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Abstract

The study investigates advancements in multimodal emotion recognition (MMER) within
the evolving landscape of human-AI interaction. By synthesizing insights from psychology,
computer science, and cognitive neuroscience, this paper examines the integration of multiple
modalities—such as facial expressions, vocal tone, textual sentiment, and physiological sig-
nals—to achieve adaptive and emotionally intelligent AI systems. Leveraging a systematic
literature review, it identifies state-of-the-art methodologies, including deep learning-based
data fusion techniques, and their applications across sectors such as healthcare, education, and
transportation. The review provides practical tools to support the implementation of MMER
systems, such as a decision tree for selecting the most appropriate theoretical approach based
on specific application needs and another for choosing the optimal fusion method. The pro-
posed simplifications can help system designers and researchers solve key challenges, such as
integrating different data types and real-time processing. The article will also address ethical
issues such as privacy and anti-bias.

Keywords: Multimodal Emotion Recognition (MMER); Human-AI Interaction; Deep
Learning; Adaptive AI Systems; AI Privacy & Ethics; Affective Computing; Decision Trees;
Data Fusion.

1 Introduction

Multimodal emotion recognition (MMER) is a rapidly developing field that drives demand for
adding emotional intelligence to AI-based creations. The ultimate goal is to improve human-
computer interactions. By synthesizing data from various sources, such as facial expressions, tone
of voice, text-based mood, and physiological signals, MMER systems more effectively interpret
complex contexts and add emotions. This research area is primarily related to the design of adap-
tive, user-centric systems in line with the postulates of Industry 5.0. The theoretical framework of
MMER is rooted in the psychology of emotions, including Ekman’s Theory of Basic Emotions and
Russell’s Dimensional Model of Affect, which can help integrate multimodal data. Thanks to deep
learning, technologies are rapidly developing and can increasingly combine implicit and explicit
emotional signals, increasing prediction accuracy and expanding application areas. For example,
combining EEG signals with facial recognition increases the efficiency of MMER systems despite
the many challenges associated with collecting multimodal data.

Emotionally intelligent AI systems have transformational potential and can be used in many
areas. Examples include applications already being implemented to support mental health or im-
prove customer service quality, education or personalized healthcare. All of these applications are
implemented with the requirement of real-time analysis, which currently poses the most significant
challenge for analyzing large amounts of heterogeneous data types. Another challenge is undoubt-
edly ethical and privacy issues and regulatory requirements, including consent and information
obligations. Solving these challenges requires a multidisciplinary approach integrating machine
learning, psychology and user experience design.

Recent developments in combining modalities (e.g., EEG signals with facial data) have enhanced
recognition accuracy by integrating implicit and overt cues despite practical challenges in collecting
certain data types (Yan Wang et al., 2022).

Deep learning has become central to MMER, enabling multimodal data integration and feature
extraction from complex affective inputs. Studies have shown significant improvements in MMER
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using neural networks, especially convolutional in MMER using neural networks, especially con-
volutional and recurrent models, which extract nuanced emotional information from multimodal
data (Lian et al., 2023).

Emotion theories continue to guide the development of MMER systems by explaining how emo-
tions manifest across modalities and how they can be integrated to enhance accuracy in detection
and response. For instance, works by (Yan Wang et al., 2022) and (Zhao et al., 2021) offer key
insights into integrating multimodal emotion theories for enhanced user interaction.

In his book ”The society of minds” Marvin Minsky emphasized the integral role of emotions
in intelligence by positing that understanding and integrating emotions are crucial for developing
brilliant machines (Minsky, 1988). The growing need to use MMER increases the importance of
emotional intelligence in AI. Thanks to this, human-computer interactions can be more natural
and more human. Machines endowed with emotional intelligence will provide personalized services,
which is especially important for vulnerable groups such as the elderly, disabled and children (May
et al., 2017).

1.1 Purpose & Research Objectives

This review aims to explore the theoretical underpinnings of MMER and its evolution over time
(1), examine the methodologies and algorithms used for multimodal data fusion (2), assess the
application of MMER in virtual agents and human-AI interaction systems (3), identify current
challenges, including ethical considerations and computational constraints (4), and propose future
research directions for advancing MMER technologies (5). By addressing these objectives, this
paper serves as a thorough reference for researchers and practitioners in the field, examining the
potential and significance of emotionally aware AI systems in promoting empathetic and adap-
tive interactions. By addressing these objectives, this paper serves as a thorough reference for
researchers and practitioners in the field, examining the potential and significance of emotionally
aware AI systems in promoting empathetic and adaptive interactions.

RQ1. How can multimodal data improve the accuracy of user state recognition
in AI-human interaction systems? This question examines methodologies and algorithms for
integrating data from facial expressions, voice, text, and physiological signals to develop compre-
hensive and accurate models of user emotional and cognitive states.

RQ2. What role do individual differences (e.g., age, gender, personality, and cul-
tural background) play in MMER performance? This inquiry investigates how user-specific
factors influence the effectiveness of MMER systems and explore adaptive strategies to improve
their responsiveness across diverse populations.

RQ3. Which modalities are most predictive of specific user states, and how do
these modalities interact? This question evaluates the contribution of different modalities to
recognizing specific emotional and cognitive states and examines how their integration optimizes
recognition processes.

RQ4. How does real-time multimodal data processing affect a system’s responsive-
ness and adaptability in dynamic environments? This question focuses on computational
challenges and explores strategies to balance accuracy, speed, and resource efficiency in real-time
emotion recognition.

RQ5. What ethical considerations arise from using multimodal data for user state
recognition, and how can they be addressed? Key issues include data privacy, consent,
potential biases, and the implications of deploying MMER systems in sensitive environments.

RQ6. To what extent can improved multimodal data processing techniques enhance
user engagement and satisfaction? This question explores the impact of advanced data fusion
methods on creating more intuitive and satisfying interactions in AI-driven interfaces.

RQ7. How can the optimal combination of multimodal data improve real-time user
state recognition? This question goes beyond Q1 and focuses on identifying and optimizing
combinations of modalities for high accuracy and efficiency in practical applications.

These questions will guide the systematic review of the literature and MMER application and
methods for insights into the theoretical and practical dimensions of MMER research.

This study employs a systematic literature review to consolidate advancements in multimodal
emotion recognition (MMER). The methodology follows a three-step process, as outlined by (Levy
and Ellis, 2006; Okoli and Schabram, 2015):

• Search Strategy: A comprehensive search was conducted across major academic databases,
including Google Scholar, SpringerLink, IEEE Xplore, ResearchGate, and ScienceDirect.
Keywords such as “multimodal emotion recognition,” “AI-human interaction,” and “deep

103

Technium Vol. 26, pp.102-140 (2025)
ISSN: 2668-778X

www.techniumscience.com



learning” were used to identify relevant studies. Only peer-reviewed articles and conference
papers published between 2018 and 2024 were included to ensure relevance and timeliness.

• Screening and Selection: Studies were screened based on predefined inclusion criteria, includ-
ing relevance to MMER, emphasis on multimodal data integration, and practical applications
in AI systems. Duplicate records and studies lacking methodological rigour were excluded.

• Data Extraction and Analysis: Key information, such as methodologies, datasets, algorithms,
applications, and challenges, were extracted and categorized. This stage enabled the identi-
fication of trends, gaps, and emerging opportunities in MMER research.

The systematic approach ensures a comprehensive understanding of MMER advancements and
lays the foundation for actionable recommendations in system design and future research.

2 Psychological Theory of Emotion Overview

Not only Paul Ekman’s Basic Emotions Theory has served as an important milestone in psy-
chology, but also underlining the universal nature of emotional expression. Ekman identified six
primary emotions—happiness, sadness, fear, anger, surprise, and disgust—each associated with
distinct and universally recognizable facial expressions. Rooted in empirical cross-cultural studies,
this theory has significantly influenced diverse domains, including psychology, neuroscience, and
artificial intelligence.

Applications of Ekman’s theory in multimodal emotion recognition (MMER) include leveraging
the Facial Action Coding System (FACS) to detect emotional states with high accuracy (Ekman
and Friesen (1978), Ekman et al., (2002)), what has facilitated the development of AI systems
in security, customer service, and therapeutic tools. For example, MMER systems using FACS
interpret subtle emotional expressions, what can be beneficial for naturalisation of human - AI
interactions.

Despite its widespread influence, the theory faces criticism for oversimplifying the complexities
of emotional expression. Critics argue that cultural and contextual differences significantly affect
emotional recognition and perception. Studies such as those by Russell (1994) and Barrett (2006)
challenge the universality of Ekman’s framework, suggesting a more context-dependent and con-
structed nature of emotions. Nonetheless, Ekman’s contributions remain pivotal, particularly in
integrating facial recognition data into MMER systems for applications requiring rapid detection
of fundamental emotions (Russell, 1994; Russell, 2003). Another researcher (Izard, 1994) simi-
larly highlighted that although certain emotions are broadly recognized, the nuances of emotional
expression differ depending on cultural norms.

To address these criticisms, Ekman and colleagues conducted extensive cross-cultural studies.
Initial experiments, such as those involving the Fore people of Papua New Guinea (Ekman et
al., 1969), supported the hypothesis of universal emotional recognition. Further studies compared
recognition rates across industrialized and non-industrialized cultures, including Japan, Brazil, and
the United States, revealing high agreement in recognizing basic emotions (Ekman and Friesen,
1971). However, these studies also acknowledged that cultural factors can influence how emotions
are displayed and interpreted, particularly regarding their intensity.

Furthermore, (Barrett, 2006) argued Ekman’s theory that emotions are constructed from more
basic psychological operations, which are mainly influenced by individual experiences and cultural
contexts. Nevertheless, other research consistently showed high agreement across different groups,
suggesting a biological basis for these emotional expressions (Ekman and Cordaro, 2011).

Ekman’s foundational studies were expanded upon by subsequent research utilizing modern
technology such as electromyography (EMG) to measure the muscle activity associated with spe-
cific facial expressions, thereby providing quantitative evidence supporting the theory (Hess and
Thibault, 2009).

Moreover, neuro-scientific advancements have identified brain structures and pathways in-
volved in processing basic emotions, linking specific emotions to distinct patterns of brain activity
(Lindquist et al., 2012).

Ekman’s theory has been directly applied in developing effective computing systems used in
customer service and security. Affectiva is a company known for specializing in emotion recognition,
and its algorithms are using FACS to analyze facial expressions in real-time, enhancing customer
interaction by providing immediate emotional feedback to service agents (McDuff et al., 2014).

Another application is in security and surveillance. Systems like the one developed by iMotions
use Ekman’s FACS to detect suspicious behaviours by analyzing micro-expressions, thus aiding
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in threat assessment and crime prevention (Lei et al., 2017; Otamendi, 2022; Sham et al., 2023).
These applications of FACS are practical evidence of Ekman’s theory implications and adress RQ4)
by showcasing how real-time processing of facial expression data can enhance the responsiveness
and adaptability of AI systems in dynamic interaction environments.

In addition, the development of high-speed cameras and advanced image processing technologies
has allowed for the detailed study of micro-expressions—brief, involuntary facial expressions that
manifest as concealed emotions. These studies have further validated Ekman’s claims about the
involuntary nature of emotional expressions and their potential use in various applications, from
psychology to security (Porter and Ten Brinke, 2008).

2.1 The Dimensional Model of Affect (James Russell)

James Russell’s Dimensional Model of Affect provides a continuous framework for understanding
emotions, categorizing them along the axes of valence (pleasantness-unpleasantness) and arousal
(activation-deactivation) (Russell, 1980; Russell et al., 1989). This model enables the represen-
tation of emotions as points in a two-dimensional space, with extensions such as the dominance
dimension adding further granularity to emotional classification. For instance, excitement and fear
share high arousal levels but differ significantly in valence. The inclusion of a third dimension,
dominance (the degree of control one feels over a situation), further refines the model, adding
depth to its applications (Sutton et al., 2019).

The Dimensional Model’s flexibility makes it particularly suitable for applications requiring
nuanced emotional analysis, such as virtual assistants, gaming environments, and educational
technologies (Reuderink et al., 2013). By mapping emotions on a continuous scale, AI systems
can dynamically adjust their interactions to improve user engagement and satisfaction. However,
critics argue that this model may oversimplify emotional experiences by reducing them to only
a few dimensions. Additionally, cultural and individual variability in emotional expression poses
challenges to its universal applicability.

Nevertheless, the Dimensional Model remains a cornerstone in MMER research, particularly
in applications demanding real-time monitoring and adaptive responses. Recent advancements
in deep learning have further enhanced its implementation, enabling multimodal data integration
for improved accuracy in recognizing and predicting user states. The Dominance pertains to the
degree of control and influence one feels over a situation or environment when experiencing an
emotion. It ranges from feelings of dominance and empowerment to feelings of submission and
powerlessness. Emotions such as pride and anger typically involve high dominance, while fear and
helplessness are characterized by low dominance. (Fontaine et al., 2013) explored how dominance,
as a dimension of emotion, contributes to a more nuanced understanding of emotional experiences
and their expression in social contexts.

The flexibility of this approach has led to its adoption in diverse fields. In virtual reality (VR),
systems employing the dimensional model adjust environmental elements in real-time to match
users’ emotional states, as shown in studies like (Riva et al., 2019). In educational technology,
tools such as those studied by (D’Mello et al., 2017), utilize valence-arousal tracking to tailor
instruction to students’ emotional states, boosting learning outcomes. These examples highlight
the model’s potential to enhance user satisfaction and performance across applications.

Critics of the Dimensional Model argue that it may oversimplify the complexities of emotional
experiences by reducing them to just two or three dimensions. Research by Barrett (2017), em-
phasizes that emotions are often context-dependent and influenced by individual differences, which
may not be fully captured by the valence-arousal-dominance framework. Furthermore, cultural and
social factors can affect how emotions are experienced and expressed, challenging the universal ap-
plicability of this model.

Despite these criticisms, the Dimensional Model remains a cornerstone of emotion recognition
research, particularly in systems requiring continuous monitoring of emotional states. Its adapt-
ability, combined with its compatibility with multimodal data sources like voice, text, and facial
expressions, makes it a powerful tool for advancing human-computer interaction.

Recent research, such as the work by (Buechel and Hahn, 2017), developed a model that
integrates these three dimensions into sentiment analysis, showing improvements in the granularity
and accuracy of emotional predictions.

The Dimensional Model of Affect is essential in answering RQ3 as it helps identify which
modalities (e.g., facial expressions, voice) are most predictive of specific user states. By mapping
emotions along valence and arousal dimensions, this model facilitates a deeper understanding of
how different modalities contribute to the overall emotional state.
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2.2 The Appraisal Theory of Emotion (Richard Lazarus)

Richard Lazarus’s Appraisal Theory emphasizes the cognitive evaluation—or appraisal—of events
as the primary determinant of emotional responses (Moors et al., 2013; Lazarus, 1991). Emotions,
according to this theory, are not triggered solely by the events themselves but by the personal
significance attributed to those events. This appraisal process is categorized into two types:

• Primary Appraisal: Determines whether an event is perceived as a threat, challenge, or
benefit.

