMM

PEDFE

NVIE

MMEW

LIRIS

ISED
FEEDTUM

» Emognition

EBplus

Database

DynEmo
DISFA
CASMEII
CASME
CAS(ME)3
BP4D
BioVid
BINED

BAUM1

Sadness
[ | :
|
I
I
|
N
I
I
-
-
-
.
|
| :
m
I
-
N
N Ll S A N

Predicted Accuracy (%)

SMIC
SAMM
PEDFE
NVIE
MMEW
LIRIS
ISED
FEEDTUM
Emognition
EBplus
DynEmo
DISFA
CASMEII
CASME
CAS(ME)3
CAS(ME)2
BP4D
BINED
BAUM1

4DME

Chapter 4

Predicted Accuracy (%)
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Figure 4.3. Confusion matrix across six basic emotions

4.3.2 Cluster analysis

To discern patterns of emotion recognition performance across various databases, a
hierarchical cluster analysis was conducted. This methodological approach aimed to group
databases based on their similarities in recognition. The Euclidean distances calculated from
the emotion classification accuracies were used to determine the proximity between databases,
with shorter distances indicating greater similarity in emotion recognition performance.

The analysis segmented the databases into three distinct clusters based on their
recognition accuracy (Figure 4.4). Cluster 1, characterised by superior accuracy, encompassed

BioVid, FEEDTUM, ISED, and NVIE, distinguishing them as top-tier databases. Within this
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cluster, most emotions (all or with mere one exception) consistently surpassed chance-level
accuracy, with disgust and happiness reaching rates beyond 60% and 75%, respectively.
Cluster 2, more expansive in its composition, comprised databases such as CAS(ME)?,
CAS(ME)?, DynEmo, and others. Here, happiness and disgust maintained commendable
accuracy around 70% and 50%, but a minimum of two emotions fell below the chance threshold.
Finally, Cluster 3, featuring 4DME, MMEW CASME, CASME2 SAMM and SMIC, often
matched (or even below) against chance level. Although happiness and disgust achieved rates
around 40%, all other emotions fell short of the chance threshold. Across all clusters, the

standout accuracy of disgust and happiness mirrored patterns observed in the confusion matrix.
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Figure 4.4. Dendrogram showing the hierarchical clustering of the 21 spontaneous databases

4.3.3 AU analysis

A FACS analysis was conducted by AFFDEX to investigate the degree to which the

classification of the six basic emotions relies on individual facial actions. We estimated the
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relative contribution of the 20 AUs to emotion identification using a Bayesian penalised
regression model with a regularised horseshoe prior (Piironen & Vehtari, 2017; Van Erp et al.,
2019). The predicted number of non-zero coefficients was set to 1-5, mirroring the minimal
number of AU prototypes for each emotion. Overall, happiness was the emotion best predicted
by AUs (R? = 0.65), followed by sadness (R? = 0.48), fear (R? = 0.46), surprise (R? = 0.38),
disgust (R? = 0.36) and anger (R?> = 0.13).

When examining the classification by individual facial actions, results showed a varied
contribution of individual AUs to emotion classification, as tabulated in 4.2. The findings
corroborate, to an extent, the Basic Emotion Theory (Ekman et al., 2002), particularly noting
that certain AUs crucially enhance the predictive accuracy of specific emotions. For instance,
AU4 effectively predicted correct anger recognition while AUs 9 and 10 are more closely
associated with disgust. Similarly, fear is predominantly represented by AUS5 and AU20,
happiness by AU6 and AU12, sadness by AU4 and AU15, and surprise by AU2 and AU26,
respectively.

Notwithstanding these alignments, our findings revealed more flexible AU patterns
than previously recognised within the scope of BET. Several prototypical AUs indicated by the
FACS were observed to have a diminished or occasionally inverse effect on emotion
recognition, such as AUS and 10 in the context of anger. In addition, our data suggest the
contribution of non-prototypical AUs (e.g., AU14 and 28 for anger, AU24 for disgust etc.) in

spontaneous expression, albeit with minimal impact (see Table 4.2).
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Table 4.2. AU relative contribution to emotion recognition performance

Emotion exp(b)

Database Anger Disgust Fear Happiness Sadness  Surprise

AUl Inner brow raise 0.26 - 0.98 0.85 2.09 1.05
AU2 Brow raise 0.99 0.53 0.84 1.02 0.50 2.82
AU4 Brow furrow 1.83 0.60 0.87 0.79 5.37 0.04
AUS Eye widen 0.43 0.70 341 1.01 0.91 0.78
AU6 Cheek raise 0.80 0.59 0.88 1.09 0.65 1.26
AU7 Lid tighten 1.30 1.48 0.06 0.82 0.80 0.17
AU9 Nose wrinkle 0.74 1.71 0.61 0.96 0.91 0.56
AUI10 Upper lip rise 0.29 2.17 0.85 0.89 0.41 0.15
AU12 Lip corner puller 0.06 0.31 0.03 18.14 0.76 0.21
AUI12L/R Smirk 0.95 1.04 0.90 - 0.95 1.02
AU14 Dimpler 1.07 1.04 - 0.99 1.03 0.97
AU1S5 Lip corner depressor 0.99 0.92 0.82 1.11 1.24 1.01
AU17 Chin raise - 1.14 1.15 0.94 0.98 0.81
AU18 Lip pucker 0.98 1.40 1.18 0.74 0.69 0.77
AU20 Lip stretch 1.02 0.64 1.16 1.90 - 0.35
AU24 Lip press 0.95 1.17 0.93 0.99 0.99 -
AU25 Mouth open 0.99 0.95 1.01 1.33 1.18 1.26
AU26 Jaw drop 1.01 1.04 0.59 - 0.83 1.32
AU28 Lip suck 1.14 0.97 1.03 1.09 0.77 1.07
AUA43 Eye closure 0.95 1.19 1.19 1.01 1.22 -

Note. Exponentiated regression coefficients (exp(beta)) of prototypes are printed in bold. The prior of po were
anger = 4, disgust = 1, fear = 5, happiness = 1, sadness = 2, surprise = 3.

4.3.4 Prototypicality, ambiguity and complexity

We subsequently examined the difference in parameter scores across databases and
emotions, uncovering a notable trend in their distribution. Generally, these scores showed
marginal variation, with most falling within the range of 20 and 30. On average, databases

demonstrated low prototypicality, marked by a mean score of 24.66 (SD = 17.15). Notably,
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certain databases including, BAUM-1, BP4D, and ISED, stood out with higher prototypicality
scores exceeding 35, aligning with those achieving moderate to high accuracy in emotion
classification. In contrast, databases focusing on micro-expressions (particularly CAS(ME)2,
CAS(ME)3, CASME-II, SMIC) exhibited notably lower prototypicality, with scores under 20.
Together, the trend indicates that spontaneous expressions often deviate from the FACS
prototypes, highlighting the diversity in their appearance.

In the assessment of ambiguity across databases, a consistent yet nuanced pattern
emerged. The ambiguity scores predominantly centred around a mean of 28.79 (SD = 6.65),
denoting a moderate level of ambiguity in the representation of emotions. This trend stands in
contrast to the observed patterns in prototypicality. Specifically, micro-expression databases
such as CAS(ME)2, CAS(ME)3, MMEW, SAMM and SMIC, exhibited slightly higher levels
of ambiguity, with scores frequently surpassing 30. On the other hand, databases like BAUMI,
BP4D and ISED showed lower ambiguity levels, generally around 25. Yet, generally moderate
level of ambiguity across databases highlights the more complicated discernibility of
spontaneous databases.

