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Believable Emotions in Virtual Humans

Toward Believable
Emotions: Evaluating

FACS Coding for Virtual
Human Expressions

Stefano Calzolari, Francesco Strada, Andrea

Bottino
Politecnico di Torino

Abstract—In interactive computer graphics, the Facial Action Coding System (FACS) is widely used to
enhance the emotional expressiveness of Virtual Humans (VHs). By linking specific Action Units (AUs)
with facial blendshapes, animators can theoretically reproduce a wide range of human emotions.
However, achieving realistic and believable emotional expressions remains challenging, as the same
AU intensities do not work equally well across all VHs. This paper explores whether optimal sets of AU
intensities can be defined for specific subgroups of VHs, such as those differentiated by gender and
visual fidelity, rather than pursuing a one-size-fits-all approach. Through a focused analysis of
happiness, sadness, and disgust, we demonstrate that visual fidelity plays a critical role in emotional
clarity, while certain emotions require gender-specific adjustments. The findings emphasize the
limitations of uniformly maximizing AU intensities across all VHs and offer practical insights for
animators, providing a nuanced framework for creating believable emotional expressions in various
types of VHs and enhancing realism in interactive applications.

. IN THE RAPIDLY EVOLVING FIELD of con-
sumer electronics, Virtual Humans (VHs) are increas-
ingly embedded in a wide range of technologies,
from virtual assistants and home automation inter-
faces to gaming, Virtual Reality (VR) and healthcare
devices [1], [2], [3]. No longer limited to entertain-
ment or gaming, VHs are now playing a critical role
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in consumer electronics products designed for home
care, fitness and education. Whether integrated into
smart home systems, personal wellness devices or VR
platforms, VHs provide interactive and personalized
experiences that enhance the functionality and user
engagement of modern consumer electronics.

The emotional expressiveness of VHs is critical
to create believable and meaningful interactions in
these devices and applications. The ability of VHs
to convey emotion helps users connect more deeply
with these virtual characters, enhancing their expe-

2162-2248 © YYYY IEEE




Believable Emotions in Virtual Humans

rience [4], [5], especially in scenarios that simulate
human behavior, such as medical training or virtual
customer service [6], [7]. However, achieving this
emotional authenticity is anything but easy. It requires
a deep understanding of human emotional expression,
especially facial movements, which are one of the most
important forms of emotional communication [8].

One of the most important tools for creating re-
alistic emotional expressions in VHs is the Facial
Action Coding System (FACS) [9]. FACS breaks down
complex facial expressions into individual compo-
nents called Action Units (AUs), where each AU
corresponds to a specific facial muscle movement
(e.g. raising the eyebrows, pulling the corners of the
mouth). FACS and its extension EMotional FACS
(EMFACS) [10] provide a solid framework for en-
coding basic emotions and animating VH faces with
blendshape techniques. However, determining the cor-
rect intensity or weighting of each AU to achieve
believable emotional expressions remains a challenge.
Previous studies have implemented FACS-based emo-
tion coding in specific models [6], [11], [12], but they
implicitly assume that the same weightings can be uni-
versally applied to VHs with different characteristics
(e.g., gender, ethnicity, age). However, creating emo-
tionally realistic VHs across different platforms and
devices is challenging, as empirical evidence suggests
that even small variations in blendshape weights can
lead to significantly different emotional perceptions
depending on the VH model used [13]. Therefore, a
critical question remains: Are there universal sets of
blendshape weights that can be consistently applied to
all VH models to effectively convey specific emotions?
Or are different sets of weights required for each emo-
tion and for specific types of VHs? To answer these
questions, we conducted an exploratory research [14]
focusing on the expression of happiness. In this study,
we extended our original investigation to include two
additional emotions: sadness and disgust. By collecting
real human preferences, we investigated how subtle
facial expressions influence VHs with different char-
acteristics. This approach provides deeper insights into
how the same emotion is perceived in different VHs,
simplifies the complex process of encoding emotions,
and lays the foundation for creating more realistic and
emotionally believable VHs.

RELATED WORKS

The application of FACS to enhance the emotional
expressiveness of VHs has been widely studied in both
research and industry, particularly in virtual assistants,
games, and other human-computer interface technolo-
gies [15].

Early studies, such as [12] and [16], demonstrated
the technical feasibility of integrating FACS with
blendshape techniques for VH animation. These works
employed geometric transformations to replicate facial
muscle movements, providing a foundation for FACS-
based animation methods. However, both studies share
a critical limitation: they focused on the mechanical
implementation of FACS without evaluating with users
the believability of the depicted emotions. They also
assumed that facial muscle movements captured in hu-
mans could be directly transferred to VHs, neglecting
the nuances in users’ perception of artificial characters.

