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Abstract. Emotional well-being is quite much a significant human resource,
which certainly boosts productivity, creativity as well as sustainability. As
natural resources get conserved and sometimes preserved, emotional resilience
would have to be preserved too against burnout and disaffection from society.
One of the contributions by affective computing in this area is early detection of
stress, personalized intervention, and even emotion-aware systems for emotional-
social harmony among people. This goes in hand with the sustainability goals
because it is actively supporting well-being as building blocks for a healthy
sustainable future. Reading and comprehending emotions are complicated tasks,
but technology aids us in this endeavor. Nowadays, sophisticated algorithms can
extract and exploit aspects of body language to identify emotions from a wide
range of data sources, such as images, videos, and biosignals. Scientists have
been working on developing and analyzing techniques for automated emotion
detection and recognition for decades. Extensive literature exists in the subject of
emotion recognition, which suggests, evaluates, and estimates many
methodologies in fields such as signal processing, machine learning, deep
learning, computer vision, and speech recognition. Since the inception of
affective computing, there are number of articles published on it. In this paper,
we thoroughly examine cutting-edge fusion approaches as part of the review, and
then critically evaluate possible performance gains from multimodal analysis
over unimodal analysis. To help readers better grab this difficult and interesting
study topic, a thorough narrative of these two complementing fields is presented.

Keywords: Affective computing, emotion recognition, multimodality, Deep
Learning, Machine Learning.

1 The Scope of This Survey

This study examines affective computing and emotion recognition, emphasizing new
developments in multimodal affect analysis. By offering a thorough summary of the
most recent methods for combining textual, audio, and visual data—modalities that are
most common in current research—it fills gaps in the study of existing literature [1].
The paper examines unimodal methods and assesses contemporary fusion techniques,
emphasizing how they improve performance. The survey also addresses future
directions in the discipline, providing new researchers with insightful information.
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2 Introduction

Our thoughts are influenced by our emotions. When a person is emotionally healthy,
he or she can perform at their best regardless of life's adversities. When emotional
stress is severe and long-term, the risk of mental and physiological problems rises. As
per the research published in the 'International Journal of Mental Health Systems' [2],
there was 67.7% increase in suicide behaviour during India’s COVID-19 shutdown.

2.1  Affective Computing Spread: When Machines Can Tell How You Feel

Affective computing covers human emotion, opinion, thoughts, sentiments and feel-
ings [3], emotion identification, and sentiment analysis. The emotionless, clinical
computer or robot is a staple of science fiction, but science reality is beginning to
evolve; computers are improving their ability to recognize emotions. IBM's Watson
group has developed a 'Tone Analyzer'[4] which can detect sarcasm and other emo-
tions in your work. With advancements in research wearable computing, psychology,
neuroscience, big data and modeling come under the domain of Affective Computing.
The aim is to advance the knowledge, understanding, and development of systems to
sense, identify, classify, and respond to human emotion [5, 6].

2.2 Emotion Models

Psychologists developed categorical and dimensional emotion models respectively [7]
to characterize human emotion to recognize and compute emotion or sentiment. Six
basic emotions i.e. happiness, surprise, fear, sorrow, disgust and anger are divided by
categorical models into a set of distinct classifications that are straightforward to ex-
press. Dimensional models depict emotion as a point in multidimensional space, with
valence, control and activation as dimensions. Valence-Arousal based four quadrant
circumplex model (Figure 1(a)) by [8] captures complex emotions. The first quadrant
has the feelings of happy emotions, the second depicts furious emotions, and the third
depicts the sensations with sad emotions while the last one depicts peaceful emotions.
Researchers have mostly relied on the simplified 2D model of arousal and valence.
The Pleasure-Arousal-Dominance (PAD) paradigm [9] (Figure 1(b)) is a popular
continuous multi-dimensional model to solve the limitations faced by discrete emo-
tion models. The PAD model features three-dimensional spaces i.e. Mehrabian's 3-D
space theory of emotion [10]. Plutchik [11] proposed the most popular component
model, which is founded on evolutionary principles and comprises eight core bipolar
emotions. The eight primary emotions like fear, joy, surprise, trust, sadness, disgust,
anticipation, wrath, and their relationships are mentioned in Plutchik's wheel model
(Figure 1(c)).
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Fig.1. Emotion Models [8, 9, 11]