Finally, for the complexity, a significant variance across databases is observed. The
overall mean complexity score stands at 18.01 (SD = 7.06), suggesting a relatively low to
moderate complexity across databases. However, databases like BP4D and EB+ exhibit
notably higher complexity scores around 38, indicating a wider range of variation across
databases. Again, micro-expression databases such as CAS(ME)2, CAS(ME)3, CASME-II,

SAMM and MMEW report much lower complexity scores, often below 10 (see Figure 4.5).
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Figure 4.5. Prototypicality, ambiguity, and complexity across databases

In order to discern the relative contribution of each parameter, a Bayesian mixed-effects
logistic regression model was fitted to predict classification accuracy based on fixed effects of
prototypicality, ambiguity, and normalised complexity, with random intercepts for each
database. The standard deviation of the random intercepts for each database was 0.33,
indicating unexplained variability in accuracy across databases. The model diagnostics

indicated successful convergence (Rhat = 1 for all parameters), underscoring the robustness of

the model.
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The model revealed that both prototypicality and complexity exerted a positive
influence on accuracy. Specifically, a unit increase in prototypicality was associated with an
increase in the odds of accuracy by a factor of 1.32 (exp(beta) = 1.32, exp(95%CI)[1.14, 1.53]).
In a similar vein, a unit augmentation in complexity was associated with an increase in the odds
of accuracy by a factor of 1.30 (exp(beta) = 1.30, exp(95%CI)[1.07, 1.58]). Conversely,
ambiguity was found to negatively impact accuracy. A unit increase in ambiguity was
associated with a decrease in the odds of accuracy by a factor of 0.79 (exp(beta) = 0.79,
exp(95%CI)[0.65, 0.96]). Given the results, prototypicality appears to be the strongest positive
predictor, but the difference between prototypicality and complexity is minimal. Ambiguity is

a strong negative predictor, with its effect being in the opposite direction (Figure 4.6).

Figure 4.6. Predicted power of prototypicality, ambiguity, and complexity on recognition
accuracy

A B C
il g >
gos -
3 // 2 2
§ i 3 3
& & &

///
-
////
Prototypicality ’ ' Ambiguity ' Complexity

Note. Regression line indicates the relationship between predicted accuracy and individual scores of (A)
prototypicality, (B) ambiguity, and (C) complexity. The line shades represent upper and lower bounds 95%

credible interval

164



Hyunwoo Kim Chapter 4

4.4 General Discussion

The growing interest in ecologically valid facial expression stimuli has spurred the
development of a multitude of spontaneous FEDBs over the past two decades. This
proliferation has provided the scientific community with a diverse array of datasets, each
distinct in its size and characteristics. While there have been isolated efforts to validate these
resources (Wallhoff et al., 2006; Yan et al., 2014; Zhang et al., 2014), a comprehensive cross-
corpus evaluation has still been lacking. Previous validation efforts on databases often focused
on a narrow selection of spontaneous databases or primarily against posed ones (Krumhuber et
al., 2021, encompassing both static and dynamic datasets (Cassidy et al., 2015). A
comprehensive evaluation, particularly regarding expression characteristic metrics
(prototypicality, ambiguity, complexity) is essential for meaningful database comparison,
which has not been overtly explored. Moreover, given the variability in validation
methodologies (Jia et al., 2021), a standardised approach becomes imperative. This study aims
to evaluate various spontaneous FEDBs using the commercially available AFEA software,
AFFDEX (iMotion). In doing so, we not only offer critical evaluation metrics but also shed
light on the available sets in the field, striving to establish a foundational benchmark for further
studies in spontaneous FE analysis.

The results reaffirm previous findings highlighting the inherent difficulties in
recognising spontaneous FEs (Krumhuber et al., 2019; for review see Webster et al., 2021).
Through an extensive evaluation of 21 databases, we observed a modest average classification
accuracy of 30%. Nevertheless, while earlier conclusions about the challenges of spontaneous
expression recognition often pivoted on limited spontaneous datasets, our expansive approach
unveiled marked disparities in emotion classification accuracy across databases. Specifically,
databases such as FEEDTUM, NVIE, BioVid and ISED emerged as the top-performing

databases, achieving recognition rates surpassing 40% - a degree notably above the chance
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level. These databases predominantly feature expressions induced by video stimuli, specifically
designed to trigger target emotions (Happy et al., 2015; Wallhoff et al., 2006). The successive
performance of these databases may be partially explained by the high data quality and
resolution they offer, suggesting a judicious balance between experimental control and
distinctive representation of emotion, ultimately leading to improved algorithmic classification.

In contrast, databases such as 4DME, CASME, CASME 2, MMEW, SAMM, and
SMIC, which primarily catalogue micro-expressions, demonstrated subsequently diminished
recognition accuracy, often nearing or even falling below the chance level. Micro-expressions
are fleeting, involuntary facial movements that manifest when individuals disclose an emotion
they intend to conceal or regulate (Yan et al., 2014). These rapid and subdued expressions,
typically lasting a mere 0.5 seconds (Davison et al., 2018), invariably complicate recognition,
especially when compared to intense ones (Yitzhak et al., 2017). Despite their subtlety, micro-
expressions offer insightful glimpses into genuine emotional states, warranting further
exploration (Yan et al., 2013). Given these intrinsic challenges, the observed average accuracy
of 16.9% in these databases may be unsurprising. However, when paired with specialised
machine-learning techniques, these databases have showcased commendable recognition rates
in their original publications (Li et al., 2022; Yan et al., 2013), highlighting their niche utility
in the field of facial expression research.

The results collectively shed light on the intricate diverse representativeness inherent
in spontaneous FEDBs. This disparity accentuates the notion that spontaneous FEDBs are not
a monolithic category; instead, they span a spectrum, from easily recognisable databases to
fleeting subtle micro-expressions. Such diversity in representation necessitates the pressing
need for a granular comprehension of the distinct properties within spontaneous databases,
essential for not only crafting more effective AFEA software but also advancing our

understanding of spontaneous expression recognition.
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Building on the systematic review in Chapter 3, the findings from Chapter 4 provide
preliminary insights into the aspects of spontaneous FEDBs that may facilitate more accurate
emotion recognition by AFEA systems. While our study did not directly examine how specific
database characteristics influence machine performance, certain patterns emerge when
exploring the top-performing databases. These databases often feature highly prototypical
expressions captured from a frontal view with minimal head orientation, and they frequently
relying on a single elicitation technique targeted for inducing basic emotions. These features
likely contribute to their standardisation, which seem to align well with the technical
capabilities of automated recognition tools, optimised for clear, unambiguous input.

By exploring the commonality within clusters of databases and the differences between
clusters, the current research acknowledges the heterogeneity of spontaneous databases in
terms of their constructive and representative aspects, thereby opening new avenues for both
empirical and practical applications. The findings collectively aid in the informed-selection of
databases that align with research objectives and suggest areas where further refinement of
AFEA systems can take place, potentially leading to more robust and reliable models capable
of handling the diverse nature of spontaneous FEs.

Findings also revealed marked variation in recognition accuracy across emotions within
spontaneous databases. We focused on the basic six emotions for stimulus collection, aligning
with the analytical capabilities of commercial AFEA classifiers. Rooted in Basic Emotion
Theory (BET), these emotion categories stringently adhere to Ekman’s criteria for universal
expressions, representing core emotional repertoire (Ekman & Cordaro, 2011). Consistent with
previous research (Krumhuber et al., 2019; Nummenmaa & Calvo, 2015), happiness, the sole
positive emotion examined, emerged as the most accurately classified emotion, likely due to
the distinctive facial prototypes such as raised cheeks and crow’s feet, enhanced recognition

(Ekman et al., 1990; Soussignan, 2002). Conversely, sadness was frequently misclassified as
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disgust, resulting in reduced accuracy. Notably, while both happiness and disgust achieved
high recognition rates, the recurrent miscategorisation of emotions (anger, fear, sadness,
surprise) as disgust yielded reduced recognition accuracies, with only surprise slightly
exceeding the chance level. This trend raises questions about potential biases in the AFFDEX
software, prompting concerns about its precision in classifying disgust. This challenge was
more evident in micro-expression databases, suggesting their understated displays were
erroneously classified, especially in the absence of a ‘neutral’ category in AFFDX
classification. Overall, our findings spotlight the difficulty and potential pitfalls of relying
merely on a single commercial software for spontaneous FEDBs, advocating for various
validation methods in facial expression databases.