• Secondary Appraisal: Assesses the resources available to cope with the situation.

According to this perspective, different emotional responses can arise from the same situation
depending on how an individual appraises the event, such as whether they perceive it as threatening,
beneficial, or irrelevant to their goals (Lazarus, 1968). For example, encountering a dog may evoke
fear in someone who appraises the dog as a threat but joy in another who appraises the encounter
as an opportunity for companionship. According (Scherer et al., 2001) appraisal involves the
evaluation of various factors, including the potential for harm or benefit, the congruence with
personal values and goals, and the perceived ability to cope with the consequences of the event.
These appraisals can be immediate and automatic, or they can involve more deliberate processing.

This theory has significant implications for emotion recognition systems, as it highlights the
variability in emotional responses based on personal and contextual factors. MMER systems
integrating this model can analyze users’ emotional reactions more effectively by considering indi-
vidual goals, values, and situational contexts. For instance, in health services, systems employing
appraisal theory can interpret patients’ emotions within the context of their health concerns, tai-
loring responses to their specific needs. Adaptive tutoring systems, such as those developed by
(Conati and Maclaren, 2009) use appraisal mechanisms to adjust educational strategies in response
to students’ emotions, improving learning outcomes.

Critics argue that the Appraisal Theory may overemphasize the cognitive aspects of emotion,
potentially neglecting the role of automatic, unconscious processes. (Zajonc, 1984) contended that
some emotional responses occur without conscious evaluation, challenging the theory’s premise.
However, experiments by (Smith and Lazarus, 1993) demonstrated that cognitive appraisals often
predict emotional responses, providing robust support for the theory’s relevance.

This theory also underscores the importance of individual differences in emotional expression,
addressing how cultural backgrounds, personal history, and situational factors influence appraisals
and is widely used by psychotherapists (Lisetti and Nasoz, 2002; Moors et al., 2013), although
in form of self-reports. This makes it particularly valuable for systems requiring a high degree of
personalization, such as virtual assistants or educational tools for diverse populations.

By integrating the Appraisal Theory into MMER systems, researchers can develop applications
capable of tailoring responses to the user’s emotional context, enhancing adaptability and user
satisfaction. However, implementing this theory in real-time systems remains challenging due to
the computional modeling complexity of subjective appraisals.

2.3 Affective Processes Theory (Klaus Scherer)

Klaus Scherer’s Affective Processes Theory, particularly his Component Process Model (CPM),
proposes that emotions arise from the dynamic interaction of multiple subsystems. These include
cognitive appraisals, physiological responses, motor expressions, and subjective feelings. Each com-
ponent contributes to the emotional experience, operating on different timescales and intensities.
Scherer emphasized that these processes are interdependent, with appraisals triggering physiolog-
ical and behavioral responses (Scherer, 1982).

Key components of Scherer’s CPM include:

• Cognitive Appraisal: Similar to Lazarus’s theory, it involves evaluating the relevance of
events to personal goals.

• Physiological Responses: Bodily changes such as heart rate, skin conductance, and neural
activity.

• Motor Expressions: Observable behaviors like facial expressions, gestures, and posture.

• Subjective Feelings: The personal experience of emotion, often reported through self-
assessment.
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Magda B. Arnold is recognized for her pioneering work on the appraisal theory of emotion,
which laid the groundwork for understanding the cognitive aspects of emotional processes (Arnold,
2013). Arnold’s theories emphasized the role of personal judgment and evaluation in emotional
responses, which influenced later Scherer’s CPM.

The CPM theory provides a comprehensive framework for understanding the complexity of
emotions, making it well-suited for applications in multimodal emotion recognition (MMER). By
integrating multiple data sources, such as physiological signals, facial expressions, and textual
inputs, CPM-based systems can enhance the accuracy and depth of emotion recognition. For
example, combining EEG data with facial recognition allows MMER systems to better capture
user states in contexts like healthcare and human-computer interaction.

Despite its strengths, implementing CPM poses challenges due to its complexity. Real-time
processing of multimodal data requires robust algorithms capable of synchronizing diverse inputs.
Additionally, the subjectivity of emotional experiences complicates model validation. Scherer him-
self acknowledged the difficulty of achieving consistency in interpreting multimodal data (Scherer,
2009).

Scherer’s theory remains influential in advancing MMER systems, especially in applications
demanding detailed and nuanced emotional understanding (Scherer and Wallbott, 1994). Its em-
phasis on integrating cognitive, physiological, and behavioral data ensures a robust framework for
developing responsive and empathetic AI.

Additionally, Nico H. Frijda’s work on the action readiness theory provided insights into the mo-
tivational aspects of emotions, further enriching the affective processes framework (Frijda, 1986).
Frijda’s theories focused on how emotions prepare and motivate individuals to respond to environ-
mental challenges, aligning with the idea that emotions involve multiple interrelated processes.

2.4 Other Theories of Emotion

Beyond traditional frameworks such as Ekman’s Basic Emotions Theory and Russell’s Dimensional
Model, several other theories of emotion provide nuanced perspectives essential for advancing Mul-
timodal Emotion Recognition (MMER) systems. These include Psychological Construction The-
ory, Social Constructivist Theory, and emerging approaches such as Dynamic Emotion Processes
and Neurocognitive Models. Together, these frameworks address the complexities of emotional
expression, variability, and context, enriching the design and adaptability of MMER technologies.

Psychological Construction Theory Lisa Feldman Barrett’s Psychological Construction
Theory redefines emotions as emergent phenomena constructed from core affect and conceptual
knowledge shaped by individual experiences and cultural contexts (Barrett, 2017). This dy-
namic model challenges the universality of discrete emotions, emphasizing variability and context-
dependence. For instance, sadness or happiness may manifest differently across cultural settings
due to distinct interpretive frameworks.

This theory is particularly significant for cross-cultural and personalized MMER systems.
Adaptive algorithms informed by Barrett’s insights can tailor emotion recognition models to ac-
count for user-specific contexts and cultural norms, improving both accuracy and user satisfaction.

Social Constructivist Theory Lev Vygotsky’s Social Constructivist Theory emphasizes the
role of social and cultural factors in shaping emotional expression and experience. Emotions are
not purely biological phenomena but are influenced by societal norms and interpersonal dynamics
(Vygotsky and Cole, 1978; Bruner, 1990). For example, collectivistic cultures prioritize emotional
expressions that maintain group harmony, while individualistic societies may encourage open dis-
plays of emotion (Mesquita et al., 2016; Markus and Kitayama, 2010).

This theory is highly relevant for MMER systems designed for collaborative and culturally
diverse environments, such as social robotics or virtual reality platforms. By incorporating social
and contextual data, these systems achieve greater accuracy in interpreting emotions, enhancing
interaction quality and cultural sensitivity (Hareli and Parkinson, 2008; Ghandeharioun et al.,
2019).

New Dynamic and Neurocognitive Models New theories such as Dynamic Emotion Pro-
cesses and Neurocognitive Models add another aspect of variability in emotion recognition:

Researchers representing the dynamic trend view emotions as fluid and evolving rather than
fixed states. This perspective benefits MMER systems that require real-time adaptation to chang-
ing emotional landscapes, such as games or healthcare (Kuppens et al., 2010).

On the other hand, proponents of neurocognitive models like Pessoa (2013) investigate the brain
mechanisms underlying emotional experiences. They do this using neurophysiological data such
as EEG and fMRI (Dehghani et al., 2023). According to research, neurocognitive models improve
emotion recognition accuracy in clinical and psychological contexts (Dricu and Frühholz, 2020).

107

Technium Vol. 26, pp.102-140 (2025)
ISSN: 2668-778X

www.techniumscience.com



Incorporating these new theories into MMER systems allows for a multidimensional approach to
emotion recognition, taking into account users’ changing needs and contexts. However, they also
seem challenging to implement due to the brain imaging techniques. If implemented in MMER,
both approaches could enhance cultural and individual sensitivity by considering the variability of
emotional expressions and increase contextual accuracy by integrating social and cultural factors
in the interpretation of emotions. Dynamic and neurocognitive models provide a robust framework
for real-time monitoring and advanced analysis, allowing systems to better adapt to the use case
and thus be more versatile and scalable. However, this is not currently the approach used in
MMER, probably due to the lack of available labelled training sets. The variability postulated by
the models would require the preparation of a large number of data sets based on both intra- and
inter-individual expression variability.

Table I: Comparative analysis of emotion theories

Theory Premise Applications Cultural Aspect Critiques

Basic Emo-
tions Theory
(Ekman)

Emotions are
universal and bi-
ologically based,
with distinct facial
expressions for six
core emotions.

Facial recognition,
security systems,
emotion-based AI
applications.

Claims universality
but limited by vari-
ability in expres-
sion across cultures.

Fails to ad-
dress cultural
influence on
emotional
perception.

Dimensional
Model of Af-
fect (Russell)

Emotions are rep-
resented along con-
tinuous dimensions
of valence (positive-
negative) and
arousal (activation-
deactivation).

User experience de-
sign, VR systems,
sentiment analysis.

Framework is
adaptable to dif-
ferent cultural
interpretations
of arousal and
valence.

Oversimplifies
complex
emotional
states, ignor-
ing cultural
subtleties.

Appraisal
Theory
(Lazarus)

Emotions arise
from cognitive eval-
uations of events as
threats, challenges,
or benefits.

Health services,
adaptive learn-
ing environments,
personalized appli-
cations.

Cultural norms
shape what is con-
sidered a threat or
benefit, affecting
appraisals.

Subjectivity
complicates
modeling
across di-
verse cultural
backgrounds.

Psychological
Construc-
tion Theory
(Barrett)

Emotions are con-
structed from core
affect and concep-
tual knowledge, in-
fluenced by context
and culture.

Cross-cultural AI
systems, person-
alized emotion
recognition models.

Directly addresses
variability in emo-
tional expression
across cultures.

Complex com-
putational
implemen-
tation due
to dynamic,
contextual
nature.

Social Con-
structivist
Theory (Vy-
gotsky)

Emotions are
shaped by social
norms and cultural
practices rather
than being purely
biological.

Social robots, col-
laborative virtual
environments,
group-based AI
interactions.

Highlights cultural
specificity of emo-
tional norms and
expressions.

Neglects
biological
underpin-
nings, limiting
physiological
modeling.

Affective Pro-
cesses Theory
(Scherer)

Emotions result
from the interac-
tion of cognitive
appraisals, physio-
logical responses,
motor expressions,
and subjective
feelings.

Multimodal AI sys-
tems, clinical emo-
tion recognition, af-
fective computing.

Applicable glob-
ally but requires
cultural calibra-
tion of emotional
components.

Challenging to
integrate mul-
timodal data
in real-time
systems.

A comparative analysis of the main features of selected emotion theories is presented in the
table I. Each theory is assessed based on basic assumptions, cultural aspects, applications and
criticism. Emotion theories, like most psychological concepts created from different perspectives
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and premises, have a tangible goal of adapting these theories to specific applications and contexts.
For example, Ekman’s theory emphasizes the universality of emotions, which makes it better suited
to systems requiring rapid detection of basic states, but it is limited by cultural dependence. In
turn, the dimensional model of affect (Russell) provides a flexible framework for continuous track-
ing of valence and arousal but may oversimplify emotional nuances. Appraisal Theory (Lazarus)
focuses on the role of cognitive evaluations, enabling personalized and context-aware applications
like health services. However, it faces challenges in real-time implementation. Psychological Con-
struction Theory (Barrett) strongly emphasizes individual and cultural differences, which may
mean high computational requirements, difference from other theories, and encourage its use in
cross-cultural AI applications. In turn, Social Constructivist Theory (Vygotsky) emphasizes the
influence of social norms and may be better for implementation in Human-AI collaboration situa-
tions but less effective in capturing biological processes. Affective Processes Theory (Scherer) offers
a comprehensive, multi-component approach that is valuable for detailed emotion recognition but
demands computational resources and implementation.

These frameworks complement one another, offering diverse tools for MMER development
depending on the requirements for universality, adaptability, or granularity in emotional recognition
systems.

2.5 Decision tree for choosing best emotion theory for UC

Based on this literature review and the gathered knowledge, a simple decision tree was created
to help identify which Theory of Emotion is more suitable for the deliberated use case. Choosing
the appropriate emotional approach for MMER systems depends on the application’s requirements
and context, such as the need for cultural sensitivity, the complexity of emotions being recognized,
and the technological context.

Simple Decision Tree: What Emotional Approach to Use? (own work)

• Q1. Do you need to recognize basic, universal emotions quickly and reliably?

– Yes: Consider Basic Emotions Theory (Ekman) for straightforward applications
requiring rapid identification of fundamental emotions.

– No: Go to question 2

• Q2. Is your application focused on continuous monitoring and nuanced emotional states?

– Yes: Consider the Dimensional Model of Affect (Russell) for applications requiring
continuous tracking of emotional states across dimensions such as valence and arousal.
Proceed also to the next question to explore the need for context-aware interpretation.

– If the focus is not on continuous monitoring but rather on specific situational contexts,
consider theories that allow for contextual evaluation. Proceed to the next question.

• Q3. Does your application require understanding how emotions are constructed from core
affect and conceptual knowledge (e.g., influenced by specific contexts or cognitive evalua-
tions)?

– Yes: Consider Appraisal Theory for applications that need to evaluate the context or
situation in which emotions arise and adapt responses based on this cognitive evaluation.

– No: If the application does not require this level of cognitive appraisal and instead
focuses on straightforward emotional recognition or tracking, consider the Dimensional
Model of Affect or Basic Emotions Theory.

• Q4. Does your application require a combination of continuous monitoring and context-
sensitive interpretation?

– Yes: Consider combining Appraisal Theory with the Dimensional Model of Affect. This
allows for continuous monitoring of emotional states with the flexibility to interpret
those states based on contextual factors.

– No: If only one aspect is needed (monitoring or contextual interpretation), choose the
appropriate theory from the previous steps.

• Q5. Is real-time processing a critical component of your application?
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– Yes: Depending on the previous answers, check whether the selected model (or combi-
nation of models) can be processed in real-time. The appraisal theory and dimensional
affect model will probably require more computational resources than Ekman’s classi-
fication models. The challenge will be to choose the appropriate time frame for class
aggregation.

– No: If real-time processing is unnecessary, select the theory that best aligns with your
application’s needs, focusing on contextual understanding or emotion tracking.

Disclaimer: Decision trees are designed to simplify complex decision-making processes by guid-
ing users through a series of binary or categorical choices, that means that there is possibility that
the decision tree may not perfectly align with all use cases.

Example Application of Decision Tree for the Emotional Virtual Chatbot Based
on the decision tree, let’s discus the following use case: Emotional Virtual Chatbot as a Support
Assistant at Hotel Reception.