2.3  Modalities of Affect Recognition

The automated recognition of human affect is governed by the usage of various emo-
tional channel modalities. Humans use both verbal and nonverbal channels to judge
expressive behavior as predictors of interpersonal consequences [12]. Verbal channels
correlate to speech and Nonverbal channels include speech prosody, eye look and
blink, body gestures and face expressions. Humans are said to rely on facial expres-
sion and verbal prosody the most when interpreting emotions. Nonverbal signals are
less susceptible to deliberate manipulation and are effectively representative of real
affective status.

Unimodal Affect Recognition. The basis for Unimodal affect computing is Physical
modalities like textual, audio, visual and physiological modalities like EEG or ECG
[13, 14] (Figure 2). Research paper [15] depicts that the most accurate method for
study and analysis of sentiment and recognizing emotions through sentiment is tex-
tual-based affective analysis. The auditory signals are sensitive to noise. The visual-
based emotion recognition [16, 17] is more successful as they are easier to record and
its emotional information is more helpful in understanding the humans’ emotion state.
The physiological signals are more challenging to be captured through wearable de-
vices but as of their objective and trustworthy results physical modalities like EEG-
based and ECG-based [18, 19] are much explored by the researchers.
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Fig.2. Modalities of Affect Recognition [13, 14]
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Audio Modality. Affective information in Speech is conveyed by linguistic informa-
tion (message's semantics through Linguistic speech channel) and implicit paralin-
guistic information (prosody through Paralinguistic speech-prosody channel). Linear
and non-linear acoustic quantifying methods are applied for Audio Emotion Recogni-
tion [20]. Machine learning based Speech Emotion Recognition is based on acoustic
features extraction and classifiers selection while DL (Deep Learning) based Speech
Emotion Recognition creates CNN (Convolutional Neural Network) architecture to
emotion prediction [21]. Apart from prosodic and spectral features, voice-quality,
frequency-domain, time-domain, hybrid, deep, statistical, and other features are es-
sential for speech emotion recognition [22, 23]. k-Nearest Neighbor, NN (Neural
Network), MLB (Maximum-Likelihood Bayes), KR (Kernel Regression), GMM
(Gaussian Mixture Model), and HMM (Hidden Markov Model)are some of the most
often utilized classifiers in Speech Emotion Recognition systems [22]. OpenSMILE,
YAAFE, Timbre, MIR, jAudio, Librosa are the well-known audio feature extraction
toolbox [24].

Textual Modality. Researchers extract a variety of text sentiments from blogs, product
reviews, social media, news, YouTube comments [25, 26, 27, 28, 29]. To date, me-
thods for emotion and sentiment recognition using text are rule-based methods, statis-
tical methods, bag of words (BoW) modeling [30, 31]. The automatic identification of
fine-grained emotions, those are conveyed directly or indirectly in text, have been
tackled by various researchers [32]. To identify emotional content in texts, several
supervised and unsupervised classifiers have been developed [33].

Visual Modalities. Visual emotional recognition encompasses emotion recognition
through expressions captured from face and body gesture [34,35]. Body expressions
reflect more real feelings but are more difficult to manage. The selection of the right
modeling of taking input i.e. human traits, feature representation, and output emotions
is a crucial step in the preparation for emotion body gesture recognition. In Deep
Learning based Emotion Body Gesture Recognition systems the input data is pre-
processed through low-level feature extractors. Deep Learning networks like CNN,
LSTM (Long Short-Term Memory) or CNN-LSTM based networks can be used to
learn high-level characteristics in spatial, temporal, or spatial-temporal dimensions
and thus raise the Emotion Body Gesture Recognition performance [36,37]. Being
the most natural marker of emotion, Facial expression analysis is the most well-
studied nonverbal affect recognition method [38]. Facial emotion recognition uses
Images or videos with face emotional clues [39]. Based on static photos or dynamic
videos they are classified as static and dynamic facial expression recognition. Macro
and micro facial expression on duration and intensity of facial expression and
2D/3D/4D on dimensions are the further categories of facial expression recognition.
[40, 41]. Figure 3 depicts the various Learning method and models for Face Emotion
Recognition [42-48].
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Fig. 3.Learning Method and Models for Face Emotion Recognition