It is important to consider whether the misclassifications observed with AFFDEX are
also present in human observers or other AFEA classifiers like FACET. Human observers often
exhibit systematic confusion patterns, such as mistaking disgust for anger or fear for surprise,
which remain relatively consistent across studies and databases (Calvo & Numenmaa, 2016).
This consistent pattern is likely due to the shared facial muscle activations between these
emotions (Ekman & Friesen, 1978). Given that machines are typically trained on human-
annotated data, some classifiers tend to mirror these confusion patterns, as seen with FACET
and FaceReader (Calvo et al., 2018; Lewinski et al., 2014). Notably, FACET tends to
misclassify certain emotion as disgust to a certain extent; however, its misclassification errors
are more evenly spread across different emotions (e.g., fear to happiness; Krumhuber et al.,
2020). This variation across classifiers might be attributed to different dataset used in the
training. Although our study does not directly compare the sensitivity and confusions patterns
across various classifiers, understanding these differences is vital for ensuring the reliability of

AFEA tools. Future research could benefit from examining how these biases manifest across
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different algorithmic tools and human ratings, potentially leading to more refined models that
reduce misclassification errors.

Through a detailed FACS analysis, we examined the extent to which the classification
of six emotions depends on individual facial actions. While FACS prototypes were shown to
be the most salient AUs for accurate emotion classification, we identified other AUs indicative
of emotions (e.g., AU7 and AU18 for disgust). Also, while FACS traditionally underscores the
significance of AU combinations in characterising emotions (Ekman et al., 2002), our findings
showed that frequently just a select group of these prototypes, or even an isolated AU, plays a
pivotal role in the accurate classification of spontaneous expressions. This result resonates with
earlier studies suggesting that a singular AU can be sufficiently representative of distinct
emotions (Namba et al., 2017). This intricate involvement of AUs raises pivotal questions
regarding the contribution of prototypical AUs in the context of spontaneous expression
recognition. While our results affirm the significance of certain AUs as posited by Ekman’s
prototypes, they also highlight that not all prototypical AUs are equally influential. For example,
in the case of anger, AU4 and 12L/R emerge as more critical than other AUs traditionally
associated with this emotion. This disparity suggests a potential re-evaluation of what
constitutes a ‘full” versus a ‘partial’ prototype in the representation of real-life emotion.
However, it is important to note that the most potent predictors for precise recognition
invariably aligned with the AUs delineated in the FACS manual, emphasising their
foundational role in emotion classification.

In support of this notion, prototypicality played a pivotal role, wherein expressions
aligned closely with BET predictions facilitating enhanced recognition (Ekman et al., 2002).
Notably, while prototypicality emerged as a significant predictor for static expressions, but not
for dynamic expressions in earlier research using posed expressions (Kim et al., 2023), its

influence becomes more pronounced in spontaneous facial displays. Previous investigations on
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prototypicality primarily centred on posed expressions, often amplifying their importance
(Matsumoto & Hwang, 2014). Here, we showed the varying degrees of prototypicality within
spontaneous FEDBs influencing the discernibility of key facial configurations, thereby
impacting machine analysis. This dependency is likely rooted in the machine’s historical
training on posed or stylised expressions (Pantic & Bartlett, 2007).

The role of prototypical facial cues might be modulated by the expression intensity.
Consistent with prior studies (Kim et al., 2023; Matsumoto & Hwang, 2014), the complexity
of expressions markedly influenced machine performance. Elevated facial expressivity seems
to bolster emotion decoding, suggesting a fundamental association between intensity and
recognition (Hess et al., 1997; Wingenbach et al., 2016). Importantly, the complexity
enumerates the number of active AUs, independent of their individual strength. This metric
captures an abundance of facial actions, unfettered by the magnitude of singular AU
contractions. This distinction is crucial as facial displays often manifest as a confluence of
multiple AUs, not always aligning with prototypical representation of basic emotions.

The heterogeneity in prototypicality and complexity across FEDBs may be closely
intertwined with the elicitation tasks and stimuli deployed for emotion induction. For instance,
while most databases deployed video induction techniques without any restriction, micro-
expressions databases, which frequently instruct participants to suppress their emotions, tend
to showcase facial configurations in diminished intensity (Davison, 2018; Yan et al., 2013,
2014). Such attenuated intensity can engender increased confusion and uncertainty in emotion
classification (Ichikawa et al., 2014; Matsumoto et al., 2002), presenting a formidable
challenge for machine-based recognition.

Finally, ambiguous expressions displaying multiple basic emotions (i.e., when FEs are
categorically ambiguous) consistently presented classification errors, particularly when

measured by the degree to which contradictory emotional cues were present. Given that
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classification decisions typically rely on the most distinctive facial features (Calvo et al., 2012;
Du et al., 2014; Fiorentini & Viviani, 2009), such ambiguity escalates the challenges faced by
machine-driven systems in discerning discrete emotions (Calder et al., 2000; Neta & Whalen,
2010). In naturalistic settings, emotions rarely manifest in isolation. They often co-occur,
creating various nuances of emotional states (Du et al., 2014; Du & Martinez, 2022). This
intricate emotional tapestry not only highlights the diversity of human emotional experiences
but also emphasises the complexity of recognising spontaneous expressions (Ito et al., 2017;
Kinchella & Guo, 2021).

These findings collectively highlight the interdependent relationship between
prototypicality, ambiguity and complexity within spontaneous emotional expressions.
Expressions characterised by higher ambiguity often contain conflicting emotional cues,
leading to less distinct prototypical FEs. Conversely, clearer expressions tend to have lower
ambiguity and higher prototypicality. The generally low parameter scores across spontaneous
databases likely stem from the low probability in emotion and AU ratings across databases
used for measuring complexity scores. These findings underscore the intricate balance and the
critical role these factors play in the accurate classification of FEs.

Until now, there is a prevailing trend where expressions are strictly labelled based on
single emotions. While most of the existing databases contain single emotion labels that are
indicative of targeted emotions, many videos present multiple emotional reactions, highlighting
potential issues with annotation quality (e.g., smile after surprise elicitation). Such lapses in
annotation potentially lead to erroneous conclusions in data interpretation and inadvertently
introduce biases in subsequent analysis (Chen et al., 2021; Zeng et al., 2014). It is advisable to
involve multiple annotators, ensuring their inputs are cross-validated to enhance annotation
precision and move beyond mere single categorical labels for a more accurate representation

of emotion.
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A noteworthy limitation of the current study is its primary focus on induced
spontaneous expressions, which might not fully capture the various types of expressions
encountered in real-world scenarios. This emphasis likely stems from the prevalent use of
emotion induction techniques in spontaneous databases. Autobiographical and other context-
driven facial displays, which often provide a richer and more nuanced representation of
emotions (Levenson, 2007), could be explored in future studies. Moreover, the study did not
account for the impact of technical features, such as head orientation, duration, face box,
resolution, and frame rate, all of which have been identified as pivotal determinants of machine
recognition accuracy (Krumhuber et al., 2021). The lack of human observer ratings further
constrains the applicability of our findings, primarily to machine-based recognition.
Incorporating such human evaluation would establish a comparative benchmark against
machine classifications, shedding light on the similarities and differences between machine
and human recognition of spontaneous expressions.

To optimise our understanding of spontaneous expression, future research necessitates
a paradigmatic shift from the prevailing elicitation techniques. While databases predominantly
rely on video induction, the resulting expressions can occasionally produce a fixed appearance.
For instance, the uniformity of gaze direction (e.g., eye fixation on the screen) might subtly
influence the spontaneity of the expression (Ganel et al., 2005; Soussignan et al., 2018). Given
that the contexts in which expressions manifest are unlikely to be steady in everyday life,
databases should aim to encompass a wide array of emotional contexts that authentically mirror
real-life expressions.

Notably, while a significant portion of examined databases presented a consistent
frontal view, it might also be useful for FEDBs to encapsulate more flexibility in head
orientation, ensuring that AFEA classifiers are equipped with training data that spans diverse

facial viewing angles. Achieving this could involve leveraging multi-camera setups, offering a

172



Hyunwoo Kim Chapter 4

comprehensive view of facial movements (Tcherkassof et al., 2013; Zhalehpour et al., 2017,
Zhang et al., 2016). These advanced setups are particularly beneficial for AFEA algorithms,
which necessitate voluminous and varied training data, thereby enabling a fine-tuned analysis
of a broad spectrum of spontaneous expressions.