The work in [11] advanced the field by simulating
emotions more realistically through autonomic physio-
logical control and musculoskeletal modeling, enabling
dynamic changes such as skin tone and pupil dilation.
While this approach was innovative, it similarly lacked
user-centered validation of the generated expressions,
presuming that applying FACS to VHs would inher-
ently produce believable emotions. This raises con-
cerns about whether users interpret these expressions
the same way as human facial expressions, especially
in non-realistic or low-resolution VHs, which are com-
mon in consumer electronics.

Beyond these technical approaches, studies on
emotional contagion (i.e., the phenomenon where one
person’s emotions mimic those of others) between
users and VHs have contributed valuable insights. For
instance, [17] explored emotional contagion through
observational analysis, highlighting the variability in
human smiles. Although FACS was not explicitly
utilized, this study suggested that a broader range of
nuanced expressions is essential for creating lifelike
VHs. In contrast, [7] demonstrated that VHs displaying
emotions based on FACS could elicit emotional con-
tagion in users. Notably, this study employed FACS
to design emotional expressions, making it relevant
for applications like home automation and Al-powered
virtual assistants. However, neither study thoroughly
addressed the impact of emotional intensity on user
perception. While [17] did not use FACS, [7] inte-
grated it, leaving a gap in understanding how variations
in emotional intensity influence user experiences.
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This gap was addressed by [6], who investigated
the role of intensity in facial expressions, specifically
in expressions of pain. Using controlled experimental
setups, the authors found that higher intensities of
Action Units (AUs) correlated with stronger percep-
tions of pain. While their findings provided valuable
insights, the generalizability to other emotions or VH
models remains unaddressed, highlighting the need for
further research on emotional intensity across diverse
scenarios.

Recent studies have continued to explore the nu-
ances of emotional expression in VHs, leveraging
FACS as the foundation for emotional modeling. In
[18], the authors investigated how different levels of
visual realism in VHs affect users’ empathic responses.
They found that higher levels of realism can increase
cognitive and affective empathy. Similarly, [19] in-
vestigated the perception of micro and macro facial
expressions in realistic VHs and found that transferring
the expressions of real actors to virtual models can
reduce the accuracy of emotion recognition compared
to artistically designed animations previously evaluated
in [20].

These studies highlight the growing interest in
using FACS to enhance the emotional expressiveness
of VHs, a crucial aspect in applications and consumer
systems that rely on VHs to improve user engagement.
However, a significant challenge remains in deter-
mining whether a universal set of AU weights can
effectively convey emotions across VHs with diverse
characteristics, such as gender and visual fidelity.
Considering the wide range of potential applications,
such as gaming, virtual assistants, customer service,
and home automation, finding such a universal solution
could be highly beneficial. This underscores the need
for optimized FACS-based approaches tailored to spe-
cific subsets of VHs to ensure believable emotional ex-
pressions in varied consumer electronics applications.

Our work addresses this gap by investigating how
FACS can be standardized across different VH models,
considering specific characteristics such as resolution
and gender, to improve emotional believability and en-
sure more lifelike and engaging interactions in various
systems.

EVALUATION OF EMOTIONAL
PERCEPTION IN VH’S PORTRAITS

To investigate how varying the weightings of
FACS AUs influences the effectiveness of conveying
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emotions through different VHs, we collected user
feedback on the believability of these emotions. Users
were asked to choose which portrait (i.e., static images
of a VH displaying a specific expression defined by a
set of AU weights) better expressed a given emotion.
We focused our analysis on three emotions: happiness,
sadness, and disgust because they require the fewest
AUs to portray. This reduced number of AUs led
to fewer possible combinations of AU weightings,
decreasing the number of user evaluations needed. In
particular, the following AU combinations were used
to convey the studied emotions [10]. Happiness: AU6
(cheek raiser) and AU12 (lip corner puller). Sadness:
AU1 (inner brow raiser), AU4 (brow lowerer) and
AU15 (lip corner depressor). Disgust: AU9 (nose
wrinkler), AU15 and AU17 (chin raiser).