Physiological Modalities. Physiological signals captured through non-invasive sen-
sors can be studied and can represent emotions by detecting biological patterns [49].
Noncontact multiparameter physiological measurements, brain imaging and remote
cardiopulmonary measurement are now available for capturing signals remotely [50,
51]. Various forms of physiological signals used for emotion detection are Electro-
cardiography (ECG), Galvanic Skin Response (GKR) and Electrodermal activity
(EDA), electromyography (EMGQG), electroencephalography (EEG), Respiration Rate
(RR), and Skin Temperature (TSK). The electrical signal from the heart is recorded
by an ECG to check for different heart conditions and calculates the heart rate (HR)
and heart rate variability (HRV) [52]. EEG reveals intrinsic aspects of emotional
states and allows for real-time monitoring of emotional states [53].
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24 Multimodalities of Affect Recognition

Affect-recognition algorithms that incorporate numerous modalities of emotion ex-
pressions are the Multimodal methods. Combining multiple-affective signals gives a
more diverse set of data as well as helps to mitigate the consequences of raw signal
ambiguity. Two crucial components of the multimodal emotional analysis are the
fusion techniques (fusion based on decision, feature, model and hybrid) and the
blending of several modalities (blending various physical modalities, various physio-
logical modalities, and blending physical modalities with physiological modalities).

Multimodal Fusion Techniques. The goal of Multimodal fusion is to improve esti-
mation precision and reliability [54]. Most recent studies of multimodal affective
analysis concentrate on multimodal fusion procedures [55], which are divided into
four categories: decision-level, feature-level, model-level, and hybrid-level fusion
respectively. In early fusion or Feature-level fusion [56, 57], the input features are
taken from several modalities, such as visual and auditory text characteristics. These
features are integrated and combined into a general feature vector and then forwarded
to a classifier for study and further investigation. In Decision-level fusion or late fu-
sion, the decision vectors are generated from selected modality, which are then com-
bined into a single general feature vector.

Fusion at the model level [58, 59] is a technique that combines data from several
modalities and uses correlation to create a relaxed fusion such as HMM. Hybrid fu-
sion blends decision-level and feature-level to take advantage of the benefits of both
and avoid the drawbacks of each. [60, 61]. In Rule-based fusion methods, the data
belonging to multiple modalities is combined using statistical rule-based methods.
The widely used rule-based method i.e. linear weighted fusion approach [62] is less
computationally expensive because before merging multimodal data the normalized
weights are given to each modality and it employs sum or product operators.

Blending of Several Modalities. The concepts of blending of multiple physical mod-
alities are AV (audio-Visual) [63], AT (Audio-Textual) [64], and AVT (Audio-Video-
Textual)) [65]. Performance over unimodal affect recognition can be improved by
combining visual and aural information [63] or by combining multiple physical mod-
alities with the text modality [66]. In the concept of blending various physiological
modality fusions, EEG and ECG [67], EMG, GSR, EOG, and BVP are integrated in
investigations for affective analysis. For visual-physiological emotional analysis the
multimodal physiological signals [68, 69] and the visual modalities like facial expres-
sion, gesture, and voice may be combined for affective analysis.
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3 Databases Available for Different Modalities and Their
Feature Fusion

Emotional computing databases can be divided into Textual Sentiment Database,
Speech/Audio Databases, Facial Expression Recognition Databases, Physiological
Databases, and Multimodal Databases. The network architecture and model design for
emotional computing are profoundly impacted by the characteristics of emotional
computing databases.