Even though discrete emotions paradigms remain influential (Cordaro et al., 2018),
emerging critiques warn against potential oversimplifications, urging a more detailed
exploration of emotional diversities (Barrett et al., 2019; Kappas et al., 2013). In response, a
few promising efforts have lately aimed to extend the range of elicitation techniques and
include non-basic affective states. Some of the databases examined here (i.e., BP4D, DynEmo,
Emognition etc.) reflect this shift, capturing a wider array of affective displays such as boredom,
enthusiasm and being moved, which might otherwise be subsumed under broader discrete
categories. Moreover, pioneering attempts to detect emotions in naturalistic settings using
commercial classifiers have begun to capture the various subtle nuances of facial expressions
(Bishay et al., 2022). It becomes incumbent upon future research to critically evaluate and
validate spontaneous databases that transcend the basic emotion framework, aiming to fully
embrace and accurately classify the diverse affective states. Such progress is not only pivotal
for advancing emotion theory but also augments the versatility and applicability of FEDBs and
AFEA classifiers. The present study constitutes an initial effort to offer cross-corpus validation
of 21 spontaneous databases in a dynamic format. We hope that our contributions serve as a

benchmark for assisting future progress in the field.
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CHAPTER 5

General Discussion

Facial expressions play an integral role in daily social interactions, serving as primary
indicators in the interpretation of others’ mental states and intentions (Krumhuber et al., 2023).
These expressions we encounter in everyday scenarios are inherently spontaneous and dynamic,
revealing essential information about the underlying emotional states. Despite their
significance, much of the past research has predominantly utilised posed static images, often
captured at the peak of emotional displays. Although these controlled depictions have laid the
groundwork for understanding basic emotions (Ekman et al., 1987), they do not adequately
represent the progression and intricate morphology of genuine emotional expressions (Barrett
et al., 2019), and thus are low in ecological validity. Converging evidence suggests that
dynamic and spontaneous aspects are essential for an accurate and realistic representation of
emotions and social signals (Hess et al., 1990; Namba et al., 2018).

A major concern within facial expression research lies in determining the specific
circumstances under which dynamic information yields facilitative benefits and what attributes
make expressions recognisable. Past research provided suggestive (Ambadar et al., 2005;
Cunningham & Wallraven, 2009), albeit inconclusive, evidence for the dynamic advantage,
with several studies showing no benefits of dynamic information (Gold et al., 2013; Kamachi
et al.,, 2001). In Chapter 2, the current work showed that dynamic information plays a
compensatory role in emotion recognition when static cues are insufficient for accurate
representation in humans and machines (Kim et al., 2023). The recognisability of static and
dynamic expressions appears to be significantly influenced by key featural parameters

(prototypicality, ambiguity, and complexity). This research provided preliminary insights into
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how these parameters interact within the dynamic and static expressions. Nonetheless, since
the majority of portrayals used in this work were from posed databases, several questions
remain regarding the spontaneous aspects of facial expressions.

The persistent reliance on posed expressions in facial recognition research likely stems
from the limited resources for and exploration into spontaneous FEDBs. Central to our
investigation are the questions concerning which databases are available to study spontaneous
expressions, and what unique conceptual and technical information underlies the spontaneous
databases. Further inquiries pertain to how well these expressions are recognised in terms of
both emotion and AUs. Herein, the systematic review and empirical evaluation of available
resources is needed. This dissertation is dedicated to shedding light on the scope and intricacy
of spontaneous expressions, aiming to foster a more ecologically valid comprehension of facial
behaviour. By conducting a systematic and empirical analysis of spontaneous FEDBs, this
research seeks to delineate how dynamic, genuine facial expressions contrast with their static,
posed counterparts, focusing on aspects of recognizability and constructive aspects.

As this dissertation investigates the recognition of dynamic and genuine FEs, it
becomes essential to assess how well these expressions are recognised by humans and
machines. Previous research has demonstrated that machines typically outperform humans in
recognising posed, prototypical expressions (Stockli et al., 2018), yet they struggle for subtle
and spontaneous expressions (Yitzhak et al., 2017). Although AFEA tools typically exhibit
recognition and confusion patterns similar to human observers (Calvo & Nummenmaa, 2016),
the inconsistent performance of these machines raises concern about their effectiveness in
handling subtlety and ambiguity prevalent in everyday expressions. Findings from Chapter 2
provide evidence that, to some extent, machines are becoming capable of handling these, non-

target, subtle, and ambiguous expressions. However, as highlighted in Chapter 4, the overall
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low performance of machines in recognising diverse spontaneous FEDBs suggests that their
effectiveness may depend on the databases and tools for testing.

The current chapter is to provide a comprehensive overview and synthesis of research
findings. Initially, I will summarise the key outcomes of the empirical studies and reviews
conducted as part of this dissertation. Following this summary, I propose a conceptual
framework that integrates the observed difference between posed, spontaneous and naturalistic
expressions, offering a cohesive understanding of facial expressions. I will then delve into the
significant contributions and implications of this research, highlighting its impact on the field
of facial expression research. This will be followed by an evaluation of the strengths and
limitations of our methodological approach, ensuring a balanced reflection on the conducted

studies. Finally, the current chapter will outline recommendations for future research directions.

5.1 Summary of the Main Findings

The aim of the research reported in Chapter 2 was to investigate the dynamic advantage
in emotion recognition, particularly contrasting static versus dynamic expressions and their
effect on both human and machine recognition. Three featural parameters - prototypicality,
ambiguity, and complexity — were further to identify the condition under which the movement
confers its facilitative effects. This work utilised static images, each depicting peak expressions
of targeted and non-targeted emotions, to compare them with corresponding dynamic
representations. This methodology was specifically chosen to test conditions under which
dynamic information substantially aids emotion recognition, particularly when static
representations alone are more or less sufficient in depicting emotion.

The results showed notable distinctions between static and dynamic expression
recognition. In alignment with the hypothesis, dynamic cues were found to aid recognition for

non-target images but not for target images. Notably, results illuminated how the
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distinctiveness of expressions impacts recognition, as modulated by our featural parameters.
High prototypicality and complexity were conducive to heightened recognition rates,
underpinning the pivotal role of clear, expressive cues. Conversely, elevated levels of
ambiguity typically hindered accurate emotion recognition. These patterns of recognition were
consistently observed across both human observers and the AFEA tool.

Collectively, the results from Chapter 2 suggest the compensatory yet significant role
of dynamic information, especially when static cues fail to represent target emotions. These
results suggest that peak static faces could serve as a viable alternative for dynamic expressions,
at least for emotion recognition. In both studies, the AFEA tool outperformed human observers
across all three conditions — target, non-target, and dynamic -. This consistent performance,
along with similar or higher recognition rates may suggest that automated tools are an effective
alternative for emotion recognition tasks. These findings extend previous research by
demonstrating the inconsistent effect of dynamic information on emotion recognition
depending on the representativeness of static expressions.

In Chapter 3, I systematically reviewed spontaneous and dynamic facial expression
databases, diverging from past reviews that predominantly cover posed, static datasets
(Diconne et al., 2022; Guerdelli et al., 2022; Haamer et al., 2018). Despite the increasing
awareness of ecological validity in facial expression research, a comprehensive review of
available spontaneous resources and their impact on facial expression recognition was lacking.
This chapter therefore aimed to bridge this knowledge gap by not only introducing a variety of
datasets but also detailing the conceptual, technical, and practical facets of these resources. Our
comprehensive assessment aspires to serve as a benchmark, equipping future researchers with
a guide to making well-informed decisions, thereby enhancing the utility and versatility of

spontaneous FEDBs in facial expression research.
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In conceptual aspects, the review highlights the importance of elicitation techniques in
developing spontaneous FEDBs. These methods, which span from passive viewing of emotion-
evoking videos to active engagement in elicitation tasks, are pivotal in shaping the genuineness
and quality of the recorded expressions. Such approaches also streamline the annotation
process by labelling recordings directly from targeted emotions. The meticulous annotation of
emotion or AU significantly amplifies the practicality and utility of databases in exploring both
encoding and decoding aspects of facial expressions. Moreover, our review identified a
persistent focus on basic emotions within these databases, likely reflecting the enduring impact
of the discrete emotion paradigm. Although there is a noticeable shift towards incorporating a
wide range of emotional nuances within some FEDBs, extending beyond basic emotion
categories remains an area for continued effort.