Possible Scenario: The virtual chatbot is designed to assist hotel guests by providing required
information, analyzing their emotions from video, text, and voice inputs during conversations
in real-time (RT). The chatbot adapts its responses based on the customer’s emotional state to
improve service quality and assess its own performance.

Given the use case of an emotional virtual chatbot at a hotel reception, we can apply the
decision tree for selecting an appropriate emotion theory model as follows:

• The chatbot operates within a Human-Computer Interaction (HCI) domain, specifically tai-
lored for customer service in a hospitality setting. So we look for an emotion theory that
supports real-time interaction and is sensitive to customer satisfaction.

• The chatbot processes video, text, and voice inputs. These multimodal data sources provide
comprehensive information about the customer’s emotional state. This could lead us to
consider Psychological Construction Theory or Appraisal Theory due to their capacity to
handle complex, multimodal data and adapt to the context.

• The chatbot needs to analyze emotions and adapt its responses in real-time. This requires
an emotion theory that can support dynamic and continuous emotion assessment, which
reinforces the selection of Appraisal Theory due to its focus on how individuals appraise
events and how those appraisals influence emotional responses in real-time.

• The chatbot must handle a range of emotional expressions and adapt its responses dynami-
cally, what require high flexibility and handling of complex interactions. The recommended
theory can be Psychological Construction Theory, which is robust in integrating multiple
modalities and adapting to varying emotional expressions.

Finally:
AD Q1 No, quick recognition of basic emotions is not the primary need; the chatbot requires

nuanced emotional understanding.
AD Q2. Yes, the chatbot continuously monitors emotional states across multiple modalities

(video, text, voice).
AD Q3. Yes, the chatbot needs to adapt its responses based on the specific context of the

interaction.
AD Q4. Yes, both continuous monitoring and context aware interpretation are critical.
AD Q5. Yes, real-time processing is essential for effective interaction.
Final Model Selection: Combine Appraisal Theory with the Dimensional Model of Affect.

Appraisal Theory will help the chatbot interpret emotions based on the context of the interaction.
The Dimensional Model of Affect will allow the chatbot to continuously monitor and track the
emotional states of users, providing a real-time understanding of changes in emotions.

Implementation Strategy should be based on two key elements: Real-Time integration & Cus-
tomisation. Implement both models in tandem to ensure that the chatbot can continuously track
emotional states while also adjusting its behavior based on cognitive appraisals of the situation.
Fine-tune the models to prioritize either continuous monitoring or context-sensitive adaptation
based on real-time demands and user interaction complexity.

A proposal would be to start with a Dimensional Model of Affect to monitor the user’s emotional
state in real time. The system will then process input from multiple modalities (e.g. video, text,
voice, etc.) and map it onto dimensions of valence and arousal. This will allow for continuous
tracking of the user’s overall emotional state and detecting changes in emotions that are relevant
to the interaction. Once an emotion is detected or a significant shift in the emotional state is
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identified, the system applies Appraisal Theory to interpret the context of the emotion. Then
the system evaluates the current situation, user interactions, and any relevant contextual factors
(e.g., the content of the conversation, user history, specific events, etc) to determine the cause
and meaning of the detected emotional state. For example, if the system detects a high-arousal,
negative-valence state (such as frustration), it would then use appraisal mechanisms to determine
if the frustration is due to a specific issue (e.r, a misunderstanding or a delay in service, etc).

Based on the combined results of the Dimensional Model of the Affect Theory and the Eval-
uation Theory models, the system generates an appropriate response. In turn, the classification
according to the Dimensional Model provides the system with a continuous understanding of the
user’s emotional state, making it sensitive to changes over time.

This feedback loop ensures that the system becomes responsive and adaptive throughout the
interaction, providing good context-dependent performance.

3 Application of Different models of Emotion

This section highlights how frameworks like Scherer’s CPM, Russell’s Dimensional Model of Af-
fect, and Ekman’s Basic Emotions Theory have been operationalized in real-world systems. For
example, CPM integrating cognitive appraisals, physiological responses, and motor expressions, is
a solid theoretical framework for understanding emotions in complex systems, essential for com-
munication systems dedicated mainly to healthcare. Russell’s Dimensional Model of Affect is a
valuable framework for tracking emotional states continuously across dimensions, for example, in
gaming, offering adjustments like in-game assistance during stressful situations. Ekman’s Basic
Emotions Theory focus on universal, discrete emotions, making it invaluable for quick and reliable
emotion recognition.

Emotion recognition technologies enhance existing systems and catalyze innovation in person-
alized healthcare, adaptive learning, and virtual social spaces. For example, emotion-aware virtual
assistants now respond to users more precisely by interpreting frustration or satisfaction from vocal
and textual cues. Similarly, gaming platforms dynamically adjust challenges based on real-time
emotional feedback, fostering engagement and reducing player frustration.

Ekman’s theory has guided the development of algorithms for emotion recognition, which are
now used in areas ranging from marketing to interactive gaming and mental health monitoring
(Reardon et al., 2019). These techniques can analyze facial expressions captured on video and
can use them to assess the viewer’s emotional state. Game designers incorporate this kind of
data to adapt human-computer communication and the game’s script. This data is used to adjust
difficulty levels, narrative choices, and the game’s dynamics. For example, a game that detects
high arousal and negative valence (indicating stress or frustration) might offer in-game assistance
or lower the difficulty to prevent the player from dropping out and getting discouraged. On the
other hand, recognizing positive valence and high arousal might signal the game to increase the
challenge to keep the player engaged while also potentially discouraging compulsive gamers with
addictive tendencies. Studies by Hudlicka (2019) have shown that adaptive gaming systems that
respond to player emotions can lead to more personalized and satisfying gaming experiences.

Also, the concept of metaverse, a virtual shared space, uses emotion recognition to deepen the
effect of immersion and naturalness of the interactive environment. By reading the user’s emotional
states, metaverse platforms adapt to the virtual environment and create a digital experience for
individual people. For instance, virtual social spaces can adjust the ambience and interactions
based on the collective emotional state of participants, promoting positive social interactions and
reducing harassment or harmful behaviour. Research by Liu et al., (2024) and Singh and Kaunert
(2024) highlights the potential of emotion-aware systems in the metaverse to create more inclusive
and engaging virtual communities.

Recognizing and responding to user emotions, thus making interactions with machines more
human, can improve user satisfaction in digitally delivered services such as e-commerce, online ed-
ucation, and health services. Mimicking human adaptive responses, such as detecting hesitation or
confusion (negative valence, moderate arousal) while shopping or talking to a teacher, can prompt
the system to offer additional information about the product or other assistance until satisfaction
or understanding is achieved. Recognizing students’ emotional states in online education can help
educators adjust their teaching methods, provide timely support, and create more engaging learn-
ing experiences. Also, there are some applications in the transportation sector. For example, an
emotional monitoring system in vehicles can detect drivers’ frustration in real-time during a traffic
jam and respond by playing soothing music, helping to calm the driver and reinforce safe driving
practices (Zepf et al., 2020).
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Current research by Cambria et al., (2024) explores and refines the integration of emotional
dimensions in digital experiences. According to the authors, advances in machine learning and
natural language processing are leading to the development of increasingly sophisticated and ac-
curate emotion recognition systems. Methods based on deep learning can already analyze facial
expressions, tone of voice, and text and use this to infer the emotional states of the interlocutor.

Implementing Klaus Scherer’s complex theoretical component process model (CPM) in the
MMER system is still challenging. The fundamental problem is still collecting and properly syn-
chronizing data from different sensors, each with a different sampling rate and highly susceptible to
noise and artefacts cites scherer2009dynamic. Precise time-stamping and preprocessing methods
are essential for effective data alignment and cleaning. Integrating physiological, behavioural, and
self-report sources is particularly difficult because these data types often come in different formats
and levels of detail. Researchers continue to search for suitable, transient and universal techniques.
To cope with complexity, advanced machine learning algorithms capable of combining heteroge-
neous data are used, such as autoencoders, Generative Adversarial Networks (GANs), Recurrent
Neural Networks (RNNs), Gaussian Mixture Models (GMMs) or Graph Neural Models (GNNs)
(Picard, 2010).

MMER requires real-time processing of large amounts of complex data to be functional. Much
attention is currently being paid to optimizing available algorithms for their performance using
edge computing techniques (Zeng et al., 2007). Emotions are inherently subjective, variable, and
dependent on individual differences, cultural background, and situational contexts. Therefore,
self-adaptive models that learn and adapt based on contextual information are being created,
increasing the accuracy of emotion recognition (Barrett, 2006). Another challenge is the reliability
and accuracy of sensors over time because they require regular calibration and are susceptible to
environmental factors (lighting) or user behaviour (face tilt angle). The solution may be integrating
calibration procedures and using redundant sensors to ensure system continuity and integrity.
Moreover, the collection and processing of sensitive data for emotion recognition, as well as the
results of recognition models, require the highest levels and standards of data protection, such as
encryption and anonymization, as well as obtaining informed consent to the processing and use of
data along with ensuring transparency of their use (Scherer, 2009).

Explainable AI techniques provide additional insight, ensuring that even complex models remain
understandable (Gunning and Aha, 2019). Despite these challenges, effective implementation of
CPM in MMER systems promises a nuanced and comprehensive understanding of human emotions,
crucial for applications in affective computing and psychological research (Zeng et al., 2007).

The application of understanding valence, arousal, and dominance (James Russel model) ex-
tends beyond theoretical frameworks and sentiment analysis into practical domains, such as user
state recognition in digital experiences. These include virtual assistants, gaming environments, the
metaverse, and other digital services. In virtual gaming, emotion recognition personalizes game
dynamics to increase user engagement and satisfaction. Games use emotional information to ad-
just, for example, difficulty level, narrative choices, and game pacing. For example, a game that
detects a player’s high arousal and negative valence (signifying stress or frustration) may offer
in-game assistance or lower the difficulty to prevent the player from getting discouraged and fail-
ing. In contrast, recognition of positive valence and high arousal may signal to the game the need
to increase challenge to maintain engagement. Studies by Hudlicka (2016), Akbar et al., (2019),
Frachi et al., (2023), J. C. Lopes and R. P. Lopes (2022), Bălan et al., (2020), Rezapour et al.,
(2024), and Kadyr and Tolganay (2024) have shown that adaptive gaming systems that respond
to player emotions can lead to a more personalized and satisfying gaming experience.

Virtual social spaces like metaverse can adjust the atmosphere and interactions for individuals
and entire communities by analyzing the collective emotional state of participants. Such collective
adjustment can enhance positive social interactions and reduce instances of harassment or harmful
behaviour. Research by Pervez et al., (2024) and Khalaf et al., (2024) highlights the potential of
emotion-aware systems in the metaverse to create more inclusive and engaging virtual communities.
These applications address RQ3 and RQ6 by demonstrating how multimodal emotion recognition
can enhance user engagement and satisfaction across various digital platforms.

Currently, increasingly sophisticated MMER systems that integrate data from multiple sources,
based on CNNs and RNNs, have significantly enhanced the ability to process and understand com-
plex emotional cues from various modalities as presented by LeCun et al., (2015). Moreover, inte-
grating multimodal data—combining audio, visual, textual, and physiological inputs—has proven
more effective than unimodal approaches, leading to more reliable and nuanced emotion recognition
systems (Zadeh et al., 2017).

Kwon et al., (2022) presents a framework for analyzing facial expressions to assess game ex-
periences. The experimental setup and results, including accuracy and performance metrics, are
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detailed, showing the potential for integrating this framework into game testing. The study deliv-
ers evidence that deep learning-based analysis of facial expressions can provide valuable insights
into player experiences, which can be used to improve game design and testing processes.

In virtual assistants, recognizing and responding to user emotions is critical for creating more
intuitive Virtual assistants, like Alexa, Siri and Google Assistant, benefit from models that incor-
porate valence, arousal, and dominance to interpret user queries better and provide appropriate
responses. The possibility of detecting frustration during the conversation (negative valence, high
arousal, and low dominance) in a user’s voice can prompt the assistant to offer additional help or
simplify instructions. Conversely, satisfaction recognition (positive valence, moderate arousal, and
high dominance) allows the assistant to maintain its current interaction style. Research by Nasir
et al., (2022) has demonstrated that integrating emotional recognition into virtual assistants can
significantly enhance user satisfaction and interaction quality.

Similarly, a study by A. Savchenko and LV Savchenko (2022) and Lyudmila Savchenko and
V Savchenko (2021) demonstrated that audio-visual models provide a more comprehensive under-
standing of emotional states than those relying solely on visual or audio data. Similarly, (R. Chen
et al., 2022) applied a cross-modal auxiliary video network, finding that integrating visual and
audio data improves accuracy in recognizing subtle emotions compared to unimodal systems.

The Dimensional Model of Affect is particularly conducive to MMER because it provides a
flexible, continuous spectrum for emotion analysis, ideal for handling the variances in multimodal
data. Emotions in this model are mapped based on valence (pleasant-unpleasant) and arousal
(activated-deactivated), dimensions that can be effectively measured through algorithms analyzing
physiological responses, voice tone, linguistic content, and facial expressions.

The usefulness of the Dimensional Model of emotion for MMER stems from its adaptive ability
to interpret ambiguous or subtle emotional signals often present in multimodal input data. For in-
stance, a video’s combination of voice intonation and facial expressions can provide complementary
information about the arousal and valence states, which can be integrated to predict more complex
emotional states. This model’s application in technology is extensively discussed in research that
examines how different modalities contribute uniquely to understanding emotions (Russell, 2003;
Mehu and Scherer, 2015).

Although highly relevant for understanding the cognitive processes behind emotions, the ap-
praisal theory is less frequently used in MMER computational models. This is due to cognitive
appraisals’ subjective and intricate nature, which are difficult to quantify and model using current
technologies. According to Scherer et al., (2001), the theory’s emphasis on individual differences
and contextual factors presents additional challenges in creating generalized models that can ac-
curately predict emotions across diverse users and contexts.