Portrait datasets

For each emotion analyzed, we created a portrait
dataset of 100 different VHs displaying the respective
emotion with different expressions (e). Each expres-
sion was created by combining the AUs (associated
with each emotion), which could assume three discrete
intensity values (0.4, 0.675, and 0.95), avoiding lower
values (too neutral) and higher values (prone to render-
ing artifacts in low-resolution models [14]). The result
was a number of different expressions for each VH
equal to 3V, where v is the number of AUs encoding
the emotion (Figure 1). To explore how different levels
of visual fidelity affect the perception of emotions
conveyed by varying AU intensities, we selected VHs
from two popular 3D libraries: Rocketbox avatars [21]
and MetaHumans'. These two libraries represent a
significant range in visual fidelity. Rocketbox models
have a lower resolution, making them computation-
ally efficient but less detailed, while MetaHumans
offer high-resolution models that are more visually
expressive but require higher computational resources,
which can be challenging for real-time applications. To
ensure consistency, all portraits were rendered using
UES with consistent lighting and camera conditions.

User perception and ranking

To assess how effectively these expressions
conveyed the analyzed emotions, we developed a
web-based voting application. For each emotion, par-
ticipants were presented with two clickable portraits
of the same VH, each showing a different expression.

Uhttps://www.unrealengine.com/en-US/metahuman
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Expressions

eX : [AU12, AUB]
e1: [0.400, 0.400]

€5 : [0.675, 0.675]

€9 : [0.950, 0.950]

Figure 1. The portrait dataset generation pipeline
and the interface of the web app used for collecting
users’ votes. As an example, only one VH is shown
with expressions of happiness.

The task was to select the expression (i.e., portrait)
that best represented the emotion. For each VH, all
expressions were compared to one another following
a round-robin tournament. A confirmation step ensured
that users could reconsider their choice before casting
their vote. Once a vote was cast, a win was recorded
for the chosen expression and a loss for the other. A
new pair of portraits were then presented (Figure 1).

We then calculated a ranking score for each ex-
pression using the following formula:

We,i — lc,i

We,; + lc,i

Sc,i = (1

where w.; and [.; are the number of wins and
losses for the expression 7 of the VH c. This score,
normalized between -1 and 1, allowed us to compare
the effectiveness of the expressions regardless of the
number of votes received.

Finally, we evaluated the performance of each ex-
pression within specific VH subgroups by calculating
the top-k accuracy Aiyg, i.e., the frequency with which
a given expression ¢ was among the top k choices for
each VH in the subgroup g.

EXPERIMENTAL PROTOCOL

In our experiments, we selected 100 VHs subdi-
vided by gender (25 male and 25 females from each
VH library). Given the limited diversity of ethnicities
and the lack of reference values for the age of the VHs
available, we created different VH subgroups based on
their gender (male, M, female, F) and resolution (low,
L, for Rocketbox, and high, H, for MetaHumans).

User evaluations were collected using the voting
app and for consistency with the approach used in [14],
k = 3 was used in computing the top-k accuracies.
The total number of comparisons required for each
VHis T = p- (p — 1)/2, where p is the number
of expressions for each emotion. To complete a full
round-robin, n - 7', comparisons were needed for n
VHs. Therefore, the number of comparisons increases
with the number of AUs used to represent an emotion.
We note that, to reduce the number of comparisons, we
excluded the neutral expression, which is characterized
by setting all AUs to 0, because, as shown in [14],
it was not selected as the winner in any of the
comparisons. This result was confirmed by our initial
tests with the new emotions, so we could confidently
exclude the neutral expression without jeopardizing
the validity of the results. However, while happiness
involves two AUs, resulting in p = 9 expressions and a
manageable number of 3600 comparisons, sadness and
disgust each requires three AUs (p = 27), resulting in
a significantly higher number of 35100 comparisons,
which poses a challenge as it requires a considerable
number of volunteers and a longer time frame for data
collection.

Therefore, we developed a heuristic for sadness
and disgust to reduce the number of required matches
while still providing meaningful results. Starting from
the observation that rather than aiming to produce a
complete ranking of all expressions for each emotion,
we aim to identify the top-performing expressions (i.e.,
those that convey the emotion most effectively), we
organized the voting process into three rounds (R)
(Figure 2):

e R1 - Initial Screening: We randomly selected two
VHs from each VH subgroup (FL, ML, FH, MH),
and compared all expression pairings across two
full voting rounds (5616 comparisons). Expressions
were then ranked in descending order based on
eq. 1.

o R2 — Grouped Competition: The top 10 expres-
sions from R1 were divided into two groups: A

IEEE Consumer Electronics Magazine
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Figure 2. Schema of the three-round experimental protocol followed for sadness and disgust.