3.1 Textual Sentiment Database

IMDB [70] is a binary sentiment analysis dataset consisting of 50,000 reviews for
natural language processing or Text analytics for natural language processing or Text
analytics from the Internet Movie Database (IMDb) labeled as positive or negative.
Multi-domain Sentiment (MDS) [71] features slightly older product reviews from
Amazon. Seven sentiment categories i.e. positive, negative, strong positive, strong
negative, weak negative, weak positive, neutral, are assigned to the reviews compris-
ing 100,000 sentences. Stanford Sentiment Treebank v2 (SST2) [72] is a Stanford
Dataset with completely labeled parse trees and has emotional labels on around
215,154 phrases in a parse tree of 11,855 sentences for predicting Sentiment from
longer Movie Reviews.

3.2 Speech/Audio Databases

CREMA-D [73] is an audio data set of 7,442 original clips from 91 actors (48 male
and 43 female). 12 sentences were presented using one of six different emotions (Dis-
gust, Neutral, Anger, Sad, Fear, Happy), and four different emotion levels (Low, Me-
dium, High, and Unspecified). Emo-DB i.e. Berlin Database of Emotional Speech
[74] is a freely available German emotional database that contains over 535 utterances
spoken by five males and five females in 7 emotional states, including happiness,
rage, anxiety, fear, boredom, and contempt. Ryerson Audio-Visual Database of Emo-
tional Speech and Song (RAVDESS)[75] is a dataset of speech and song, audio and
video containing 1440 records and 24 professional actors (12 female, 12 male), voca-
lizing two statements, those are lexically-equivalent, in a unbiased North American
accent.

33 Facial Expression Recognition Databases

JAFFE [76] contains 213 photos of 7 face expressions captured from the Japanese
female models. The Oulu-CASIA NIR-VIS [77] contains around 2,800 image se-
quences taken with different imaging systems and different lighting scenarios. Sub-
jects were given instructions to make 7 different facial expressions in order to develop
the extended Cohn-Kanade (CK+) [78]. BU-3DFE (Binghamton University 3D Facial
Expression) [79] database comprises around 600 facial expression sequences recorded
from hundred persons. MMI [80] is composed of onset-apex-offset sequences as op-
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posed to CK+. A large-scale, unrestricted database called FER2013 [81] contains
around 35,000 gray images with a resolution of 4848 pixels that were automatically
gathered using the Google image search API. One million photos in EmotioNet [82]
have 25,000 personally annotated Action Units and 950,000 automatically annotated
Face Action Units.

34 Body Gesture Emotion Databases

As compared to the slight or fake changes in the face, it is usually easy to interpret
physical expressions. Natural body activities and movements are captured sponta-
neously from real time scenarios like interviews, cameras or non-spontaneously from
movies which are then compiled to form the corpus of video sequences and thus form
Body gesture emotion databases. EmoTV1 [83], is a large collection of video clips
recorded from French TV channels containing interviews. The publicly accessible
bimodal FAce and BOdy database (FABO) [84] contains both face expressions and
body gesture. The fragments from two movie versions that make up THEATER Cor-
pus [85] are tagged with eight emotive states that correspond to the corners of PAD
[86]. Body motions in daily activities were gathered for affect analysis in Emotional
Body Expression in Daily Actions (EMILYA) database [87].

3.5 Physiological Signals Datasets

The physiological signals are not impacted by social masking, making them more
purposeful, effective and dependable for affect recognition. DSdRD (Real-World
Driving Tasks) tool is applied for detection and assessment of pressure and anxiety
levels in drivers. Twenty Four participants gave diverse signals that completed their
driving jobs and then relaxed for at least 50 minutes. DEAP [88] includes data from
32 people, including 32-channel EEG, EOG, plethysmograph EMG, body tempera-
ture, RESP and GSR. EGG recordings from 15 participants are available in SEED
[89, 90]. AMIGOS [91] dataset was created with the intention of gathering participant
feelings in both individual and group settings. High-quality multimodal data of
WESAD (Wearable Stress and Affect Detection) [92] is useful in detecting strain and
anxiety with emotional states as neutral, stress or amusement.