Technically, there have been significant advancements in recording protocols within
FEDBs, with many databases now providing standardised illumination and background,
alongside the transition to higher-resolution recordings. However, the current work also
identified the need for improvement in frame rates to capture detailed dynamics of facial
behaviour more precisely. Additionally, the prominence of AFEA tools for assessing the
emotional quality of recordings has reshaped database design, increasingly tailoring these
resources towards improving human-machine interaction. However, the integration of
physiological measures and multimodal data into these databases is still evolving, indicating
room for further improvement to provide a more holistic representation of emotional
expressions.

In synthesising the conceptual and technical aspects of the databases, our review
highlights significant disparities in the development and application of spontaneous and
dynamic FEDBs. While the increased number of spontaneous databases represents a significant

leap toward ecological validity in facial expression research, this work pinpointed several

178



Hyunwoo Kim Chapter 5

persistent challenges that warrant attention. Specifically, there is a need for diversifying
elicitation methods, broadening emotional categories and adopting rigorous annotation and
evaluation processes. Addressing these gaps will not only advance the field but also ensure that
these databases more accurately reflect real-life human expressions, thereby facilitating more
robust and generalisable research outcomes.

Expanding upon the systematic review in Chapter 3, our study in Chapter 4 sought to
empirically evaluate spontaneous and dynamic FEDBs through a cross-corpus analysis.
Employing the commercial software AFFDEX, our objective was to refine and standardise
comparative analysis for spontaneous databases. Past evaluations of these resources have been
narrowly focused, often confined to single-corpus studies that fail to assess the generalisability
of findings across varied stimulus sets. These evaluations predominantly concentrated on
singular aspects — either emotion or AU recognition — without integrating a comprehensive
framework. Additionally, this chapter delved into the specific roles of individual AUs in the
context of spontaneous expression recognition and assessed their correspondence with the
FACS prototypes. The investigation was further explored by revisiting and validating the
featural characteristics of prototypicality, ambiguity, and complexity, outlined in Chapter 2, to
ascertain their influence on the recognition of spontaneous expressions.

Our findings showed considerable difficulties inherent in recognising spontaneous
facial expressions, surpassing mere chance levels. However, expanding previous findings
(Dupré¢ et al., 2019; Krumhuber et al., 2021a), our results revealed substantial disparities in
classification accuracy across spontaneous FEDBs, highlighting the varied representativeness
within spontaneous FEDBs for basic emotions. Interestingly, while certain FACS prototypes
proved significant for accurate emotion classification, other AUs also appear to be indicators
of specific emotions. Nonetheless, the most reliable predictors for precise recognition

consistently aligned with prototypes delineated from the FACS manual. Consistent with
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findings from Chapter 2, heightened prototypicality and complexity were observed to enhance
recognition performance. Conversely, increased ambiguity exacerbated the recognition
challenges, complicating the recognition of discrete emotions.

Taken together, the findings from Chapter 4 highlight the diverse representativeness
across spontaneous FEDBs, spanning from easily identifiable to subtle and fleeting. This
disparity emphasises that spontaneous FEDBs are not homogenous but rather form a spectrum.
Synthesising the insights from Chapter 3, our research extends previous understanding by
highlighting factors and characteristics influencing spontaneous expression recognition. This
heterogeneity across databases necessitates the need to investigate distinct properties within
spontaneous databases and their impacts. Furthermore, our findings align with prior research
(Namba et al., 2017; Girard et al., 2015), indicating that spontaneous expressions exhibit more
flexible AU patterns contributing to accurate classification. Nevertheless, alignment between
robust predictor AUs with FACS prototypes reinforces their consistent role in expression

recognition.

5.2 Advancing the Ecological Validity in Facial Expression Research

The methodological preference for posed static displays ensures high levels of
replicability and control, facilitating the detailed examination of specific facial cues and their
cognitive interpretations (Dawel et al., 2021). Partly because posed expressions at their peak
are easy to recognise, it has been argued that specific morphological cues identified from these
expressions are the most reliable indicators of emotions across cultures (Frank et al., 1993).
However, this approach may inadvertently overlook the complex morphological and temporal
patterns in facial expressions as they manifest in the natural environment.

Posed expressions and spontaneous expressions are fundamentally different, not just in

their outward presentation but also in their underlying neural mechanisms (Ekman et al., 1980;
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Morecraft et al., 2001). This divergence raises critical questions about the generalisability and
reliability of posed static expression-based findings to the spontaneous or naturalistic dynamic
expressions encountered in daily life (Motley & Camden, 1988). Despite an emerging
consensus acknowledging more complex properties involving spontaneous expressions (Happy
et al., 2015), the comprehensive insights they afford have been markedly underexplored prior
to this dissertation.

Given that expressions are spontaneous and dynamic, our research initiated a focused
examination of the role of dynamic properties within facial expression recognition. I
manipulated the temporal presentation of expressions to explore whether dynamic movements
consistently improve recognition efficacy to both human perception and automated analysis.
The recognition tasks spanned across both posed and spontaneous expressions, employing
three distinct formats: target static, non-target static, and dynamic. This structured approach
allowed us to directly assess the potential benefits that dynamic information provides,
challenging existing paradigms that have predominantly relied on static images. The
comparative analysis between human and machine recognition aimed to investigate the
importance of dynamic information in both entities, thereby contributing to the refinements of
computational models for more lifelike emotion detection.

Consistent with expectations, findings from Chapter 2 demonstrated that the dynamic
qualities of expressions significantly influenced recognition accuracy, particularly for non-
target static expressions that were less prototypical and complex but more ambiguous in their
appearance. Interestingly, this recognitional advantage of dynamics was not evident when
dealing with target-static images that were clear-cut in their prototypical features and
complexity while being low in ambiguity. In this vein, the findings suggest that the role of
dynamic information in aiding recognition is contingent upon the initial recognisability of static

expressions; when static recognition rates are already near perfect, dynamic cues may offer
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limited additional clarity. However, most stimuli used in Chapter 2 were selected from posed
databases, which inherently differ from the more subtle, less spontaneous expressions
commonly observed in natural settings. It is therefore likely to be the case that dynamic
expression may offer a more significant impact for effective social communication in daily
interaction.

Transitioning to the research on spontaneous aspects, Chapters 3 and 4 collectively
highlighted the significant variability inherent in spontaneous expression databases. Unlike
posed expressions, which are typically generated through direct instructions to activate specific
facial muscle movements or convey certain emotions (Cosker et al., 2011; Van Der Schalk et
al., 2011), spontaneous expressions emerge from a myriad of elicitation techniques, adding
layers of complexity to their annotation and subsequent evaluation. Regarding spontaneous
databases, I observed a broad spectrum of emotional content, extending from the basic six
emotions to a wider range of context-specific nuanced emotional states. This multifaceted
nature of spontaneous expressions introduces substantial variability, not only in how these
expressions are encoded and aligned with the intended emotions but also in their emotional
intensity and clarity.

Consequently, the inherent variability across expressions has profound implications for
the decoding of spontaneous expressions. Corroborating this notion, our empirical evaluation
presented in Chapter 4 demonstrates that spontaneous databases exhibit significant differences
in emotion recognition accuracy. Additionally, the analysis revealed that distinct AUs play
varying roles in the successful recognition of these expressions, reinforcing the earlier research
findings pointing towards variable morphological patterns in spontaneous expressions (Namba
et al., 2017; Girard et al., 2015). These findings compel a re-evaluation of current
methodologies in facial expression research, suggesting approaches that embrace the nuanced

and dynamic nature of real-world emotional expressions. The studies presented in current
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research call for a more granular understanding of spontaneous expressions, highlighting the
limitations of conventional methods that fail to address the complexity and diversity of human
emotional experience.