(evenly ranked) and B (oddly ranked), ensuring
stronger expressions did not immediately compete
against each other. Each group underwent round-
robin comparisons for each VH, totaling 2000 com-
parisons.

e R3 - Final Showdown: After R2, for each VH
subgroup, we selected the top three expressions
from group A and B. These formed four final sets
of six expressions (one set per subgroup). Each set
was compared in the final round, resulting in 1500
comparisons.

Using this heuristic reduces the number of compar-
isons for sadness or disgust to 9116, representing only
25% of the total comparisons potentially needed for a
full round-robin. This reduction makes data collection
more manageable within a reasonable time frame.
However, as a heuristic approach, the results may
be prone to some error since not all expressions are
exhaustively compared. Additionally, if an expression
is not chosen in R3 for a specific VH subgroup, its
top-k accuracy is not computed. This can potentially
underestimate its true performance across various VH
groupings, such as by resolution and gender.

The app was shared with university employees
and students, and informed consent was obtained
from all participants. Participation was voluntary, and
anonymous votes were recorded, with no personal data
collected.

xxx/xxx YYYY

RESULTS

We start by analyzing the accuracy results for
each emotion, using top-k accuracy with k& = 3 for
consistency with [14] across all emotions and VH
subgroups. We then summarize the findings to provide
an overview of the observed patterns.

Happiness

For happiness, we collected 7200 votes from 169
users, which corresponds to two complete rounds of
portrait comparisons. Looking at the overall results
(group ALL in Table 1), three expressions (€7, eS8,
€9) clearly stand out from the others in terms of user
preference, as they have significantly higher accuracy
compared to the other expressions. However, none of
them emerged as a clear winner, suggesting that while
some expressions are universally effective, there may
not be a one-size-fits-all solution for VHs.

For all three top-ranking expressions, the emphasis
on smiling (AU12, lip-pulling) is crucial for effec-
tively conveying happiness. It is noticeable that the
credibility of the happiness expression decreases when
the intensity of AU12 decreases. Interestingly, even
an increase in AU6 (cheek-raiser), as in €9, did not
necessarily lead to better performance compared to e7
or e8, showing that more intensity does not always
equate to greater believability.

When comparing results by gender, we find mini-
mal differences between men and women for the top
three expressions, suggesting they are largely gender-
neutral. However, resolution had a more significant
impact. High-resolution models provided more believ-
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Table 1. Top-3 accuracy of Happiness expression in different groups. The best results in bold underlined, the second ranked

results in bold, the third ranked results in underlined.

AUs weights | ALL Gender Resolution Subgroups
expression | AU12 AU6 | k=3 | Male Female | Low High | LM LF HM HF
e2 0.400 0.675 | 0.00 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00
e3 0.400 0.950 | 0.00 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00
el 0.400 0.400 | 0.01 0.02 0.00 0.02 0.00 | 0.04 0.00 0.00 0.00
€6 0.675 0.950 | 0.18 | 0.22 0.14 0.04 0.32 | 0.08 0.00 036 0.28
e5 0.675 0.675 | 0.19 | 0.16 0.22 032 0.06 | 024 040 0.08 0.04
ed 0.675 0.400 | 024 | 0.30 0.18 038 0.10 | 0.52 024 0.08 0.12
€9 0.950 0.950 | 0.68 | 0.64 0.72 072 0.88 | 044 0.52 0.84 0.92
e8 0.950 0.675 | 0.78 | 0.82 0.74 0.68 088 | 0.68 0.68 0.96 0.80
e7 0.950 0.400 | 0.80 | 0.72 0.88 0.84 076 | 0.76 092 0.68 0.84

able expressions, thanks to features like detailed skin
textures and wrinkle maps. In contrast, low-resolution
models struggled with expressions involving intense
AU, leading to unperceivable deformations due to the
lack of facial detail. This caused expressions to appear
more uniform, making e7 (with low AU6 intensity)
the best performer, compared to the high-resolution €9
(with high AUG6 intensity), as shown in Figure 3.

Sadness

For sadness (and later for disgust), the online
voting platform automatically handled the three rounds
of heuristic evaluation, moving on to the next round as
soon as the total number of votes required to complete
the current round was reached. In total, we collected
9116 votes from 166 users. The results are summarized
in Table 2, with the note that any expression that was
not included in the final set for a given VH subgroup
was scored with a precision of zero. Overall, nine out
of ten expressions passed R2, with only three of them
included in all subgroups.