3.6 Multimodal Datasets

Changes in emotions of around 30 people watching different films were observed and
recorded to create a video-physiological database MAHNOB-HCI [93]. A multimod-
al dataset RECOLA (Remote Collaborative and Affective Interactions) [94] is created
through spontaneous interactions from 46 participants. Largest gender balanced data-
set CMU-MOSEI (CMU Multimodal Opinion Sentiment and Emotion Intensity)[95]
dataset comprised 23,500 sentence utterance videos from around 1000 YouTube
speakers. A multimodal corpus ICT-MMMO (Creative Technologies Multimodal
Movie Opinion database) [96] contains around 300 YouTube videos and 80 ExpoTV
movie review videos for affect recognition. CreativelT [97] contains rich full-body
motion, visual-audio, and text description data of 16 participants. 13 favorable, 12
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negative YouTube videos and 22 neutral videos can be found in the HOW (Harvest-
ing Opinions from the Web database) [98]. The important databases used for affective
computing are listed in Table 1.

Table 1.Multimodal Datasets

Dataset Ref Modality Features
440 files: 60 trial t 24
RAVDESS [75]  Video and Audio 1ies: OF frials per actor x
actors = 1440.
YouTub 1000 linguistic + 1941 tic +20
OutUbe 98] Text, Video and Audio o INEUIStie acoustie
dataset visual
Belfast [99] Video and Audio Wide range of emotions
Video, f h,
CH-SIMS  [100] te;teo’ ace, SPEECiL &€ Around 2280 segments
MU- 1 isual
MU anguag ¢, visual, and 23453 sentences utterance videos
MOSEI [101] acoustic face, eye, speech, .
. 2199 videos
Dataset text, video
CMU- Video, face, speech, eye, .
MOSI [102] text Around 2200 clips
Face, GSR, EEG, BVP,
DEAP [103] ECG, RA, EOG, ST, 1280 samples
EMG
Hu- . activities by 11 professional actors
104 I
man3.6M [104] mages, videos in 17 scenarios
Ekman-6 [105] video (audio, image) 1637 videos
video, Skin-Conductance- .
EMDB [106] Level, and Heart-Rate 52 clips
1102 audio-visual clips, six basic
EmoReact . . . .
Dataset [107] Video and Audio emotions, neutral, valence and nine
complex emotions
eNTER- . . Happiness, fear, anger, surprise,
1 A
FACE [108] Video and Audio sadness, , disgust
HUMAINE [109] Video and Audio core affect dimensions,' Authentici-
ty, context label, Emotion words
IEMOCAP [110] face, speech, t-text, video 10039 turns
LIRIS- [111] video (audio, image) 9800 clips
ACCEDE - 1mag P
MAHNOB- face, eye, audio, EEG,
112 2 1
HCI (M21 " EcG. Gsr, ST, RA 532 samples
i .
PATS [113] aligned POse, audio 251 hours of data
&transcripts
Audi i f:
SEMAINE  [114] udio, Video, face, 959 conversations
speech
id ti d
Social-IQ  [115]  ‘i¢eo% questionsan 1250 videos, 7500 questions

answers
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IEMOCAP [116]
ICT-

MMMO (5]
MOUD [117]
MELD [118]
K-EmoCon [119]
EMOTIC [120]
Dreamer [121]
Ascertain [122]
AffectNet [123]

Video and Audio

Text, Video and Audio

Text, Video and Audio
Text, Video and Audio
audiovisual recordings,
EEG, and peripheral phy-
siological signals,

images

EEG,ECG, audio-visual
stimuli

EEG, ECG, GSR and
facial activity data
Facial expressions along
with the intensity of va-
lence and arousal.

Happiness, neutral state, frustration,
anger, sadness

+20 visual , 1941 acoustic and 1000
linguistic

28 acoustic + 40 visuals

1400 dialogues, 13708 utterances

16 sessions of approximately 10-
minute long paired debates

23, 571 images and 34, 320 anno-
tated people

Signals from 23 participants
5 personality scales & emotional

self-ratings of 58 users

0.4 million images manually labeled

4 Machine Learning and Deep Learning Based Models for
Emotion Recognition

Machine Learning based techniques provides feature extractors, classifiers, and pre-
processing techniques for raw signals [21, 54, 62, 69,124,125]. The Random forest
(RF), the Support Vector Machine (SVM), Gaussian Mixture model (GMM), Hidden
Markov Model (HMM), Artificial Neural Network (ANN) and K-Nearest Neighbor
(KNN) are the most popular Machine Learning based classifiers. Due to their limita-
tion in task and domain specific feature descriptors, Machine Learning based ap-
proaches for affective analyses are difficult to apply [81].