Emotional chatbot and virtual agent - EMMA - UC The article ”EMMA: Emotion-
Aware Wellbeing Chatbot” by Ghandeharioun et al., (2019) examines the EMMA project, an
emotionally intelligent chatbot for mental health interventions. EMMA has automated mood de-
tection using data from smartphone sensors, including geolocation and activity. The system is
based on Russell’s two-dimensional model of emotion (valence and arousal) and machine learn-
ing to analyze patterns and attempt to provide personalized mental health support. It leverages
multimodal data using classification models (e.g. logistic regression, random forest) to categorize
mood into binary classes of valence and arousal. In turn, regression models (e.g. linear regression,
support vector regression) predict the exact dimensions continuously. Regression models take into
account individual differences by adjusting for personal reference points. The case of Emma shows
that automated emotion detection is possible without sacrificing user perception. The key gap
identified in the study is balancing automation with the need for user control to optimize engage-
ment and effectiveness of the intervention and the long-term impact of using such a system. The
conclusion is that using different emotion recognition models shows the transformative potential
of integrating affective computing with human-AI interactions. Multimodality through the use of
diverse data such as facial expressions, voice, text and physiological signals significantly increases
accuracy, individualizes the experience towards naturalness and improves AI responsiveness. With
a solid theoretical framework, different models, Scherer’s Component Process Model, Russell’s Di-
mensional Model of Affect and Ekman’s Theory of Basic Emotions, researchers have significantly
improved in many applications. Moreover, although real-time processing, data fusion, dealing with
cultural and contextual variability, and ethical challenges remain challenges, the current rapid evo-
lution of these models promises better results in creating empathetic, adaptive, and user-centric
AI systems.
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4 Multimodal vs Unimodal Emotion Recognition Models

Research on combining multiple data streams (intonation, facial expressions, and text content)
highlights the importance of multimodality in improving emotion recognition techniques. Each
modality brings unique information that, when integrated, provides a better understanding of
user states and helps ensure performance stability despite significant individual differences. One
notable advance is developing the Multimodal Transformer model that effectively combines data
from different modalities. R. Wang et al., (2024) demonstrated that their multimodal transformer
outperforms unimodal models significantly in emotion detection tasks. The proposed models use
artificial attention mechanisms to dynamically weigh different modalities’ momentary importance,
providing a more accurate interpretation of user states.

Speech analysis techniques provide increasingly nuanced data by examining prosodic features
such as stress, intonation, rhythm, voice pitch (tone) and duration, speech rate, and pauses.
Researchers like Choo et al., (2023) have tested a deep learning model that analyzes prosody
features in real-time, which improved the accuracy of assessing emotional states such as stress,
happiness, and anger. The proposed by researcher model can be integrated with a virtual assistant
system, providing new helpful information to customize user interactions by adapting the assistant’s
responses based on detected emotions.

Advances in computer vision and deep learning have enabled more accurate and real-time anal-
ysis of facial cues. Researchers Peng et al., (2017) and Belaiche et al., (2020) have developed a
facial emotion recognition system that uses CNNs to detect microexpressions—subtle facial move-
ments that reveal genuine emotions. The system has been integrated with various applications,
from health care to virtual reality, providing immediate feedback on the user’s engagement and
emotional reactions. Recent advances in NLP have focused on transformer-based models such as
BERT and GPT-3, demonstrating remarkable capabilities in understanding context and sentiment.
The EmoBERTa model, proposed by Kim and Vossen (2021), fine-tunes BERT to detect emotions
in text, achieving state-of-the-art results on multiple sentiment analysis benchmarks. EmoBERTa
has also been validated for detecting depressive symptoms in text (Bucur et al., 2023).

Enriching existing content-based models with voice and facial expression analysis will likely
improve emotion recognition performance. The power of multimodal models is closely related to
their improved ability to integrate different data sources. A pioneering study by Yong Zhang
et al., (2021) introduced a framework that combines voice, image, and text data to create a
composite user profile. This approach uses a hierarchical fusion strategy, in which each modality is
procesed individually before combining them into a unified representation. This approach allows
the system to handle missing or noisy data more effectively, ensuring performance even in imperfect
conditions. Experimental results shown by Akbar et al., (2019) proof the accuracy and effectiveness
of dynamically balancing game difficulty based on players’ emotional states. Authors suggests
future research to incorporate audio data and semi-supervised learning for even better performance.
Additionally, it is a proof of concept for the simultaneous use of uni- and multimodal models.

Integration of multimodal models also has potential in various digital experiences (Butz, 2010).
Hamdy and King (2018) proposes a Complex Multimodal Classification System used to recognize
and respond to players’ emotions in games with all its benefits. The conclusions highlight the po-
tential of multimodal classification systems to significantly enhance gaming experiences by making
them more responsive to players’ emotions. Adapting the virtual assistant to the user, including
counteracting or preventing negative emotions, is possible in general conditions (Rahman et al.,
2024) and in dedicated narrow scenarios in games (Hu et al., 2024). Such personalization of the
user experience increases engagement and, thus, ultimate satisfaction. Furthermore, by under-
standing the user’s emotions through voice, facial expressions, and text, metaverse platforms will
create more responsive and engaging virtual environments (Sayyed et al., 2024). Recent studies like
Kalateh et al., (2024) have highlighted the importance of integrating multimodal emotion recogni-
tion approaches that use audio, visual, and textual data to improve the accuracy and reliability of
systems used for patient monitoring (Khan et al., 2024). Khan et al., (2024) explores the potential
of contactless multimodal emotion recognition (CMER) systems, highlighting the advantages of
non-invasive sensors such as RGB, infrared, and Wi-Fi. These sensors capture physiological and
behavioural cues without requiring direct skin contact, which improves user comfort and natural
interaction. The development of multimodal non-contact techniques has excellent potential for use
in the entertainment industry (gaming), healthcare (remote monitoring of the elderly), and work
environments where the psychophysical state directly affects the quality of work performed, on
which the safety of others depends.

Comparative analyses consistently show that multimodal emotion recognition models signifi-
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cantly outperform unimodal models. For example, Mocanu et al., (2023) explicitly demonstrated
that audiovisual models provide a more comprehensive understanding of emotional states than
those that rely solely on visual or auditory data. Similarly, He et al., (2023) applied a video-based
cross-modal auxiliary network, finding that integrating visual and auditory data improved the ac-
curacy of recognizing emotion nuances compared to unimodal systems. Recently, the robustness
of multimodal models under different conditions has also been studied. C. Kong et al., (2024) em-
phasized that multimodal deep learning models maintain high performance despite environmental
changes, such as lighting and background noise, which is less noticeable in unimodal models. Also
Juyal (2022) supported these findings by noting that multimodal sentiment analysis models ef-
fectively manage and integrate different data sources, increasing their reliability and applicability
in real-world conditions. Furthermore Yazhou Zhang et al., (2021) discussed the application of
multimodal models in detecting negative mood states using a robustness-centered fusion model
that integrated data from multiple sensors.

In turn, Y. Yi et al., (2023) introduced a dual-branch transformer model that significantly im-
proved the capture of complex emotional cues from fused audiovisual data. Then Krishna (2021)
further advanced this field by using large, pre-trained models with cross-modal attention mech-
anisms, which increased the model’s ability to interpret and correlate information from different
modalities.

In multimodality research, the challenge is the lack of large, appropriately labelled data sets
available, so researchers use advanced data augmentation techniques. Ma et al., (2022) used GANs
to augment audiovisual data, improving the training process and, thus, the performance of MMER.
The aforementioned CMER addresses the limitations of traditional unimodal systems that often fail
to capture the complexity of human emotions (Khan et al., 2024). However, implementing CMER
systems in real-world scenarios requires super-efficient real-time data processing. Advances in
edge computing and the development of lightweight models are key to meeting these requirements.
Furthermore, emotional expressions vary across cultures and contexts, which affects the accuracy
of emotion recognition systems (Lian et al., 2023).

Multimodality through feature mining and person calibration is joining the trend of cross-
cultural research and the search for models that consider context and person as a source of variabil-
ity. Maintaining emotional data confidentiality is paramount, as is implementing data protection
measures and obtaining informed user consent (Mamieva et al., 2023). Addressing bias in emotion
recognition algorithms is crucial to prevent discrimination and ensure equal treatment across popu-
lations. Ongoing research like Lian et al., (2023) on new approaches, such as cross-modal attention
mechanisms and graph neural networks, is expected to improve the integration of different modal-
ities, leading to more advanced emotion recognition systems. Developing standard benchmarks,
data sets, and assessment metrics, as well as fostering collaboration between computer scientists,
psychologists, and ethcists, is crucial for the holistic development of MMER (Kalateh et al., 2024).

5 Contactless vs. Contact Techniques of MMER

A recent review on CMER by Khan et al., (2024) offers an in-depth look at different visual, audi-
tory, textual, and physiological data modalities. Identified gaps for these systems are also effective
integration methods, including cross-modal attention mechanisms, graph neural networks for mul-
timodal data, and hierarchical fusion strategies, which could significantly improve the performance
of CMER. Additionally, in practice, optimization of latency and computational efficiency is very
important.

The comparison of non-contact and contact MMER techniques in Table II highlights the distinct
advantages and challenges of each approach. CMER offers user comfort through non-invasiveness,
which is why it is more widely accepted. These techniques are usually tailored for real-time
operations, although their accuracy is variable and is a direct derivative of the application of
newer deep learning techniques. Despite being non-invasive, their development raises ethical and
privacy concerns, as well as data protection for both the data used for inference and the inference
results. CMER is typically used in healthcare, education, social robotics, and customer service.

In contrast, non-contact techniques that use physiological sensors such as EEG and ECG, body-
worn cameras, and tactile sensors have higher accuracy, especially for physiological data. However,
these methods are often invasive and, therefore, uncomfortable, which results in moderate or low
user acceptance. The authors note that contact techniques are less suitable for solutions requiring
rapid decision-making in RT.

Contact techniques are typically used in controlled laboratory environments, healthcare, and
some applications with wearable devices. The review by Khan et al., (2024) does not discuss
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Aspect Contactless Techniques Contact Techniques

Data Collection
Methods

Visual (RGB cameras), auditory,
text, infrared, radar

Physiological (EEG, ECG), visual
(facial expression cameras), tactile

Sensor Types
RGB cameras, infrared cameras,
radars, Wi-Fi, audio recorders

EEG sensors, ECG sensors, wear-
able cameras, tactile sensors

Accuracy
Varies, generally improving with
deep learning advancements

High, especially for physiological
data

User Acceptance High, due to non-intrusive nature
Moderate to low, due to intrusive-
ness and discomfort

Real-time Capabil-
ity

Good, dependent on processing
power and optimization

Varies, can be slower due to the need
for contact-based data collection

Cost
Moderate to high, depending on sen-
sors used

High, due to specialized and often
expensive sensors

Comfort and Intru-
siveness

High comfort, non-intrusive Moderate comfort, can be intrusive

Ethical and Privacy
Concerns

Significant concerns about privacy,
need robust data protection mea-
sures

Concerns about consent and user
comfort, but generally better under-
stood

Applications
Healthcare, education, social
robotics, customer service

Healthcare, controlled lab environ-
ments, some wearable applications

Challenges
Environmental factors (lighting, oc-
clusion), data privacy, real-time pro-
cessing

User discomfort, high cost, invasive
nature, data collection complexity

Table II: Comparison of Contactless and Contact Techniques of MMER, prepared based on Khan
et al., (2024)

how cultural differences and contextual variability affect CMER techniques—arguably, the topic
is at such an early stage of development that research is yet unavailable. SO, there A thorough
examination of cross-cultural studies and developing context-aware models could provide a more
nuanced understanding of these effects. There is a lack of detailed case studies or practical im-
plementations in various domains, which can enrich insight about the effectiveness and challenges
of CMER systems. Another research gap is lack of longitudinal studies and analysis of emotional
dynamics over time. Finally, the last but not least topic is the user experience and acceptance of
CMER systems, investigating how users interact with these systems, their comfort level, and psy-
chological effects of more emotional responsivness of virtual assistant. Technological parameters
such as sensor accuracy, data processing limitations, and reliability under different conditions sig-
nificantly impact the effectiveness of contact techniques. The paper also concludes that the studies
need standardization of CMER studies, including benchmarks for standards and classifications,
data sets, and evaluation metrics. The comparisons in Table III reveal varying levels of accuracy
for different methods. Non-contact techniques, such as those using RGB cameras for facial recog-
nition, show a range of accuracy from 75% to 90%. Infrared cameras used for thermal imaging
typically achieve 70% to 85% accuracy rates. Radar systems that detect motion and heart rate
show accuracy levels from 65% to 80%, while audio recorders analyzing speech present a broader
accuracy range of 60% to 85%. Text analysis can achieve high accuracy rates between 70% and
90% using NLP techniques. There is a trend toward higher accuracy rates for contact techniques
(especially those measuring physiological data). For example, EEG sensors, which measure brain
activity, have accuracy ranges of 80% to 95%, while ECG sensors, which monitor heart rate, show
a accuracy of 75% to 90%. Body-worn cameras used to analyze facial expressions have accuracy
rates of 70% to 85%, as do tactile sensors measuring skin conductance. So, it is always a trade-off
between user comfort and measurement precision and reliability.

The wide range of accuracy for different MMER techniques is attributed to various factors re-
lated to the performance of the measurement systems and algorithms. For example, face recognition
accuracy using RGB cameras can be highly dependent on lighting conditions. At the same time,
audio-based techniques can be sensitive to background noise and audio signal quality. Contact-
based techniques such as EEG and ECG provide greater accuracy because they measure physio-
logical responses directly related to emotional states.

These signals are also less susceptible to conscious control and hiding of emotions, offering a
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Table III: Summary of Accuracy range for Contactless and Contact Techniques of MMER, prepared
based on Khan et al., (2024)

Technique Type Specific Techniques Accuracy Range

Contactless RGB Cameras (facial recognition) 75% - 90%

Contactless Infrared Cameras (thermal imaging) 70% - 85%

Contactless Radar (motion and heart rate detection) 65% - 80%

Contactless Audio Recorders (speech analysis) 60% - 85%

Contactless Text Analysis (NLP) 70% - 90%

Contact EEG Sensors (brain activity) 80% - 95%

Contact ECG Sensors (heart rate) 75% - 90%

Contact Wearable Cameras (facial expression) 70% - 85%

Contact Tactile Sensors (skin conductance) 70% - 85%

more reliable indication of proper emotional responses. Although the authors do not mention this,
the differences may also be due to individual differences in reactions between individuals, and even
initial calibration may not be sufficient to account for these differences. Deep learning techniques
such as neural networks typically provide higher accuracy because they automatically extract and
learn complex patterns from data. Emotion recognition techniques must be carefully selected for
specific use cases. When comparing run and multimodal models and contact and non-contact
techniques, (A. Savchenko and LV Savchenko, 2022) conducted a comparative analysis, finding
that multimodal models integrating audiovisual data outperformed unimodal models regarding
emotion classification accuracy.

In turn, R. Chen et al., (2022) introduced a cross-modal video auxiliary network to analyze
visual and audio data, achieving an average classification accuracy of 92%. In their research,
W. Kong (2024) showed that multimodal deep learning models maintain high performance under
variable environmental conditions, suggesting more excellent reliability of multimodal approaches
in practical applications. L. Yi and Mak (2019) used generative adversarial networks (GANs) to
augment data, significantly improving multimodal emotion recognition systems’ training process
and performance.

The average effectiveness of contact-based techniques calculated from the analyzed studies is
about 91.26%, and the average effectiveness of non-contact techniques is about 87.08%. Addition-
ally, integrating multiple modalities, using advanced AI techniques such as SVM, CNN, and LSTM,
using data augmentation with GANs, and providing real-time data processing and incorporating
context awareness can further improve the performance and reliability of MMER.