If we look at the overall results (group ALL), we
can identify a set of high-performing expressions (e21,
€24 and e27) that consistently show strong activation
of AUl and AUI15. While AUl (with its upward
movement of the inner eyebrow, which enhances the
impression of vulnerability) and AU15 (which pulls
the corners of the lips downward, creating a drooping
expression that conveys emotional heaviness) remain
key features for the portrayal of sadness, the notable
differences in the activation levels of AU4 (brow low-
erer), which plays a more nuanced role, highlight the
complexity of balancing the different AUs to achieve

optimal emotional expression across different VHs.

When we break down the results by gender, we
find that there are minimal differences between male
and female VHs in the best-performing expressions,
indicating again their gender-neutral nature. The dom-
inant factor, as with happiness, is the resolution of the
VH. While some expressions, such as e21 and e24,
perform equally well on both low and high-resolution
models, there are clear differences for others. For
example, e27 (Figure 3) is the top performer in high-
resolution VHs, but has significantly lower accuracy
in low-resolution VHs, and €20 and el2 perform well
in low-resolution VHs, but are less effective in high-
resolution models: e20 did not reach R3 and el2 is
among the lowest ranked expressions.

The main reason for these differences seems to be
the lack of detailed facial features in low-resolution
models. In particular, the intensity of AU4 plays a
crucial role. A high activation of AU4 (as in €27) tends
to have a negative effect on the emotional representa-
tion in these models. Without fine surface detail, the
pronounced downward movement of the eyebrows can
distort the intended expression of sadness, sometimes
turning it into an expression of anger. It is noteworthy
that the optimal expressions for low-resolution models
have lower levels of activation of AU4 (0.400 for e21
and e20, and 0.675 for e24).

Disgust

For disgust, we collected 9116 votes from 168
users. Seven out of ten expressions passed R2, four of
which were represented in all subgroups. The results
are summarized in Table 3.
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Happiness

Sadness

Disgust

Figure 3. Top expressions of the three emotions for high-resolution VHs (top) and low-resolution VHs (bottom).

Table 2. Top-3 accuracy of Sadness expressions across different groups. The 10 expressions are derived from R2, with

expressions not included in R3 for a specific VH subgroup marked with ‘-’. The best results are highlighted as bold underlined,

second-ranked as bold, and third-ranked as underlined.

expression | AUI5 AU4 AUl | k=3 | Male Female | Low High | LM LF HM HF
9 0400 0950 0950 | 0.00 | 0.00  0.00 | 000 000 | - = = s
ell 0.675 0400 0675 | 006 | 012 000 | 012 000 | 024 - - -
el8 0675 0950 0950 | 0.10 | 020  0.00 | 000 020 | - - 040 -
el5 0.675 0.675 0950 | 0.15 | 008 022 | 014 016 | - 028 0.6 0.16
€23 0950 0675 0675 | 021 | 006 036 | 006 036 | 012 - - 072
€20 0950 0400 0.675| 029 | 028 030 | 058 000 | 056 0.60 - -
el2 0675 0400 0950 | 034 | 046 022 | 046 022 | 060 032 032 0.12
€27 0950 0950 0950 | 049 | 046 052 | 013 080 | - 036 092 068
24 0950 0.675 0950 | 0.65 | 0.64 0.66 | 0.56 0.74 | 0.64 048 0.64 0.84
e21 0950 0400 0950 | 071 | 070 072 | 090 052 | 0.84 096 056 048

Looking at the overall results (group ALL), a num-
ber of high-performing expressions can be identified
(e27, e24, and e21), all showing the highest activation
values for AU17 and AU9. These AUs play a promi-
nent role in the representation of disgust, with AU17
raising the chin to enhance the impression of tension

xxx/xxx YYYY

while AU9 pinches the nasal region to emphasize the
feeling of disgust. However, the role of AUILS5 (lip
corner depressor) is more variable. The different levels
of activation in the different expressions highlight
the complexity of achieving an optimal expression of
disgust in different VHs.
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Table 3. Top-3 accuracy of Disgust expressions across different groups. The 10 expressions are derived from R2, with expressions

not included in R3 for a specific VH subgroup marked with ¢-’. The best results are highlighted as bold underlined, second-

ranked as bold, and third-ranked as underlined.