Table 2.Machine Learning & Deep Learning based Techniques for Physiological emotion

recognition
Fea-
Mo t::e Feature
las- M R - las-
dal- Ref Year Repre- (;as _Od Ref Year epre C.as
. sifier ality senta- sifier
ity senta- .
. tion
tion
mRMR Feature
[156] 2016 based SVM [160] 2017  Fusiont  KNN
EEG ECG LLN
Multi-
ADMM Featu
[157] 2019 class [161] 2017 . 2W¢  qym
-based Fusion

SGL



[158] 2018

[159] 2020
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. LSTM+
Bi- Soft-
DANN

max

Spatial ~ Pool-

tempor-
al

tmax

ing+Sof

[162]

[163]

2019

2020

Emotio-
nal GAN

Self-
super-
vised
CNN

621

SVM

FC+
Sig-
moid

Table 3.Machine Learning and Deep Learning based Techniques for Textual, Speech and

Face Emotion Recognition

Machine Learning Techniques

Deep Learning Techniques

Modali-
ty Featu.re Clas- Feature Clas-
Ref Year descrip- . Ref Year L. .
R sifier description sifier
tion
Multi- SVM HieN
[134] 2014 feature - [138] 2020 CNN N-
fusion ELM DWE
g:l’l‘:fal Multilin- ~ Me- CNN
[135] 2018 gual fea- tric- [139] 2020 Word2Vec
ment wur based LST
Analysis ures ase M
Soft
[136] 2008 CDM NB [140] 2018 PF-CNN max
Features Word Em- GCA
137] 2019 LML 141 2018
[137] fusion [141] beddings E
Ad ial
[124] 2013 MFCC SVM  [145] 2018 AEversa“a SVM
Speech Acoustic CNNs- LST
Emotion (142] 2010 feature SVM - [146] 2016 LSTM M
Recogni- Feature CNN/Atten
tion [143] 2014  selection MKL [147] 2018 tion- DNN
&fusion BLSTM
Acoustic TL- Conditional
[144] 2020 FMR [84] 2018 . CNN
features F adversarial
F
ace. CNN- 6
Emotion  [148] 2020 IFSL SVM [152] 2021 LSTM Col-
Recogni- Cla
tion [149] 2019 LPDP SVM  [153] 2021 SCAN FC
[150] 2019 DSF KNN [154] 2020 GCN-CNN  FC
CNN- Pool-
151 2018 HSDS SVM 155] 2020
[151] [155] LSTM ing
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In most instances of affective computing, DL-based models performed better than
Machine Learning based models [21, 36, 69, 126-128]. As of superior feature repre-
sentation learning capabilities the DL-based algorithms are capable of automatically
learning the most discriminative physical traits. Also, the impact of database size and
quality is more prominent than for Machine Learning based emotion recognition. The
deep spatial-temporal feature extraction is a task that can be handled by CNN-LSTM
models [37]. Cross-domain learning and Adversarial learning are frequently em-
ployed to increase the robustness of models [129]. For overall improved performance,
various attention mechanisms [130] and auto encoders [131] are used with DL-based
approaches. The temporal dynamics for sequence information are captured through
RNNSs and its variants [132]. The significant and discriminative characteristics are
captured through CNNs and their derivatives from static information, face and spec-
trogram images [133]. The ML and DL techniques are summarized in Table 2 and
Table 3.

5 Evaluation Metrics
Evaluation metrics are vital for assessing the performance and effectiveness of models
in multimodal emotion recognition and affective computing. Table 4 and Table 5

cover the metrics used for emotion recognition.