6 Comparison of Fusion Methods

Choosing an appropriate fusion method for MMER is crucial for achieving efficient results. Various
fusion techniques have been investigated and developed to integrate data from multiple modalities.

A systematic review by Gandhi et al., (2023) provides a detailed review of MMER, highlighting
its history, datasets, fusion methods, applications, and future directions. It discusses various fusion
methods, including early, late, hybrid, model-level, tensor, hierarchical, bi-modal, attention-based,
quantum-based, and word-level fusion. The review emphasizes the benefits of multi-source solutions
to improve sentiment analysis accuracy. It also identifies key challenges in this research area, like
the complexity of natural language, which requires more advanced machine-learning techniques.
Focus on developing more sophisticated fusion methods and addressing ethical considerations will
increase in time.

Tensor Fusion Network (TFN) for Multimodal Sentiment Analysis study by Zadeh et al., (2017)
introduces the TFN, which demonstrates state-of-the-art performance on the CMU-MOSI dataset
by capturing complex interactions among different modalities. The authors demonstrated a more
effective integration of intermodal dynamics compared to early fusion models. The presented
examples nicely illustrated how TFN improves the accuracy of emotion state prediction. TFN
effectively modeled higher-order interactions between modalities, which provides a good basis for
recommending this solution.

A survey Multimodal Fusion of Visual Dialog by X. Chen et al., (2020) covers advancements
in Visual Dialog tasks, focusing on datasets, evaluation metrics, and the challenges of multimodal
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fusion. It highlights progress in areas such as visual co-reference resolution and attention mech-
anisms and discusses the potential of graph neural networks (GNNs) for integrating multimodal
features. The survey concludes that while significant progress has been made, ongoing challenges
still require innovative solutions to improve the performance of visual dialogue systems.

Paper about Affective Computing as an introduction to Emotionally Intelligent Metaverse by
Pervez et al., (2024) explores the integration of affective computing in the metaverse, discussing
potential applications in healthcare, education, gaming, and customer service. The key conclusion
is that incorporating emotional intelligence into virtual environments can significantly enhance
user interactions and experiences but must be done responsibly to address ethical issues (Pervez
et al., 2024; Akbar et al., 2019).

Because based on the research review each fusion method offers distinct advantages and is
dedicated to specific application contexts, the below is a list of found kinds of fusion with short
description.

Key Fusion Methods

• Early Fusion: Combines features from different modalities at an initial stage before clas-
sification, simplifying implementation and speeding up processing but potentially losing
modality-specific information.

• Late Fusion: Integrates the results from unimodal classifiers at a decision level, achieving
high accuracy through specialized classifiers but at a higher computational cost.

• Hybrid Fusion: Utilizes both early and late fusion techniques to balance performance and
flexibility, though it requires more computational resources.

• Model-Level Fusion: Integrates different models specialized in different modalities, offering
improved accuracy through leveraging model strengths but is complex to implement.

• Tensor Fusion: Captures unimodal, bimodal, and trimodal interactions using tensor rep-
resentations, providing high accuracy but demanding significant computational resources.

• Hierarchical Fusion: Structures the fusion process hierarchically, handling complex data
effectively but may be slower to execute.

• Attention-Based Fusion: Employs attention mechanisms to focus on important parts of
the input data, improving accuracy and noise reduction but requiring careful design and
higher complexity.

• Quantum-Based Fusion: Applies principles from quantum computing to enhance the
fusion process, promising higher computational efficiency but remains largely theoretical.

• Word-Level Fusion: Utilizes contextual information from neighboring utterances to im-
prove emotional states recognition, offering excellent contextual understanding but requiring
large datasets.

Summary of differences between various fusions metrics is presented at Table IV.

6.1 Comparative Analysis of Fusion Methods

In the MMER area, there are two popular techniques for achieving multimodal integration: Tensor
Fusion and Attention-Based Fusion. Each of them offers distinct advantages and is dedicated
to different problems, which makes the comparative analysis of recommended conditions can save
disappointments in MMER implementations. Table V presents a comparison of these two methods,
highlighting their key features, advantages and disadvantages, recent achievements and dedicated
use cases. Tensor Fusion method consists in creating a multidimensional array (tensor) that rep-
resents interactions between different modalities, combining correlations between modalities into
a structured tensor format. One of the greatest advantages of Tensor Fusion is its ability to en-
capsulate higher-order interactions, often leading to a more nuanced understanding of analyzed
emotional states from complex data from different modalities. Another problematic (high com-
putational power) is the use of this technique in the situation where real-time data is required.
The growth of the tensor size with the addition of more modalities is exponential, which makes
the scalability of such solutions difficult. In turn, Attention-Based Fusion methods use attention
mechanisms to dynamically calculate weights for each modality based on its distinct importance
for a specific task. These methods are flexible, so they can be applied to a wide range of contexts.
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Method Description Pros Cons Dedicated
Purpose

Performance

Early Fusion Combines features from
different modalities at an initial
stage before classification.

Simpler
implementation;
reduces feature
space; fast
processing.

May lose
modality-specific
information;
potential for data
redundancy.

Simple applications
where fast
processing is needed.

Good for simple
tasks, less effective
for complex
interactions.

Late Fusion Integrates results from
unimodal classifiers at a
decision level.

Utilizes specialized
classifiers for each
modality; high
accuracy.

Higher
computational cost;
complex integration
process.

Applications
requiring high
accuracy and
modality-specific
insights.

High accuracy for
specific tasks but
computationally
expensive.

Hybrid
Fusion

Uses both early and late fusion
techniques for improved
performance.

Combines
advantages of both
early and late fusion;
more flexible.

Increased
complexity; requires
more computational
resources.

Flexible applications
benefiting from both
early and late fusion.

Balances
performance and
flexibility; suitable
for diverse tasks.

Model-Level
Fusion

Integrates different models
specialized in various
modalities.

Leverages strengths
of different models;
improves accuracy.

Complex
implementation;
requires large
datasets.

Applications
requiring strengths
of multiple models.

Very effective if
models are
well-chosen; complex
to implement.

Tensor
Fusion

Captures unimodal, bimodal,
and trimodal interactions using
tensor representations.

Captures complex
interactions; high
accuracy.

High computational
cost; requires large
datasets.

High-accuracy
applications needing
detailed modality
interactions.

Achieves high
accuracy but
requires significant
resources.

Hierarchical
Fusion

Structures the fusion process
hierarchically, often using
neural networks.

Organized structure
can handle complex
data; scalable.

Complex
implementation;
may be slower.

Scalable systems
with complex data
requirements.

Effective for
large-scale, complex
data but slower.

Attention-
Based
Fusion

Employs attention mechanisms
to focus on important parts of
the input data.

Focuses on relevant
features; reduces
noise; improves
accuracy.

Requires careful
design of attention
mechanisms; higher
complexity.

Applications needing
high accuracy and
noise reduction.

Achieves high
accuracy by reducing
noise and focusing
on key features.

Quantum-
Based
Fusion

Applies principles from
quantum computing to enhance
fusion processes.

Potential for higher
computational
efficiency; novel
approach.

Theoretical; less
tested in practical
applications.

Novel applications
exploring advanced
computational
methods.

Potentially high
efficiency but limited
practical evidence.

Word-Level
Fusion

Utilizes contextual information
from neighboring utterances for
improved sentiment analysis.

Improves contextual
understanding;
handles complex
interactions.

Complex
implementation;
may require large
datasets.

Applications needing
deep contextual
understanding.

Achieves excellent
contextual
understanding and
accuracy.

Table IV: Performance of Fusion Methods Comparison & Summary

The dynamic nature of attention mechanisms makes it more adaptive and less demanding compu-
tationally compared to tensor operations, but also makes them more dependent on the quality and
diversity of the training data. Moreover, although attention mechanisms improve the efficiency of
MMER systems, they do not meet the requirements of interpretability, which makes it difficult to
understand the decision-making process within the model. Table ?? summarizes the advantages
and limitations of both methods in MMER. Tensor Fusion better captures higher-order interactions
between modalities, but struggles with computational and scalability challenges. Attention-Based
Fusion, on the other hand, provides a more adaptable and computationally efficient approach, al-
though its effectiveness is dependent on the quality of the training data and is difficult to interpret.
Perhaps future solutions dedicated to MMER will be built as hybrids combining the strengths of
both methods while mitigating their weaknesses.

In MMER various fusion techniques—such as early fusion, late fusion, and hybrid fusion—are
employed to integrate data from multiple modalities like text, audio, and visual inputs. These
fusion methods are not mutually exclusive; they can coexist within a single system to leverage the
strengths of each approach under specific conditions.

Early Fusion handles cross-modal correlations well, but the complexity of integrating heteroge-
neous data can potentially introduce errors.

Late Fusion allows for processing correlations for multiple modalities, but by matching across
modalities, and can bypass complex cross-modal relationships through aggregation and generaliza-
tion.

Hybridity involves, for example, performing early fusion on two modalities to capture their
direct interactions, e.g. video and voice, and then combining these results with late fusion, with
the output of the third modality, text. This strategy allows the system to effectively manage
heterogeneous data that is analyzed in different time frames while preserving complex intermodal
dynamics. Recent research supports the coexistence of different fusion types within MMER systems
(Yong Zhang et al., (2021), Cambria et al., (2024), Tang et al., (2024)). A studies by S. Zhang et al.,
(2024) proposed a three-stage multimodal emotion recognition network that sequentially applies
unimodal feature extraction, bimodal feature interaction (akin to early fusion), and multimodal
fusion (similar to late fusion), demonstrating the integration of multiple fusion strategies within a
single framework.
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Table V: Comparison of Tensor Fusion and Attention-Based Fusion Methods.

Compared Aspect Tensor Fusion Attention-Based
Fusion

Key Differences

Description Captures high-order
interactions using tensor
representations.

Uses attention
mechanisms to focus
on important
features.

Tensor Fusion emphasizes
detailed, structured
integration;
Attention-Based focuses
dynamically on relevant
inputs.

Key Features High-order interactions,
rich representations,
comprehensive
integration.

Dynamic weights,
noise reduction,
flexibility.

Tensor Fusion prioritizes
depth, while
Attention-Based is agile
in focusing on specific
signals.

Pros Detailed modeling, high
accuracy, effective
integration.

Improved accuracy,
scalability, noise
reduction.

Tensor excels in precision;
Attention excels in
adaptability.

Cons High computational cost,
requires large datasets.

Design complexity,
computational
overhead.

Tensor is
resource-intensive;
Attention demands
careful architecture.

Recent
Advancements

Low-rank tensor fusion,
self-supervised learning.

Transformer-based
models, sentiment
knowledge-enhanced
fusion.

Tensor sees advancements
in data efficiency;
Attention in model
sophistication.

Best For Applications needing
detailed interaction
modeling and high
accuracy.

Real-time sentiment
analysis,
applications needing
dynamic and focused
feature integration.

Tensor for complex
scenarios; Attention for
real-time responsiveness.

Another example of effective combination of early and late fusion is the Joyful model described
by D. Li et al., (2023), which employs a joint modality fusion mechanism alongside with the graph
contrastive learning for better performance.

6.2 Feature Alignment in MMER

Feature alignment (FA) in the context of MMER refers to the process of synchronizing and com-
bining features from different modalities (e.g. text, audio, image) in such a way as to preserve
the coherence of information and enable efficient data fusion for emotion recognition. The FA
step precedes fusion, and its primary goals are to synchronize modalities, i.e. to align temporally
and structurally data from different sources, to unify the feature space, i.e. to project features
into a representation with a standard scale, dimensions, or semantics, and to reduce possible noise
and redundancy in the data, i.e. to remove redundant or unnecessary data, which prevents model
overload.

Without this step in obtaining user state scores, differences between modalities, such as dif-
ferences in temporal resolution, semantic interpretation, and noise levels, can lead to errors and
artefacts and undermine the reliability of MMER systems. In the analytical process, the FA pro-
vides a structured way to overcome time series inequalities, making it the cornerstone of all emotion
analysis.

To appreciate the importance of FA, it is helpful to consider how different modalities feed
into emotion recognition. For example, audio signals carry emotional cues via features such as
rhythm, intonation and pitch. Video data captures facial expressions, body movement, and head
posture. If an utterance accompanies this visual behaviour, semantic analysis is added, adding the
explicit content and contextual subtleties. However, these modalities operate in different ways.
Audio data exists as a continuous-time signal, video is typically broken down into discrete frames,
and text is often processed as sequences of tokens. Analysts face data fragmentation and lack of
synchronization without a proper mechanism for aligning these. FA reduces the potential for errors
and incomplete or conflicting emotional interpretations. FA contravene this problem by ensuring
all modalities are temporally synchronized and semantically aligned. For example, if a speaker’s
voice rises simultaneously as their facial expression shows a smile, FA ensures the two signals are
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properly aligned. A unified framework for data analysis enables researchers and MMER systems to
extract more relevant and holistic emotional insights that might be misinterpreted if the modalities
were analyzed independently.

Various methods are used for FA. Dynamic Time Warping (DTW) is basic techniques useful for
aligning temporal sequences. DTW adjusting the duration of one sequence to another and ensures
that asynchronous data, such as audio and video, can be efficiently synchronized (Y. Chen et al.,
2024).

Another approach is to use cross-modal attention mechanisms, which allow for dynamic prior-
itization and alignment of the features based on their relevance to the analyzed emotional context
(Shou et al., 2024a). For example, suppose the system detects a strong emotional cue in the tone
of a speaker’s voice. In that case, it can adjust its attention to align corresponding visual features,
such as changes in facial expression.

Shared latent space mapping is another way to implement FA (Suguitan et al., 2024). This
method involves projecting features from different modalities into a common representational space,
where design enforces alignment. An example of such an approach is Semantic Alignment Networks
(SANs). SANs use higher-order emotional representations to align features across modalities (X.
Zhang et al., 2024).

Adversarial learning frameworks also minimize noise, ensuring that only the most relevant
features are aligned (Shou et al., 2024b). These frameworks use techniques such as GANs to
refine the feature alignment process. FAs directly improve the accuracy and robustness of emotion
recognition systems. Studies such as Yusong Wang et al., (2024) show how FAs can increase system
performance by creating more coherent and interpretable multimodal representations.

Furthermore, FAs alleviate the problem of modality dominance, where one type of data—such
as video—could otherwise overshadow others, such as text or audio. By artificially balancing
the contributions of each modality, FA promotes fairer integration that allows systems to better
generalize across contexts and emotional expressions (X. Zhang et al., 2024). Recent research
has focused on optimizing computational efficiency. Methods such as masked graph learning with
recursive matching have shown promising potential in reducing the complexity of the matching
process without sacrificing accuracy (Meng et al., 2024).

But there are some situation when data alignment may not be necessary or even desirable.
In some contexts (e.g., recognizing emotions in video recordings), the visual modality is more
informative than the others (e.g., text or sound). This is because facial expressions or gestures
often directly reflect emotions, while signals in text may be more ambiguous. If the data modalities
naturally have different levels of importance for emotion recognition, it is worth considering models
that can operate on non-synchronized features (e.g., using asynchronous attention mechanisms).