AUs weights ALL Gender Resolution Subgroups
expression | AU17 AU1S AU9 | k=3 | Male Female | Low High | LM LF HM HF
e9 0.400 0.950 0.950 | 0.00 0.00 0.00 0.00  0.00 - - - -
el2 0.675 0.400 0.950 | 0.00 0.00 0.00 0.00  0.00 - - - -
e20 0.950 0.400 0.675 | 0.00 0.00 0.00 0.00  0.00 - - - -
e26 0.950 0950 0.675 | 0.26 0.30 0.22 0.22  0.30 - 044 0.60 -
el5 0.675 0.675 0.950 | 0.31 0.14 0.48 048 0.14 | 0.28 0.68 - 0.28
e23 0.950 0.675 0.675 | 0.31 0.26 0.36 038 0.24 | 040 036 0.12 0.36
el8 0.675 0.950 0.950 | 0.39 0.62 0.16 0.30 048 | 0.60 - 0.64 0.32
e2l 0.950 0.400 0.950 | 0.45 0.52 0.38 0.52 038 | 0.72 032 032 044
e24 0.950 0.675 0.950 | 0.60 0.48 0.72 0.62 0.58 | 048 0.76 0.48 0.68
€27 0.950 0950 0950 | 0.68 | 0.68 0.68 | 048 0.88 | 0.52 044 0.84 0.92
Significant gender differences are evident when  Discussion

examining optimal gender-specific expressions such as
e21, e24 and el8, with a delta of up to 0.24 between
male and female VHs. These differences challenge
the gender-neutral performance observed for happiness
and sadness and suggest that gender plays a greater
role in how disgust is conveyed and perceived.

Resolution plays a key role in accuracy differ-
ences between VHs (Figure 3). In high-resolution
VHs, reducing AU intensity (from e27, where all AUs
are maximized, to e21) leads to a notable drop in
accuracy, while low-resolution VHs are less impacted
by these variations. Overall, e24 performs well across
both types, although €27 remains the best option for
high-resolution VHs.

However, despite these observations, it is difficult
to identify clear patterns correlating AU activations,
facial detail, and the accuracy of disgust expressions.
This suggests that other underlying factors or AU
interactions may influence how these expressions are
perceived at different resolutions, making the role of
facial detail less significant in this case compared to
other emotions.

Nevertheless, there is clear evidence that optimal
expressions can be defined for certain subgroups (i.e.
when both gender and resolution are taken into ac-
count). These results show that different emotions
require different degrees of adjustment in VH facial
traits, but the underlying principle of optimizing ex-
pressions for specific subgroups remains valid.

Overall, our findings indicate that no single ex-
pression fits all VHs universally. However, they do
support the existence of expression sets that are ef-
fective within specific VH subgroups. Some emo-
tions, like happiness and sadness, can be expressed
similarly across genders, while others, like disgust,
require gender-specific adaptations to achieve equal
emotional clarity. Resolution also plays a crucial role
in emotional expressiveness. As observed, the low-
resolution models lack the fine facial detail required to
accurately reproduce subtle AU activations, especially
when their intensity is maximized. However, the results
for disgust suggest that factors other than facial details,
such as AU interactions, may also play a significant
role. This observation suggests that greater caution is
needed when establishing direct relationships between
AU activations and VH resolution, particularly when
the emotion involves the activation of multiple AUs.

Although the results of this study provide valu-
able insights, it is important to acknowledge some
limitations. First, we focused on a limited number of
emotions, which may not fully capture the broader
range of expressions relevant to different applications.
In addition, the use of three intensity levels for the
AUs, although practical, may overlook finer emotional
nuances. The heuristics-based voting system helped to
manage complexity, but certain expressions may not
have been fully explored. Finally, the relatively small
group of participants and low ethnic diversity in our
VH models may limit the generalizability of the re-
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sults. Future studies could benefit from collecting non-
anonymous votes along with user-related data such
as age, gender, nationality and occupation to enable
a deeper analysis of potential perceptual variability
across different demographic groups.

CONCLUSIONS

This study investigated how emotions can be ex-
pressed by VHs using EMFACS coding in different
subgroups defined by gender and resolution. While
no universal set of expressions was found, our results
show that there are different sets of optimal expres-
sions for specific subgroups. Furthermore, these results
challenge the conventional approach of maximizing all
AU intensities, which often leads to a less effective
representation of emotions. This suggests that a more
nuanced approach with tailored modulations for each
subgroup is required to achieve believable expressions.
Although this study focused on a limited subset of
emotions, we believe it offers valuable insights that
can help animators and practitioners refine emotional
expression in VHs to ensure more realistic and engag-
ing interactions.
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