Delving deeper into the distinctions among types of facial expressions, it is imperative
to consider naturalistic expressions beyond the traditional dichotomy between posed and
spontaneous categories, a topic that has not been extensively covered in this dissertation and in
previous literature. Here, 1 define naturalistic expressions as expressions that occur in
uncontrolled settings (Bian et al., 2024). These expressions starkly diverge from posed and
spontaneous expressions, as they unfold naturally in real-life situations without any
predetermined experimental conditions or elicitation methods. Emerging from authentic human
interactions, naturalistic expressions capture the subtleties and complexities of emotions as
they occur in daily experiences.

Naturalistic expressions may stand as the most ecologically valid expression in facial
expression research, capturing the full spectrum of emotional experiences in their authentic
context. These expressions are not limited to experimental control, thereby encompassing both
visible emotional reactions and the contextual factors and interpersonal dynamics that influence
these expressions. This unfiltered glimpse into genuine emotional experiences is crucial for
understanding the intricate dynamics of human interaction and emotional communication.

However, the study of naturalistic expressions introduces distinct challenges, especially
regarding data collection, ethical considerations, and the recognition process. Until now, most
naturalistic databases collect portrayals from online platforms (e.g., YouTube, films; Erdem et
al.,2014; Rosas et al., 2013), for which it is challenging to obtain consent from encoders. Given
that they manifest in real-world social interactions, these expressions demand further attention
to ethical standards, surpassing the requirements (e.g., controlled environment) typically

associated when collecting posed or spontaneous expressions in a laboratory. Additionally, the
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unstructured nature of natural expressions adds layers of complexity to the accurate
segmentation and interpretation of these expressions, often resulting in low recognition
accuracy (Han et al., 2020).

Despite these hurdles, investigating naturalistic expressions offers unparalleled
opportunities to enhance our grasp of authentic human emotional communication. This pursuit
necessitates the adoption of novel methodologies to collect these expressions (e.g., one-to-one
interaction, social interview) and technological advancements while upholding rigorous ethical
guidelines. As this field expands, there is a growing imperative to forge new analytical
frameworks. These frameworks should be designed to effectively integrate advanced
computational techniques and robust data handling strategies, capable of capturing and
recognising the unique, unscripted nuances presented by naturalistic expressions, thereby

pushing the boundaries of our understanding of real-world emotional dynamics.

5.3 Implications and Contributions

The present dissertation offers empirical insights into the effects of dynamic and
spontaneous elements in facial expression recognition, addressing seven key questions raised
throughout the literature review. Firstly, this dissertation addresses the discourse surrounding
the dynamic advantage in facial expression recognition, where prior research has yield mixed
findings. Many studies have utilised degraded or suboptimal stimuli to demonstrate the
facilitative effects of movement. However, the present research demonstrated that dynamic
information facilitates recognition primarily when static cues are less informative regardless of
visual conditions, such as in non-target expressions. While dynamic information did not offer
a consistent advantage over static representations of peak moments (i.e., target expressions), it

played an important role when the static images lacked clarity with high ambiguity. This aligns
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with the notion that the dynamic advantage is context-dependent, emerging most clearly in
situations where static representations fail to provide sufficient emotional information.
Secondly, the dissertation explored whether the variability in static frames extracted
from dynamic sequences influences recognition. Previous research has often compared static
and dynamic expressions based on a singular static frame (Bassili et al., 1988, Bould & Morris,
2008; Wallraven et al., 2008), typically representing a peak moment. Despite the present
research intended to extract ambiguous frames (though most emotive within sequence),
findings revealed that the representativeness of static frames plays a crucial role in recognition.
When a static frame captured the peak expression, it provided enough emotional clarity,
making dynamic information unnecessary. However, in non-target images, dynamic sequences
offered an advantage by providing additional temporal cues that facilitated recognition. This
suggests that the timing of static frame extraction within a dynamic sequence significantly
impacts its recognisability. The research again emphasised that dynamic sequences are more
consistent in aiding recognition when static frames are less representative of the target emotion.
Thirdly, the present dissertation examined the featural parameters — prototypicality,
intensity, and ambiguity — that influence recognition across static and dynamic, as well as posed
and spontaneous expressions. While prior studies often did not delve into these factors in depth,
the present work revealed that all three parameters collectively impact recognition. Generally,
prototypicality and complexity confer a positive effect on recognition, while ambiguity reduces
recognisability. This exploration also elucidates specific conditions under which motion
enhances or fails to impact recognition. Moreover, this research provides empirical evidence
on how featural characteristics inherent in everyday expressions shape recognition. Until now,
previous studies primarily examine the effects of prototypicality (Ekman, 1992, 2003;
Matsumoto & Hwang, 2014), ambiguity (Du et al., 2014; Fiorentini & Viviani, 2009; Kinchella

& Guo, 2021) and intensity (Calder et al., 2000; Recio et al., 2014) have been examined in
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isolation. Our research reveals the synergetic effect among these factors, fundamentally
altering our understanding of the facial expression recognition system.

Fourthly, the research extended beyond human perceptual analysis to explore how
machines, like humans, respond to dynamic expressions. Previous research has shown that
machines often struggle with dynamic expressions, particularly when compared to peak static
snapshots. However, the present findings demonstrated that machines exhibit a dynamic
advantage similar to humans, especially in recognising non-target expressions where ambiguity
is high. While machines outperformed humans in recognising target images, they also showed
comparable (or even better) performance to humans in dynamic context, particularly when
dealing with subtle or ambiguous expressions. This suggests that machines can benefit from
dynamic information, much like humans, when static cues are insufficient.

Fifthly, the research addressed the inconsistency in findings regarding human versus
machine recognition capabilities. While some studies have shown humans outperforming
machines for subtle expressions, others have suggested the opposite (Krumhuber et al., 2021b;
Yitzhak et al., 2017). Building on prior research showing comparable performance of the
machine to human observers, this work showed a machine advantage across different temporal
phases, including peak and other time points of facial displays. Moreover, this research
emphasises the practicality of automated recognition in reducing the costs and resources
associated with video rating studies, allowing for more efficient data processing. Such findings
suggest that algorithmic models are capable of handling not only in peak intensity of
expressions but also dynamic and non-target expressions that are less standardised, subtle and
ambiguous in their appearance. This shift towards a more cost-effective approach could
significantly impact fields requiring the decoding of facial expressions, from psychological

assessments to interactive media and user interface design.
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Sixthly, the present dissertation first unveils an extensive array of database resources
dedicated to the study of spontaneous and dynamic facial expressions, significantly
contributing to the advancement of more ecologically valid research in this domain. While
previous FEDB reviews primarily centred on posed and static databases, with only a handful
of spontaneous datasets being explored (Diconne et al., 2022; Haamer et al., 2018), this
dissertation broadens the scope. It systematically reviewed the diverse properties of FEDBs,
highlighting how these features impact spontaneous facial expression recognition. This
detailed examination serves as a crucial guide for researchers, aiding them in the careful
selection of datasets that align with their specific needs. Additionally, this current work
identifies remaining gaps within existing FEDB and expands the methodological approaches
for studying spontaneous expressions, thereby illustrating the gaps further advancement is
needed. This paves the way for the development and integration of more diverse and realistic
portrayals of emotional behaviours.

Finally, the present research conducted a cross-corpus evaluation of spontaneous
FEDBs, which addressed the question of whether significant variability exists in the
recognition rates of spontaneous expressions across different databases. The findings aligned
with and extended beyond previous research (Motley & Camden, 1988; Ngo et al., 2015; Tong
et al., 2010) by demonstrating that spontaneous expressions, while difficult to recognise,
exhibit varied accuracy rates across different databases. This variation seems not merely
incidental but reflects the inherent diversity of human emotions as they manifest spontaneously.
Such a revelation implies that research, both in human expressions and machine recognition,
must adopt a more careful selection of stimuli that fit their research objectives. Additionally,
the research found that recognition of spontaneous expression is frequently determined by a
select few prototypes or even isolated AUs, including those not traditionally outlined in the

FACS manual (e.g., AU7 for disgust). This result aligns with earlier studies suggesting that
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spontaneous expressions have more flexible AU patterns (Namba et al., 2017). The significant
roles of prototypicality, ambiguity, and complexity in spontaneous expression recognition can
be considered as an extension of our earlier findings (Kim et al., 2023), emphasising their
essential impact on posed as well as spontaneous expression recognition. Notably, although
our prior results demonstrated that automated classifiers possess the capability to classify subtle
expressions, their average performance in classifying spontaneous expressions just exceeded
the chance level. This performance rate may imply that the recognisability of spontaneous
expressions may be influenced by other factors (e.g., conceptual factors, such as elicitation
methods, encoder demographics) besides their subtlety. The current dissertation offers initial
evidence of variability in spontaneous expression recognition throughout cross-corpus
evaluation, aiming to clarify the determinants that influence spontaneous expression

recognition.