It is, therefore, necessary to design appropriate tests and experiments that will be able to
show to what extent FA benefits MMER – and to what extent it is a stage generating spurious
artefacts. In some situations, balancing the modalities, i.e. ignoring the natural differences in their
informativeness about emotions, may cause bias at the level of the analysis design itself. This is the
case for emotions subtly expressed through tone of voice (e.g. sarcasm), artificially ”emphasizing”
the visual modality could reduce the recognition efficiency of emotions. Modalities of lower quality
(e.g. text in the case of an ironic speech recording) can introduce noise. If alignment artificially
”amplifies” them in the fusion process, the risk that incorrect information from this modality will
affect the final results increases. In such situations, hierarchical models are helpful, allowing for
adaptive decisions about which modality dominates in a given context. Multimodal transformers
with cross-modal attention mechanisms are also helpful because they ”honestly” assess which
modality is mostly informative at a given moment.

In summary, feature matching is not just a technical necessity but a fundamental factor in
the design and development of MMER. It bridges the gaps between different modalities, enabling
synergy effects. Multiple studies emphasize the importance of FA, treating this element as a central
pillar of innovation in multimodal analytic (Srivastava et al., 2024; S. Li et al., 2024).

6.3 Summary of Fusion Methods

The analyzed literature allows for the formulation of several important generalizations. The first is
undoubtedly that this area is in a phase of muscular development and exploration, where tensor fu-
sion and attention-based mechanisms in capturing complex interactions in modalities are currently
the leading techniques. Since the results of these activities remain in the area of challenges due
to the quality of the results, further development and search for better solutions are undoubtedly
necessary. The need to use or at least explore the potential of MMER for emotion recognition is
multi-application, which increases its attractiveness in the face of potential benefits.
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The main challenges are data quality, computational efficiency and incorporating social and
cultural contexts to exploit these technologies’ potential fully. Fusion techniques allow for achiev-
ing higher efficiency through effective modelling of higher-order interactions, and the analysis’s
complexity is joined with the goal of data usability and solving problems related to quality (miss-
ing data) and different timing for different modalities. Another key challenge is to balance the
analytical complexity and computational requirements in advanced fusion methods since they are
rarely performed after the fact and are mostly performed in real time.

The race is to develop more efficient algorithms that provide high-quality analysis results with-
out compromising processing speed. The third challenge is the growing recognition of the impor-
tance of social and cultural contexts in emotion research. Research emphasizing the key role of
emotions in interactions, their role in building the individuality of interactions and their impact
on interaction evaluation will be a strong motivator for developing multimodal data integration
techniques. This indicates an important trend towards more context-aware and socially intelligent
AI systems.

These key elements can also be summarized in a simplified diagram 6.3 in the form of a tree
diagram classifying the types of Fusion. It can help select the most appropriate fusion method
for MMER based on key criteria such as the number of modalities involved, the volume of data,
and the needs of a given use case regarding prediction accuracy, real-time processing, complexity,
and availability of computational resources. This domain development does not give grounds to
assume that the decision tree created for this review will be accurate in the long term, so approach
it with caution and common sense, remembering that everything depends on the use case created.

Today, Tensor Fusion is recommended for high-accuracy scenarios with multiple modalities and
large volumes of data. Attention-Based Fusion is ideal for applications requiring real-time analysis
with a dynamic focus on features. Hybrid Fusion balances performance and flexibility, while Early
Fusion and Late Fusion address simpler and specific needs for high accuracy. Hierarchical and
Model-Level Fusion are suitable for complex, large-scale applications and do not exclude using
the previously mentioned fusions. On the other hand, Quantum-Based Fusion offers potential
performance gains for increasingly complex MMER systems.

Graph 5. Decision Tree for Choosing the Best Fusion Method

Modalities

3 or more Data Volume

High Accuracy Need

High Tensor Fusion

Moderate Hybrid Fusion

Moderate Real-Time Requirement

High Attention-Based Fusion

Low Model-Level Fusion

2 Real-Time Requirement

High Accuracy Need

High Attention-Based Fusion

Moderate Late Fusion

Low Data Volume

High Hierarchical Fusion

Moderate Hybrid Fusion

1 Real-Time Requirement

High Early Fusion

Low Complexity Tolerance

High Model-Level Fusion

Low Early Fusion

Attention-Based Fusion is generally more scalable than Tensor Fusion, especially when opti-
mized for efficiency. It is better suited for applications where real-time processing is crucial, such
as sentiment analysis in social media streams and interactive systems like virtual assistants. Both
methods involve complex implementation processes. Tensor Fusion requires sophisticated tensor
operations, while Attention-Based Fusion demands intricate attention mechanisms. The choice be-
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tween these methods may depend on the application requirements and the available computational
resources.

7 Ethical Considerations in Multimodal Emotion Recogni-
tion

Because of sensitive personal data use, which are protected MMER requires special attention and
efforts concerning responsibility of AI and AI ethics. The collection and processing of this data
raise significant privacy issues, mainly if the data is used without users’ explicit consent or if it is
stored insecurely.

The potential misuse of sensitive data, especially in facial recognition or physiological monitor-
ing cases, could lead to unauthorized surveillance or unintended disclosure of private information
(C.-K. Zhang et al., 2017). In addition, the information about the user that is created as a result
of the MMER algorithms should also be protected as private data. In addition, there is a potential
risk of using information about emotional states to manipulate the user.

Ensuring informed consent is critical when deploying AI systems that collect and analyze mul-
timodal data. Regulation and simple ethical rules aimed at autonomy and privacy protection
postulate making sure that the user is informed what data is being collected, what the purpose is,
how it will be used, and who will use it.

Transparency is vital for maintaining user trust and ensuring that the whole process of MMER
practices complies with legal and ethical standards. Implementing a clear and straightforward
consent mechanism can be an element of formal information requirements and help in aware decision
(Binns et al., 2018).

Bias in AI models is another critical ethical issue, particularly in systems that utilize multimodal
data. Different modalities can introduce more varying biases, resulting in unwanted inequality
effects. For example, facial recognition algorithms perform differently across demographics due to
cultural differences and can lead to even unrecognized discrimination. To address these biases, it
is essential to use diverse and representative datasets and to implement regular audits to detect
and mitigate bias (Buolamwini and Gebru, 2018; Hutchinson and M. Mitchell, 2019; S. Mitchell
et al., 2021). To mitigate these ethical concerns, several general strategies are recommended to be
implemented, like data minimization practices (collecting only the data necessary), anonymizing
data, or the ”privacy by design” approach, executed by local data processing or federated learning
methods. Also, differential privacy can help safeguard individual data while allowing for aggregate
analysis (Dwork, Roth, et al., 2014). Bias mitigation strategies, such as using fair algorithms
and conducting regular model evaluations, are also crucial for ensuring equitable outcomes in AI
systems (Mehrabi et al., 2021).

In summary, although using MMER in AI-human interactions presents several ethical chal-
lenges, there are some general strategies such as data minimization, transparent consent mecha-
nisms, bias mitigation, and adherence to regulatory and ethical guidelines, which can minimize the
potential risk.

• Data Minimization and Anonymization: One effective strategy to protect privacy is
data minimization, which involves collecting only the data necessary for a specific purpose and
anonymizing it to prevent the identification of individuals. Techniques like differential privacy
can add noise to data to protect privacy while allowing for aggregate analysis (Dwork, Roth,
et al., 2014). These approaches help to reduce the risk of data breaches and unauthorized
access.

• Transparent Consent Mechanisms: Transparent and straightforward consent mecha-
nisms ensure users are well informed about the data collection process. The whole process
should be a process that does not favour mechanical consent but is balanced with naturalness
and non-intrusiveness. Users should be aware of what data is collected, what purpose will
be used, and what potential risks are involved. Providing users with control over their data,
such as options to opt-out or delete their data, can further enhance trust and compliance
with ethical standards (Nissenbaum, 2011).

• Bias Mitigation Techniques: To address this bias, AI developers should use diverse
and representative datasets that reflect the population’s demographics using the technol-
ogy. There are also algorithmic fairness techniques, such as re-weighting training data or
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incorporating fairness constraints into model training, helpful in reducing bias. Regular au-
dits and testing for bias should be an integral part of the development process to ensure
ongoing fairness and accountability (Mehrabi et al., 2021).

• Regulatory Compliance and Ethical Guidelines: The General Data Protection Reg-
ulations GDPR (2016) and the Artificial Intelligence Act (AI act) 1 (Parliament, 2021) are
available and in force, which outline the directions for creating new solutions. Additionally,
multiple ethical standards have been adopted to case frameworks promoted by international
organizations such as OECD, IEEE, Partnership on AI, or GPAI. These institutions also
offer expert assistance in developing new standards for new cases and technologies. These
regulations emphasize user privacy, consent, and the right to explanation, which are crucial
for maintaining ethical standards.

Finally, it is worth mentioning that only some countries respect such high ethical standards and
approach responsibility with the EU at the forefront. This disproportion between regulations is
disadvantageous both for creators (higher entry threshold for creating technology in a responsible
manner), but also for users. In most of the world, the inalienable rights to privacy and autonomy
are not sufficiently respected.

8 Research Questions, Research Gaps and Unanswered Ques-
tions

The following summary of conclusions organized according Research Questions were prepared after
review joined with domain and practical knowledge. Unanswered questions and research Gaps can
help other researcher to find the need for new knowledge.

RQ1. How can multimodal data be effectively integrated to improve user state
recognition accuracy in AI-human interaction systems? Currently, data integration meth-
ods such as Tensor Fusion and Attention Based -Fusion are being researched, developed and con-
sidered - their diversity stems from the need to match the strengths of different types of data, such
as facial expressions, tone of voice and text, to create a holistic picture of the user’s emotional and
cognitive states.

Based on the review presented in Durante et al., (2024), it can be concluded that integrat-
ing multimodal data effectively improves user state recognition in AI-human interaction systems.
Currently, ready-made complex models such as large language models (LLM) and vision-language
models (VLM) are often used, which have multimodal data fusion integrated. The option of inter-
active learning allows AI systems to adapt through real-time feedback. Finally, enabling contextual
memory increases the adaptability and continuity of user interactions. In the current review, a data
fusion method selection scheme is proposed to improve the performance of MMER for different
conditions and use cases.

RQ2.What are the impacts of individual differences (such as age, gender, person-
ality (BIG5), cultural background or others) on the effectiveness of multi-modal user
state recognition systems? This question investigates whether and how individual differences
affect the performance of multi-modal systems in recognizing user states, and how systems can be
adapted to accommodate these variations.

Recent studies from 2023 and 2024 have provided valuable insights into the impacts of individual
differences on the effectiveness of multimodal user state recognition systems. These differences
include factors such as age, gender, personality traits (e.g. the Big Five personality model), and
cultural background. Understanding and accommodating these variations is crucial for developing
robust and inclusive AI systems. Here, I summarize the findings from the latest research on this
topic.

The impact of individual differences, such as age, gender, personality traits (like those described
by the Big Five model), and cultural background, on the effectiveness of multi-modal user state
recognition systems is significant. These factors can influence how different modalities (e.g., facial
expressions, speech, text) are interpreted and how accurately a system can recognize the user’s
state.

Younger and older individuals may express emotions differently. For instance, facial expres-
sions and vocal intonations might vary with age, affecting the accuracy of emotion recognition
systems. Research indicates that age-related changes in muscle tone and speech patterns need to

1UE AI ACT: https://artificialintelligenceact.eu/
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be considered to enhance system performance across age groups (Lian et al., 2023; Xiaoming et
al., 2022).

Men and women often display and interpret emotional cues differently. For example, stud-
ies have shown that women might use more expressive facial and vocal cues compared to men.
Recognizing these differences can help tailor the algorithms to better understand gender-specific
expressions (Simić et al., 2024).

The Big Five personality traits (openness, conscientiousness, extraversion, agreeableness, neu-
roticism) can significantly impact how emotions are expressed and perceived. For instance, ex-
traverts might exhibit more pronounced facial expressions and gestures, while individuals high in
neuroticism may show more varied and intense emotional responses. Adapting systems to these
traits can improve recognition accuracy (R. Wang et al., 2024; Chavez and Heatherton, 2015).

Based on primary psychological emotion theories it’s obvious that cultural context (and differ-
ences) has impact on emotions expression and interpretation. For example, certain facial expres-
sions and gestures might be common in one culture but not in another. Thus, emotion recognition
systems need to be trained on diverse datasets to cover a wide range of cultural expressions to
avoid biases and inaccuracies.

To accommodate these variations, MMER systems can be personalized based on the user’s
demographic and psychographic information, what can help in tailoring the recognition process.
For example, incorporating user-specific calibration sessions can refine the system’s accuracy.

This approach allows the system to learn from data distributed across multiple users without
compromising privacy. It helps in creating models that are generalizable yet adaptable to individual
differences by continuously learning from diverse user inputs (Simić et al., 2024). Using advanced
techniques like cross-modal transformers can help in effectively integrating and interpreting data
from various modalities, ensuring that the system captures nuanced differences across individuals
(R. Wang et al., 2024).

RQ3. Which modalities are most predictive of specific user states and how do
these modalities interact in AI-human interaction? This study focuses on understanding
the contribution of each modality to the overall prediction of user states and explores interactions
between modalities that may enhance or hinder the recognition process. A series of studies in 2023
and 2024 have provided new knowledge on which modalities (facial expressions, tone of voice, and
text) are most predictive of specific user states and how these modalities interact in AI-human
interaction systems. The review suggests that the strength of a modality can be individual and
situation-dependent, but that having multiple modalities certainly yields more accurate results.
Here are the main findings:

• Facial expressions: Facial expressions are highly predictive of emotional states and provide
immediate, visible cues. CNNs and RNNs are particularly effective in analyzing facial expres-
sions. For example, research by Chuangao Tang and Yuan Zong highlights the importance of
deep learning approaches in multimodal emotion recognition, particularly emphasizing the
role of facial expressions in understanding emotional states (Lian et al., 2023).

• Voice: Tone of voice is crucial for emotion recognition through changes in pitch, volume, and
tempo of speech, but can be misleading . Combining audio features with facial expressions
can significantly improve the accuracy of emotion recognition systems. A study by Simić et
al., (2024) discusses the integration of audio and visual data, demonstrating improved perfor-
mance with a federated learning approach that preserves privacy while increasing detection
accuracy (Simić et al., 2024).

• Text: Text data provides context and additional emotional cues, enriching the understanding
of user states. Natural language processing (NLP) techniques, especially those using large
language models (LLMs), are crucial for decoding sentiment and emotional tone from text.
Wei Xu and Zaifeng Gao’s work on human-centric AI emphasizes the integration of text data
with other modalities to create more comprehensive user state recognition systems (Xu and
Z. Gao, 2023).

• Interaction of modalities: Multimodal systems that integrate facial expressions, tone of voice,
and text are more effective at predicting user states. The interaction between these modalities
enables comprehensive analysis in which each modality compensates for the limitations of
the others. This synergistic approach is emphasized in various studies, including a Google
Research study that examines the integration of predictive user interfaces and multimodal
emotion recognition systems (Web article:Human-Computer Interaction and Visualization
n.d.).
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• Cross-modal attention mechanisms: Advanced techniques such as cross-modal transformers
facilitate the interaction between different modalities. These models use attention mecha-
nisms to dynamically weight the importance of each modality’s input, improving prediction
by focusing on the most salient features of each modality. This approach has been detailed
in recent research on multimodal transformers for human state recognition (R. Wang et al.,
2024).

• Personalization and adaptation: Individual differences such as age, gender, and cultural back-
ground affect how modalities are expressed and perceived. Personalizing models to account
for these differences and using federated learning approaches can create adaptive systems that
learn from different user interactions while preserving privacy. Microsoft Research Guidelines
for Human-AI Interaction emphasize the importance of adapting AI systems to account for
these individual differences (Amershi et al., 2019).

RQ4. How does real-time multimodal data processing affect the responsiveness and
adaptivity of AI systems in dynamic interaction environments? Real-time multimodal
data processing is currently a trend in building responsive and adaptive AI systems. A well-
functioning MMER system adds a layer of emotional intelligence and makes dynamic adaptation
of human-machine interactions possible.

Over the past 2 years, researchers have been trying to adjust the technological and computa-
tional requirements necessary to obtain timely and user-adaptive responses. The use of MMER
will soon enable smooth adaptation. The challenges are mainly related to the speed of real-time
multimodal data processing. Each modality — be it audio, visual or text — requires specific
processing techniques, which, when combined, can significantly increase the computational load.

Real-time data processing allows AI systems to quickly interpret and respond to a variety of
inputs such as audio, video, and text, providing timely responses in dynamic scenarios such as
traffic management and healthcare emergencies, which increases the overall safety, efficiency, and
effectiveness of these systems in critical applications (Zepf et al., 2020; Lisetti and Nasoz, 2002).
Continuous real-time processing also allows systems to adapt to changing conditions and user
needs. Edge computing minimizes latency by processing data locally (Schmidt et al., 2019), while
cloud servers handle more complex calculations, providing a balance between speed and computing
power (Zhao et al., 2021).

The aforementioned computing requirements are being addressed with new, more efficient data
preprocessing techniques. Often, edge devices and cloud solutions are required to handle the
volume of data and the complexity associated with multimodal integration (Schmidt et al., 2019;
Yan Wang et al., 2022).

The interaction of multiple data modalities (e.g. visual, auditory, textual) provides compre-
hensive analysis, leveraging the strengths of each modality to increase the overall performance and
reliability of the system in real time (Zadeh et al., 2017; Poria et al., 2017).

Continuous learning is also enhanced by real-time processing; it allows AI systems to adaptively
learn from incoming data, refine models, and increase accuracy. Feedback mechanisms such as re-
inforcement learning help systems adapt to new scenarios and user behaviors, providing continuous
optimization (Zhao et al., 2021; Lian et al., 2023).

RQ5. What ethical issues arise from the use of MMER in AI-human interactions
and how can they be resolved?

The use of MMER in AI-human interactions is associated with several ethical issues that should
always be carefully considered, not only to maintain ethical standards, but above all to increase
and maintain user trust in new AI-based technologies. The law actively supports these standards
with regulations, enforcing adequate attention from both MMER researchers and MMER solution
developers. Fundamental and unquestionable ethical issues include the protection of privacy and
autonomy, informed consent and information obligation, transparency and lack of bias. All of them
pose serious challenges when implementing MMER technologies.

Multimodal data are usually treated as protected data, so any collection, storage and processing
of this data can lead to potential privacy violations. These risks can only be counteracted. In
addition, facial recognition technologies potentially expose individuals to unauthorized surveillance,
and physiological data can reveal health information that users did not intend to share (C.-K. Zhang
et al., 2017). Therefore, regulators have placed most of these systems on high-risk lists - especially
in the workplace.

Since too often users do not understand what information is being collected, for what purpose it
is being used, or who has access to it, obtaining their informed consent to use MMER is potentially
problematic. There are of course users who unwisely agree to everything without reading, but there
are also those who are overly suspicious. Such different attitudes can result in users unwittingly
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agreeing to extensive data collection and use, or too hastily blocking the operation of a system
that is safe for them, generalizing a lack of trust. Also ensuring that users are fully informed about
the nature and purpose of data collection can be difficult when dealing with less educated users.
The consent process must be simple and transparent enough for most people, not just a select few.
Users must be aware of their rights and the potential uses of their data (Binns et al., 2018).

The potential for MMER systems to be manipulated, and the potential bias in AI systems,
is a serious ethical issue, and the more complex and opaque the system. For example, facial
recognition systems have been shown to perform differently based on race and gender, leading to
unequal treatment and potential discrimination. This side effect can be exacerbated in multimodal
systems, where biases in one modality can be compounded by biases in others (Buolamwini and
Gebru, 2018).

To address this, the entire MMER development process needs to be overseen from the very
beginning and training data used through to the final solution - to minimize potential biases as
much as possible and ensure the highest level of fairness. AI models should also be regularly
audited and updated to identify and mitigate any biases that may emerge over time (Hutchinson
and M. Mitchell, 2019; S. Mitchell et al., 2021).

RQ6. To what extent can improvements in MMER improve user engagement and
satisfaction in AI-based interfaces?

Although the main goal of MMER is to improve the quality of human-machine interaction
and increase the naturalness of conversation by making it more human, this is not yet obvious
and identical to the satisfaction of recipients. However previous studies confirm that adding an
emotional layer increases engagement, it is not certain whether this will change in the future.

Improvements in MMER go towards obtaining increasingly detailed information about the
user; the systems are increasingly aware of the context in terms of the individual relationship and
are, therefore, increasingly responsive. Integration of multiple sources adds a holistic perspective
similar to human intuition. The benefits are obvious but not without potential errors. After all, we
train algorithms based on labels assigned by competent judges or different types of voting between
available algorithms.

The most reliable systems seem to be those trained on contact data - physiological combined
with non-contact data. The presented in the review studies has shown that the improvement in the
quality of emotion recognition can lead to significant improvements in user experience and increase
satisfaction and engagement.

User satisfaction increases as interactions become more engaging and empathetic, and the bond
between users and AI assistants is also strengthened (Chatterjee et al., 2024; S. Ghosh et al., 2023;
A. Ghosh et al., 2023). In games, adaptability can create more engaging and engaging experiences,
making the experience more personalized and enjoyable (Barthet et al., 2024). Customer service
platforms also use MMER, enabling more efficient and satisfactory handling of the customer’s
case. The systems often have greater potential than a human employee, faster analyzing the
content and tone of the customer’s query and historical data. This improves the user experience
and increases the efficiency of customer service operations, leading to higher satisfaction rates
among users (Shahin et al., 2024). These systems can offer more nuanced and effective service by
understanding and responding to the full range of human communication—beyond text or voice.
The potential challenge can be over-satisfaction and emotional dependence on a virtual assistant
or game.

RQ7. How does the integration of multiple modalities (such as facial expressions,
vocal intonations, text, and physiological signals) impact the effectiveness and accu-
racy of emotion recognition systems in different application contexts?.

Based on review it was documented that each modality provides unique insights into the user’s
emotional state, and always their combination offers a more holistic understanding of human state.
For example, facial expressions provide direct visual indicators of emotion, while vocal intonations
add auditory cues that capture nuances in tone and pitch, and text analysis offers insights into
sentiment and intent through language (Poria et al., 2017; Y. Yi et al., 2023).

Multimodal emotion recognition systems outperform unimodal systems by capturing a richer
set of emotional cues, as demonstrated in studies comparing audio-visual models with those relying
solely on visual or auditory data. This comprehensive approach allows these systems to maintain
high performance even under varying environmental conditions, such as changes in lighting or
background noise, which can significantly impact the accuracy of unimodal systems (Mocanu et
al., 2023; Y. Yi et al., 2023).

In virtual reality and gaming environments, MMER more and more change user experience by
enabling real-time adaptation to players’ emotional states, creating more immersive and engaging
experiences. For instance, games can dynamically adjust difficulty levels, narratives, and inter-
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actions based on real-time emotional feedback, enhancing player engagement and satisfaction by
making games more enjoyable and reducing the likelihood of frustration-induced dropout (Akbar
et al., 2019; Hamdy and King, 2018).

In healthcare, integrating modalities like facial, vocal, and physiological data allows for precise
monitoring of patients’ emotional well-being, which is crucial for timely interventions. Systems
that combine EEG data with facial expression and speech analysis have been shown to detect
early signs of mental health issues more accurately, thus improving patient care by providing
timely interventions and support (Schmidt et al., 2019).

Overall, the integration of MMER systems provides a richer and more detailed understanding of
user emotions, enhancing system performance across diverse contexts. This holistic approach not
only improves the reliability of emotion detection but also enables more personalized and context-
aware interactions, which are essential for creating meaningful and effective user experiences in
fields such as gaming, virtual reality, healthcare, and more (Yong Zhang et al., 2021).

9 Identified Resarch Gaps and Unanswered Questions

Research on MMER, particularly on contactless techniques, has advanced significantly in recent
years. However, several research gaps and unanswered questions remain. Identifying these gaps is
valuable for guiding future research and developing of MMER.

Based on the current literature, including the recent comprehensive review by Khan et al.,
(2024), some key research gaps and unanswered questions still require deep investigation. For the
prioritization purpose, the unanswered questions were divided into three classes:

• High Priority (Currently Active Research Areas). Topics that are well-established in
the field with a substantial amount of ongoing research. These areas are critical for immediate
advancements, and there is a rich literature supporting them.

• Medium Priority (Emerging Research Areas): Areas gaining research interest and have
a moderate amount of literature. These topics are important for developing more advanced
systems but are not as thoroughly explored as high-priority areas.

• Low Priority (Virgin Research Areas): Topics with limited research or that are rela-
tively unexplored. These represent new frontiers or complex challenges that require founda-
tional research and innovation to address effectively.

High Priority (Currently Active Research Areas).These are research gaps that are re-
ceiving significant attention from the academic community and are considered critical for the
advancement of multimodal emotion recognition systems. Researchers on these issues is ongoing,
and there is a substantial amount of literature available.

• Ethical and Privacy Concerns: Addressing ethical and privacy issues, particularly in
terms of data collection, storage, and usage, is continuously high-priority area. Introduc-
ing regulations like AI Act in EU with many limitation possibly increased substantiality of
research activity aimed at developing frameworks and guidelines for ethical use of emotion
recognition technologies. How can we address ethical and privacy issues associated with the
deployment of multimodal emotion recognition systems, particularly in terms of data collec-
tion, storage, and usage? What frameworks or guidelines should be established to ensure the
ethical use of emotion recognition technologies in various applications?

• Integration with Emerging Technologies. The integration of MMER with emerging
technologies, including AR, VR, and IoT, is a high priority due to its business potential
to enhance user experiences in these domains. This area is actively researched because of
the rapid development, using additional data sources, and application of these technologies
in various fields. How can multimodal emotion recognition be effectively integrated with
emerging technologies such as augmented reality (AR), virtual reality (VR), and the Internet
of Things (IoT) to enhance user experiences in these domains?

• Improving Real-Time Processing Capabilities: Research on reducing the computa-
tional complexity of multimodal emotion recognition systems to enable real-time processing
without compromising accuracy is crucial and ongoing. Improvements can be achieved by
hard-wear and soft-wear as well. Advances in computational efficiency and the development
of new algorithms are key focus area. How can the computational complexity of multimodal
emotion recognition systems be reduced to enable real-time processing without compromising
accuracy and robustness?
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• Evaluation Metrics and Benchmarking. Developing and appropriate evaluation metrics,
especially with standardized bench-marking frameworks is a priority (as they are lacking) to
ensure consistent performance assessment across different multimodal emotion recognition
systems. This foundational research is necessary for advancing the field and comparing
systems effectively. What are the most appropriate evaluation metrics for assessing the
performance of multimodal emotion recognition systems, and how can standardized bench-
marking frameworks be developed?

• Multimodal data fusion: Developing standardized methods for effectively fusing data
from multiple modalities to ensure robustness and accuracy across different applications and
environments is a heavily researched topic due to its foundational importance in emotion
recognition systems. How can we develop standardized methods for effectively fusing data
from multiple modalities to ensure robustness and accuracy across different applications and
environments?

Medium Priority (Emerging Research Areas). These research gaps are gaining attention
but are not as extensively covered as the high-priority topics. These areas have a growing body of
literature and are beginning to attract more research efforts, especially as foundational problems
are becoming understood and technology progresses.

• Cross-Cultural Generalization. Designing systems that generalize across different cul-
tural contexts is increasingly important as these technologies are deployed globally. Under-
standing cultural differences in emotional expressions is crucial for building fair and effective
systems, making this an emerging priority. Since emotional expression can vary significantly
between cultures, how can multimodal emotion recognition systems be designed to generalize
across different cultural contexts?

• Handling Multimodal Data Synchronization: Best practices for ensuring temporal syn-
chronization between different modalities are being explored, especially for real-time emotion
recognition systems. This area is increasingly gaining relevance as multimodal systems are
becoming more sophisticated. What are the best practices for ensuring temporal synchroniza-
tion between different modalities, such as audio, video, and physiological signals, in real-time
emotion recognition systems?

• Real-World Deployment and User Acceptance. As MMER is increasingly imple-
mented, a better understanding of the factors that influence user acceptance and trust is
important. Research in this area is focused on improving system design to meet user ex-
pectations and ensure widespread adoption. What factors influence user acceptance and
trust in emotion recognition systems, and how can these systems be designed to meet user
expectations and requirements in real-world deployments?

• Addressing Ambiguities in Emotion Recognition. Improving systems to handle am-
biguous or mixed emotions is an emerging research area. Although complex, recognizing
multiple emotional states simultaneously is vital for real-world applications and is beginning
to receive more attention. How can systems be improved to handle ambiguous or mixed
emotions, where an individual may exhibit multiple emotional states simultaneously?

• Context-Aware Emotion Recognition: New approaches are needed to incorporate con-
textual information from interactions in real-world scenarios. These new ideas will be impor-
tant for making MMER more applicable and effective in diverse environments. To improve
MMER accuracy and applicability in real-world scenarios, what approaches can be devel-
oped to incorporate contextual information from interaction (e.g., environmental factors,
social context) into emotion recognition models?

• Robustness to Environmental Variability: Making MMER more robust to environmen-
tal variations such as lighting conditions and background noise is becoming an important area
of focus as these systems are deployed in more diverse and uncontrolled settings. How can
multimodal emotion recognition systems be more robust to environmental variations such as
lighting conditions, background noise, and occlusions?