5.4 Limitations and Future Research

Despite the significant contributions of this dissertation to addressing key questions in
facial expression research, it is important to acknowledge specific limitations intrinsic to its
methodological framework. One such limitation is the predominant utilisation of posed
databases to assess the dynamic advantage in recognition. Spontaneous expressions, as
opposed to posed ones, often feature more prolonged periods of subtle emotional displays
(Hess et al., 1990), suggesting that the impact of movement on recognition could significantly
differ between these expression types. Moreover, previous research has demonstrated that
posed and spontaneous expressions exhibit distinct temporal dynamics in terms of timing,

speed, and duration of onset, offset and apex (Cohn & Schmidt, 2004; Hess & Kleck, 1990;
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Schmidt et al., 2009). This distinction necessitates future research to investigate the role of
movement in spontaneous expression recognition.

Expanding the scope to spontaneous expressions could substantially refine our
comprehension of the dynamic advantage. This adjustment would align with the evolving
research paradigm that prioritises ecological validity, thereby facilitating a more realistic
approximation of authentic human emotion recognition. Moreover, this approach could provide
a clearer delineation of the conditions under which dynamic cues assert their facilitative
benefits or detract from the recognition of genuine emotional states.

Given the predominant use of posed expressions in Chapter 2, such reliance may
inadvertently bias recognition rates towards superior machine performance. In the present
research, I demonstrated that machines outperformed human observers regardless of
expression format (although mostly posed). Yet, this finding necessitates careful consideration
of the context in which these algorithms excel and highlights the importance of the types of
expressions used in training and testing phases. As automated classifiers are commonly trained
using posed databases (Pantic & Barrett, 2007), they benefit highly from the uniformity of
standardised expressions, favouring machine-based featural analysis. To counteract this bias
and achieve a more equitable comparison, future research should incorporate a more balanced
selection of posed and spontaneous expressions. This approach would ensure a realistic
assessment of machine versus human performance in expression recognition, thereby refining
the development and evaluation of automated systems and enhancing their applicability in real-
world scenarios.

Such limitation in automated classifiers naturally lead to another important limitation
issue: the inconsistent performance in the AFFDEX classifier, particularly its struggle with the
accurate classification of certain emotional expressions, as demonstrated in Chapter 4.

AFFDEX showed comparatively lower recognition accuracy for spontaneous and non-
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prototypical expressions, where misclassification rates were considerably high. This pattern in
AFFDEX may stem from its reliance on proprietary mechanisms and the lack of transparency
regarding its training datasets. Combined with earlier findings showing successful performance
of AFFDEX for certain databases (Dupré et al., 2020; McDuff, 2017), the misclassification
issues suggests that while such tools are effective in controlled conditions, they may be less
reliable when applied to unfamiliar emotional displays that largely deviate from the training
datasets. In this regard, single classifier-based evaluations pose significant risk, particularly
when it comes to commercial software like AFFDEX, where necessary details, such as the
underlying training datasets, are often not disclosed. The opacity of these proprietary systems
makes it difficult to fully understand the biases and gaps inherent in their performance. For
example, without access to the exact training data or the weightings assigned to different facial
features, it becomes challenging to gauge why specific misclassification occur more frequently.

Future research must address this limitation by adopting a multi-system comparison
approach. Rather than relying solely on single AFEA tool, including a broader array of
classifiers with transparent architectures can facilitate more comprehensive evaluations. Doing
so would provide a clearer understanding of not only the strengths and weakness of various
systems but also the differences between testing datasets that influence classifiers’ performance.
Additionally, collaborations between academia and industry should strive to improve
transparency in commercial tools, making it easier for researchers to identify where
improvements in recognition algorithms are needed.

Another limitation of the present research stems from its focus on basic emotions in the
recognition of spontaneous and dynamic expression, aligning with traditional trends in emotion
research (Keltner et al., 2019). However, this framework may not adequately capture the
complexity and subtlety of human emotional expressions, particularly in spontaneous forms

that often embody a blend of multiple emotions (Du et al., 2014; Du & Martinez, 2015) or
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subtler affective nuances not covered by the BET (Russell, 1980). This restriction could limit
the generalisability of our findings, confining them primarily to basic emotions while
overlooking numerous emotional states.

As highlighted in the review presented in Chapter 3, spontaneous databases frequently
capture a range of expressions that go beyond the conventional basic categories. Despite our
focus on basic emotions being primarily determined by the capabilities and cost-effectiveness
of commercial software tools (AFFDEX, FACET), this narrow focus may limit a thorough
understanding of the varied emotional experiences that humans exhibit, especially in
naturalistic settings. This restriction also hinders the complete assessment of several databases
that feature expressions beyond basic emotions. Consequently, future research could benefit
from utilising more sophisticated automated recognition algorithms trained with diverse
stimulus sets that are equipped to classify a broader spectrum of emotional states.

One of the primary objectives of this dissertation was to delve into the role of dynamic
information in facial expression recognition, a topic that remains inconclusive with varied
conclusions in prior research. Despite converging evidence indicating that dynamic cues
enhance recognition (Ambadar et al., 2005; Cunningham & Wallraven, 2009; Wehrle et al.,
2000), and our own findings suggesting a compensatory role of dynamic information (Kim et
al., 2023), gaps remain in our understanding, particularly regarding how different dynamic
elements interplay at emotion recognition.

Future research could also investigate how the distinct phases of facial expressions
contribute to accurate emotion identification. Dynamic expressions are typically categorised
into onset, apex, and offset phases (Krumhuber et al., 2013), each bearing unique
characteristics that could differentially influence recognition. A pertinent question arises: Are
the facilitative effects more pronounced during the onset to apex phase due to its gradual

unfolding, or do they become more apparent during the apex to offset phase, which accentuates
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the peak of the expressions (Fiorentini & Viviani, 2011; Recio et al., 2011; Yoshikawa & Sato,
2008)? Considering that onset and offset phases typically consist of subtler displays, their
comparative impact on expression recognizability warrants thorough investigation. Such future
studies could isolate specific movements within these phases to ascertain their individual
contribution to the recognition of various emotional states.

Further extending the investigation of dynamic movements in facial expressions, future
study should consider the role of speed and rhythm in facial muscle movements as potential
predictors of emotion recognition. While the present work primarily focused on AU analysis
to categorise emotional expressions, converging evidence suggests that the temporal dynamics
— specifically, the speed and rhythm of facial movements - may provide additional, if not more
precise, information for emotion classification (Krumhuber et al., 2013; Wehrle et al., 2000).
These dynamic features may provide vital information that AUs alone cannot capture,
particularly when distinguishing between subtle variations in emotional intensity.

The speed of facial movement is a crucial temporal dimension that could refine emotion
recognition by indicating the intensity and immediacy of an emotional display. Fast, jerky
movements often associated with more intense and urgent emotional states, such as anger, or
excitement, as they reflect heightened muscle activation (Ambadar et al., 2005). For instance,
the rapid eyebrows raise or swift mouth opening commonly signal surprise or fear. In contrast,
slower movements tend to be linked to subtler, more restrained emotions, such as sadness or
contemplation, where the muscle activation is less pronounced (Cohn & Schmidt, 2004). These
temporal cues are particularly helpful in providing context-specific information that may
clarify emotional states that could otherwise appear similar in a static frame. For example, a
subtle smile and a smirk might be difficult to differentiate in a single static snapshot but

becomes clear when observing the speed of the facial movements over time.
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Beyond speed, the rhythm or flow of facial movements is another critical factor that
could enhance emotion recognition. The smoothness and regularity of facial movement
rhythms often contribute to perceptions of authenticity or genuineness in emotional displays.
Genuine expressions, such as spontaneous smiles, typically exhibit a natural, thythmic flow
from onset to apex, while posed or exaggerated expressions tend to have irregular or disjointed
movements, signalling inauthenticity (Ekman & Rosenberg, 2005; Cohn & Schmidt, 2004). In
ambiguous expressions, where static features may not offer enough or contrasting information,
rhythm can provide an additional layer of differentiation. By analysing the temporal structure
of these expressions, future studies may be able to detect subtle emotional nuances that go
unnoticed in static frames or morphology-based models.