• Explainability and Transparency of Models. Enhancing the explainability and trans-
parency of deep learning models used in emotion recognition is a newer area of research. As
the adoption of these systems grows, the demand for understanding how these models make
decisions will likely increase, but current research is still preliminary. How can we enhance
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the explainability and transparency of deep learning models used in emotion recognition to
build trust and understanding among users and stakeholders?

• Development of Large-Scale, High-Quality Datasets. Creating and maintaining di-
verse and representative multimodal datasets is a critical gap yet to be fully addressed. The
development of such datasets is necessary for training and validating robust emotion recog-
nition systems but is still in its early stages. What are the effective strategies for creating
and maintaining large-scale, high-quality multimodal datasets representative of diverse pop-
ulations and various emotional states? How can we ensure that these datasets are annotated
accurately and consistently?

Low Priority (Virgin Research Areas) These research questions are less explored, often
due to their complexity, the nascent state of the technology, or the need for more foundational
research before they can be fully addressed. These are ”virgin” areas with limited literature and
represent opportunities for groundbreaking research.

• Addressing Individual Differences in Emotional Expression. MMER systems that
can take into account inter-item variability are something that businesses are counting on.
While there is a common awareness of the importance of this problem, comprehensive so-
lutions are still lacking. How can emotion recognition systems be designed to account for
inter-subject variability, such as differences in how individuals express emotions through
facial expressions, voice, and physiological responses?

• Longitudinal Studies and Temporal Dynamics. Conducting longitudinal studies to un-
derstand how emotional expressions and recognition accuracy evolve is relatively unexplored.
This area is important for evaluating long-term user interactions and system performance,
but logistical challenges have limited research efforts. What are the best approaches for
conducting longitudinal studies to understand how emotional expressions and recognition
accuracy evolve in real-world applications?

• Impact of Physiological Signals on Emotion Recognition Using physiological signals
measured by wearable in MMER is an emerging area with significant potential. However,
this field is still in its early stages, and more foundational research is needed to understand
its impact and utility fully.

• Mitigating Bias and Ensuring Fairness Addressing bias and ensuring fairness in emotion
recognition systems is essential but has received less focus than other ethical considerations.
When speaking about bias, we are talking not only about identified cultural or gender differ-
ences, but also those resulting from the technologies themselves (such as feature alignment)
or other methodological factors influencing recognition errors. This area will likely grow in
importance as awareness of AI biases increases.

• Enhancing User Engagement and Satisfaction While improving user engagement and
satisfaction through multimodal emotion recognition is important, it is less researched than
other topics. There is a growing interest in this area, because it can help in building trust
and consent for using advanced technology, but it remains a lower priority due to its broader
focus on user experience.

• Application-Specific Customization. Customizing emotion recognition systems for spe-
cific applications is a relatively new area. Research here focuses on adapting systems to
different use cases, but it is still developing and not yet a primary focus for many researchers.

• Easy to use, low or even no code and responsible by design frameworks - in
the MMER area there is a lack of ready-made off-the-shelf frameworks for easy creation of
state/emotion analysis systems that would already contain elements enforcing responsible
use ”by design”.

MMER is becoming a multidisciplinary field; therefore, solving the listed research gaps will
be based on innovative interdisciplinary research combining achievements in computer science,
psychology, neuroscience, ethics and other fields.

Based on the above topics classification, the visualization of Technology Lifecycle analysis for
MMER was prepared (1) organized by priority used at Technology Lifecycle Stages (Gartner Hype
Cycle):

The Standard Gartner Hype Cycle model by (Gregory et al., 2013) is based on stages that
represent the typical progression of a technology or research area from inception to maturity and
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Figure 1: Technology Research Lifecycle Analysis for Multimodal Emotion Recognition (MMER)
- own work

widespread adoption. The stages are (names and definitions taken from the source (Gregory et al.,
2013; Colett, 2017):

• Innovation Trigger: A technology breakthrough or significant innovation gains interest. Of-
ten, it is still in the lab or early prototyping stage.

• Peak of Inflated Expectations: Early publicity produces many success stories—often accom-
panied by scores of failures. Some companies take action; many do not.

• Trough of Disillusionment: Interest wanes as experiments and implementations fail to deliver.
Producers of the technology shake out or fail. Investments will continue only if the surviving
providers improve their products to the satisfaction of early adopters.

• Slope of Enlightenment: More instances of how technology can benefit the enterprise start
crystallizing and becoming more widely understood. Second- and third-generation products
appear from technology providers.

• Plateau of Productivity: Mainstream adoption starts to take off. Criteria for assessing
provider viability are more clearly defined. The technology’s broad market applicability and
relevance are paying off.

The typical Gartner cycle is based on interest, awareness and visibility of technology concept
which change in time. Classification of priority indicate the current focus or urgency in addressing
specific research areas or challenges, often driven by external demands, immediate benefits, or
foundational gaps that need filling.

This slight difference is a reason why Innovation Trigger is not directly Correlated with Virgin
Research Areas. Innovation Trigger refers to the beginning of the lifecycle for technologies that
may have been around for some time but are now gaining interest because of a recent innovation
or breakthrough. It does not necessarily mean the research is brand new; it might just be a new
application or renewed interest due to technological advancements. While Virgin Research Areas,
classified as low priority, are those that are new or exploratory and are not yet seen as critical.
These areas are more speculative and foundational. While they may coincide with early stages of
the technology lifecycle, they are categorized as low priority because they are not yet a focus for
active development or investment.

So in general, class of maturity is not highly correlated with technology lifecycle stages. Matu-
rity classifications (High, Medium, Low Priority) focus on the urgency and importance of research
areas from a practical perspective:
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• High-priority areas often correspond to stages like the Trough of Disillusionment or Slope of
Enlightenment where there are active attempts to address gaps, failures, or ethical concerns
to push the technology forward.

• Medium-priority areas align with stages like Slope of Enlightenment, where the technology is
gaining a clearer understanding, but there’s less urgency compared to high-priority issues.

• Low-priority areas are often still in the Innovation Trigger stage, where exploration is hap-
pening but without immediate pressure or a clear path to practical application.

Otherwise, Technology Lifecycle Stages are about the journey of a technology’s development
and market adoption over time. A technology can be at the Innovation Trigger phase but not be
considered a high priority if it doesn’t immediately impact critical areas or have clear, short-term
applications.

So, High Priority Areas in Trough of Disillusionment are issues like ethical concerns have sur-
faced due to real-world deployments failing to consider these aspects. Thus, they are high-priority
to fix, even if they are in a ”trough” where expectations have been adjusted due to these failures.
In Medium Priority Areas in Innovation Trigger there topics like ”Cross-Cultural Generalization”
are just beginning to be explored (Innovation Trigger) but are not seen as immediately crucial,
hence medium priority. And within class of Low Priority Areas in Slope of Enlightenment are top-
ics like ”Application-Specific Customization” are starting to gain clarity (Slope of Enlightenment)
as specific applications of the technology are understood better but are not seen as pressing needs
currently.

It’s important to add that this classification will change in time quickly so should be actualised
regularly and treated as knowledge that quickly becomes outdated, although it is valuable at a
given point in time as a determinant of research priorities in a commercial company.

For readers of this review convenience, the challenges identified are briefly summarized in the
Table VI:

Challenge Key Issues and Observations

Integration of Data Lack of standard multimodal data fusion methods, need for advanced real-
time signal processing, and insufficient research on effective data integra-
tion algorithms.

Real-Time Multimodal
Data Processing

Need for low-latency algorithms, optimized edge computing methods, and
better integration of real-time processing with existing systems.

Data Quality and Reliabil-
ity

Noise or inaccuracies in one modality affect overall performance; scalabil-
ity issues arise with increased modalities, and fusion techniques need to
maintain system efficiency.

Integration of Modalities Fusion requires sophisticated algorithms and significant computational re-
sources; real-time processing challenges include responsiveness and adap-
tation in dynamic environments.

Impact of Individual Dif-
ferences

Limited datasets reflecting demographic and cultural diversity, need for
adaptable models, and insufficient analysis of cultural impacts on emotion
recognition.

Best Predictive Modalities Insufficient comparative research on modalities, lack of understanding of
their interactions in dynamic settings, and need for improved feature ex-
traction techniques.

Ethical Considerations Lack of privacy protection guidelines, need to address biases in data/mod-
els, and insufficient analysis of ethical implications in various contexts.

User Engagement and Sat-
isfaction

Few empirical studies on multimodal emotion recognition’s impact on sat-
isfaction, need for long-term engagement analysis, and optimization of in-
terfaces using emotion data.

Transparency and Inter-
pretability

Difficulty in understanding modality contributions; improving trans-
parency is critical for ethical use and building trust in systems.

Privacy Concerns Significant challenges in managing sensitive data like facial expressions
and physiological signals; critical need for privacy-preserving techniques
and compliance with regulations.

Table VI: Identified Challenges in Multimodal Emotion Recognition

Finally, the most important thing is ensuring the quality and reliability of data from
different modalities. Any interference or inaccuracy in one modality can significantly impact
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the overall performance of the emotion recognition system. Maintaining high-quality data inter-
pretation in all modalities is essential for accurate emotion detection. This involves a large amount
of work for multiple cross-validated tests.

With the expected increase in the number of modalities, the complexity of data fusion increases
exponentially. Due to scalability issues, problems will arise from the balance between the accuracy
and practicality of MMER systems, especially in large-scale implementations. Therefore, devel-
oping efficient fusion techniques that can handle multiple data sources without compromising
performance is a serious challenge.

Another paradox - trap is that multimodal systems increase accuracy. However, as they in-
crease in complexity and operate on artefacts inaccessible to human evaluation, the possibilities
of their reliable interpretation will decrease. Understanding how different modalities con-
tribute to the final emotion recognition decision can be difficult, directly impacting
the explanation of the system’s decision. Therefore, improving the transparency of
these systems and their interpretability is necessary to build trust and ensure ethical
use.

Collecting and processing sensitive personal data, such as facial expressions and physiological
signals, raises significant privacy issues. Ensuring compliance with regulations like the AI Act
is crucial to protecting user data and maintaining public trust. Implementing robust privacy-
preserving techniques is essential to address these concerns. And the fundamental question
is: Do we need to collect any personnel for MMER in adaptive systems? Is it possible
to process the sensitive data, use them in real-time and not store them at all? That is also an
important challenge.

10 Final Conclusions

This review highlights the transformative potential of MMER in developing increasingly natural
human-AI interactions. Thanks to using different modalities, MMER systems are becoming more
intuitive, adaptive, and emotionally intelligent year by year. The main goal of the review was to
identify attractive gaps in the current state of knowledge so that researchers can invest their efforts
in potential innovations and perhaps even inventions.

This article provides a helpful overview of basic emotion theories for MMER researchers and
developers—from Ekman’s Basic Emotions to Barrett’s Psychological Construct—along with as-
sessing their applicability to different MMER use cases. It also offers several conclusions on mod-
elling human emotions, which is especially helpful for MMER developers and designers without
a psychology background. The most popular classification of basic emotions in the peer-reviewed
literature, Ekman’s (most popular only because of the popularity of labelled training sets), is not
necessarily the best for adaptive systems using MMER.

The speed of development of deep learning and multimodal fusion techniques is constantly
increasing the accuracy of emotion recognition and the chances of their use in adaptive real-time
systems, and the decision tree included in the proposed one simplifies the choice of appropriate
theoretical approaches and fusion methods for system designers.

It is also proposed to evaluate the current knowledge base and works based on the Hype
Cycle, dividing technical components into five development phases and assessing their level of
advancement. This analysis shows that, as researchers, we are at the beginning of a gigantic field
of knowledge which aims to realize the imitation of human emotional intelligence.

Technical challenges like handling heterogeneous data and increasing computational require-
ments are combined with ethical challenges and concerns, such as manipulation, misrecognition or
addiction. MMER is mainly based on the interdisciplinary cooperation of researchers and devel-
opers.

The future of MMER primarily involves developing data fusion techniques, cultural adapt-
ability, and personal adaptability. A desirable direction will be to develop hybrid models that
can integrate multiple modalities more effectively and operate even without single-modality data.
MMER systems will also be developed to self-adapt cultural differences and individual character-
istics, such as personality, to improve the personalization of user interactions.

Undoubtedly, the range of real-time processing capabilities will improve, with a particular
focus on optimizing deep learning models for use in resource-constrained environments, where the
constant requirement is to minimize latency.

As MMER evolves, ethical considerations will become increasingly important, focusing on en-
suring privacy and mitigating bias in MMER applications. Techniques such as differential privacy
and federated learning can help address privacy concerns. At the same time, mitigation strategies
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will be integrated into MMER by design systems to ensure appropriate assessment of user states
and fair treatment of different user groups. In addition, it will be necessary to develop explainable
AI (XAI) models as this will be a key factor in improving the transparency and trust of users,
enabling them to understand how the system assesses their emotional states.

Another direction of MMER development is to adapt them to the specific needs of emerging new
interpersonal, entertainment, work and business technologies, such as the metaverse, autonomous
vehicles or virtual personal assistants. The continued development of MMER for mental health
applications, adaptive learning (educational systems), personalized services and customer care or
human capital will also drive future research. A broad exploration of MMER applications will make
systems increasingly efficient, adaptive and ethically sound, enabling the creation of emotionally
intelligent AI systems.

Current research on MMER systems suggests that future advances may also prioritize integrat-
ing contactless and contact approaches to enhance user comfort while maintaining high accuracy.
Researchers will address challenges such as improving sensor robustness and creating culturally
adaptable algorithms to ensure reliable performance across different user populations. Moreover,
ongoing research on various multimodal fusion approaches, especially tensor and hierarchical mod-
els, emphasizes the need to dynamically combine modalities, even in cases where individual modal-
ities are unavailable or inconsistent. The review proposes a classification of fusion for use cases.

Intricate hierarchical modality fusion will enhance the system’s resilience and efficiency, partic-
ularly in uncertain real-world situations. On the other hand, development of cross-modal attention
techniques hold the potential to further enhance data integration, and increasing MMER’s capa-
bility to grasp the subtleties of emotional states with minimizing computational demands.

As MMER systems mature, their application in highly interactive and immersive environ-
ments such as virtual reality and the metaverse will redefine how humans interact with technology.
Emotional data can dynamically adapt to virtual environments, creating deeply personalized ex-
periences that adapt in real time. More and more there will be a strong need for creating ethical
guidelines to prevent any possible misuse or violation when changing user conditions.

In conclusion, MMER offers a unique chance to connect the intricacies of human emotions with
machine intelligence. As studies advance the achievement of this domain will rely on promoting
cooperation across disciplines.

It is also important to note that the current approach to obtaining MMER is focused primarily
on reproducing another person’s ability to assess the other person’s emotional state. An interest-
ing future direction for research would be to develop methods that allow for assessing the actual
emotional state rather than just predicting the state resulting from the other person’s assessment.
Automation in the creation of labelling training sets for MMER training could significantly change
the pace of development in this field.
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