Considering the compensatory role of dynamic information highlighted in the current
research, the inclusion of speed and rhythm analysis could represent a crucial next step for
advancing the field. Current automated recognition systems often focus on isolated moments
of expression, neglecting the rich temporal dynamics that these features offer. Understanding
how quickly expressions unfold and the fluidity with which they do so could improve
recognition algorithms, enabling them to classify ambiguous or subtle expressions more
accurately. Moreover, incorporating temporal dynamics into affective computing systems
could make machine-based emotion recognition more human-like, allowing for real-time
responses to the emotional states of others.

Expanding upon the role of movement in facial expression recognition, it is imperative
in the future to delve deeper into how dynamic cues impact perceptions beyond mere emotion
recognition, such as expression genuineness. Prior studies, such as those by Krumhuber and
colleagues (2007), have illustrated the pivotal role of facial dynamics in cultivating the
perception of trustworthiness and cooperative behaviour. In this context, the specific patterns

or phases within an expression may hold key insights into perceptual outcomes (Dzhelyova et
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al., 2012). Additionally, while recognition rates for subtle and ambiguous expressions are
typically lower, prior studies have indicated that such expressions are frequently perceived as
more genuine (Ngo et al., 2015; Yitzhak et al., 2017). Such findings raise intriguing questions
about whether movement impacts the perception of genuineness differently across various
types of expressions, such as peak versus non-peak (or target versus non-target) expressions,
suggesting a potential divergence from patterns identified in our research.

Future research could also examine how various factors, such as elicitation methods,
influence the encoding and decoding of facial expressions. Previous works by Gross and
Levenson (1995) and Mehu and Scherer (2015) have highlighted how emotional expressivity
and interpretability vary substantially with different elicitation techniques, from passive
reaction to autobiographical recall of emotional experiences. Despite this evidence,
spontaneous expressions in existing research have often been approached as a monolithic
phenomenon, lacking the dimensional depth that these varied elicitation techniques embody
(Motley & Camden, 1988). Given the inherent variability in affective quality produced by
different elicitation techniques, the findings from Chapter 4 revealing divergent recognition
rates, may be unsurprising and provide evidence of how these methods impact the recognition
of expressions. This variability seemingly mirrors the complexity seen in real-world
expressions and challenges the prevailing notions of spontaneous expressions as uniform.
Research by Aviezer, Ensenberg and Hassin (2017), which demonstrated that environmental
context dramatically influences the perception of emotions, further supports the necessity for a
multidimensional approach to understanding spontaneous expressions.

To this end, subsequent studies should extend beyond the traditional scope, exploring
the multidimensional nature of spontaneous expressions as shaped by different elicitation
methods, this could involve dissecting how specific methods influence the perceived intensity,

authenticity, and ultimately the recognisability of expressions. Furthermore, by incorporating
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neurological findings in expression processing expressions and judgement (Jabbi et al., 2008;
Sato et al., 2004), particularly for ambiguous expressions (Ito et al., 2017), it would be
interesting to see how these brain regions respond to spontaneous expressions elicited through
different methods. Given that posed and spontaneous expressions engage distinct neural
pathways (Frank et al., 1993; Rinn, 1984), investigating the neural responses associated with
different elicitation techniques may help elucidate the underlying mechanisms of emotion
processing and reveal how authenticity and context influence neural activation patterns.

Acknowledging the impact of environmental context on emotional expressions, an
essential avenue for further exploration emerges: the differentiation between spontaneous and
naturalistic expressions in emotional research. Our review showed that spontaneous
expressions are often elicited in laboratory settings, aiming to simulate real-life emotional
reactions to emotion-evoking stimuli. Although this approach provides a good trade-off
between experimental control and naturalness, it can still carry elements of artificiality,
particularly concerning the recording environment. In contrast, naturalistic expressions emerge
unprompted in everyday scenarios, presenting an authentic glimpse into human emotional
experiences. Moreover, while laboratory-induced spontaneous expressions assume a direct
relationship between the stimulus and its resultant expressions (Lucey et al., 2010), the recent
findings assert that naturalistic expressions reflect a broader spectrum of individual responses
shaped by personal appraisal of the situation (Lazarus, 1991; Schmidt et al., 2010).
Consequently, expressions captured in natural settings might encompass a range of reactions
from genuinely spontaneous to deliberately posed, contingent upon the individuals’
interpretation and response to their surroundings.

Despite their distinct origins, spontaneous and naturalistic expressions have frequently
been conflated in research, and mistakenly assumed to be interchangeable. This common

oversight neglects the intricate complexity of emotional experiences as they naturally unfold
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(Barrett et al., 2011). Additional factors, such as varying backgrounds, further complicate the
recognition and interpretation of expression (Righart & De Gelder, 2008; Sannikov et al., 2017).
[lustrative of this, recent studies by Kroczek and colleagues (2022) and Hsu, Sato and
Yoshikawa (2020) have demonstrated that naturalistic expressions, captured in social
interactions, can elicit stronger observer responses than their spontaneous counterparts
generated in artificial settings. These empirical findings challenge the presumption of their
interchangeability and call for a refined approach to categorise and analyse emotional
expressions. In light of these insights, future investigations should attempt not only to establish
clearer distinctions between spontaneous and naturalistic expressions but also to explore how
these varying types of expressions are perceived and interpreted by observers.

In naturalistic environments, facial expressions are likely to co-occur with speech,
merging verbal and non-verbal signals (Cai et al., 2020). This interplay between modalities is
pivotal for effective social communication, as the congruence or discordance between verbal
content and facial expressions can significantly influence how messages are perceived and
interpreted. However, the intricacies of such spontaneous/naturalistic multimodal
communication remain underexplored, particularly in how individuals integrate and prioritise
these signals when they conflict. For example, a negative verbal message coupled with positive
facial expressions presents unique challenges to the observers, complicating traditional
communication that relies on single-channel models (Russell et al., 2017; Walther &
D’Addario, 2001). Furthermore, mouth movements, even in the absence of clear verbal content,
can significantly influence the interpretation of facial expressions, contributing to the
complexity (Eisenbarth & Alpers, 2011; Meeten et al., 2015). Theories of multimodal
communication posit that a holistic interpretation of emotional messages requires the
integration of disparate signals, necessitating observers to reconcile multifaceted cues into a

coherent narrative (Jokinen & Wilcock, 2012).
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Given this backdrop, future research should extend beyond the traditional analysis of
isolated facial expressions to consider the interplay between facial expressions and speech
within spontaneous and naturalistic contexts. Besides verbal cues, physiological signals have
increasingly become central to the study of multimodal emotional communication (Saganowski
et al., 2022). These signals, such as heart rate and skin conductance, offer additional insight
beyond what facial expressions or verbal messages alone can convey. For instance, fear and
surprise facial expressions are often confusedly recognized due to their similar morphological
patterns (Zhao et al., 2017). Physiological responses can aid in differentiating between these
emotions by revealing the underlying autonomic arousal associated with each (Shu et al., 2018).
This multimodal approach, integrating facial, verbal, and physiological data, is essential for
understanding how emotions are expressed and perceived in everyday life.

In conclusion, this dissertation opens up several new avenues for future research by
highlighting the spontaneous and dynamic aspects of facial expressions. It lays the foundation
for future research to adopt a more ecologically valid approach to investigating facial
expression. I hope this work acts as a catalyst for further exploration into the complex dynamics

of facial expressions in spontaneous and naturalistic settings
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