Table 4.Multimodal Specific Evaluation Metrics

Metrics Description Significant study Ref
Modality It calculates how much each It measures the impact of individ-  [164]
Contribution modality—such as text, au- ual modalities
Analysis dio, and facial expressions—
contributes to the total accu-
racy of recognition.
Fusion It assesses how well the In order to priorities each modali-  [165]
Accuracy fusion method of combining ty according to context, research
a variety of modalities works.  has concentrated on developing
strong fusion approaches, such as
transformers & attention
processes.
Table 5.Common Evaluation Metrics
Metrics Description Particulars Significant study
Accuracy- a The amount of In unbalanced The limitations of accuracy

simple metric

accurate forecasts
among all predic-
tions.

datasets having
underrepresented
classes, accuracy
can be unrelia-
ble.

brought on by unbalanced
data. The more appealing
option to measure is that
offers a more refined and
detailed perspective.



Precision
(Relevance)

Recall
(sensitivity)
(completeness)

F1-Score

Concordance
Correlation
Coefficient
(CCC)

Confusion
Matrix

Mean Squared
Error (MSE),
Mean Absolute
Error (MAE)

Weighted
Metrics
(Weighted
Accuracy,

The proportion of
accurately expected
positive observa-
tions to all predicted
positive observa-
tions.

The proportion of
accurately predicted
positive observa-
tions to all observa-
tions in the actual
class

Precision and Re-
call's harmonic
mean. F1-Score
balances both me-
trics.

It combines accura-
cy and precision to
assess how well two
sets of continuous
data agree

It compares pre-
dicted and actual
classes to show how
well the model
performed.

They are often used
metrics in regres-
sion-based emotion
detection (e.g.,
predicting valence
and arousal).

It assigns varying
degrees of priority
to various classes

Emotional Security for Sustainable Future

It measures how
relevant the
predicted emo-
tions are.

It measures how
well the model
captures all
relevant emo-
tions

It strikes a com-
promise between
recall and preci-
sion, which is
crucial when
there is a class
imbalance.
Regression-
based tasks in
multimodal
emotion identifi-
cation, such
valence-arousal
prediction, bene-
fit greatly from
its utilization.

It can assist in
recognizing
patterns of mis-
classification.

They assist in
predicting emo-
tional intensity
on a continuous
scale.

It improves the
estimation of
rare emotions. It
is frequently

623

F1-Score is frequently chosen
in recent research to provide a
fair evaluation because emo-
tion data frequently exhibits
imbalance as certain emotions
are uncommon.

It takes bias and linear corre-
lation into account; it is being
used more and more in re-
search to assess models on
continuous emotional states.

In order to improve misclassi-
fications, researchers are
analyzing emotion-specific
errors using confusion ma-
trices & improving model
topologies.

In order to demonstrate their
improvement in predicting
finer emotional details, mod-
els that predict continuous
emotion scales (such as va-
lence-arousal space) frequent-
ly report lower MSE or MAE.
To provide a more impartial
assessment, researchers are
creating weighted measures
that take the distribution of
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Weighted F1) employed when the data into account.
working with
unbalanced
datasets.
Evaluates h 11
AUC Area vatuates flow v.ve The model per-
the model can diffe- .
Under the . forms better if its
rentiate between ) .
Curve classes AUC is larger. In multimodal systems, AUC-
' AUC-ROC ROC is becoming more and
A visual ; assesses the more significant, particularly
) . visua repre.sen a ability to diffe- when the performance can be
ROC Receiver  tion of a classifier's . .
Onerati di " ; rentiate among greatly impacted by the clas-
pera mg. . 1agnostic pe.r or emotion classes sification threshold.
Characteristic mance when its

Cross-Entropy

discrimination thre-
shold is changed.

A loss function that
gauges how well a
classification model

at a variety of
thresholds.

It punishes in-
correct classifi-
cations. It works

It is commonly used during
training in deep learning

Loss (Log performs when the eIl with com models for emotion recogni-
. . well w - . .
Loss) output is a probabil- lex multimodal tion, especially those that use
. . X mu .
ity value ranging gata transformer topologies
from 0 to 1.
It assigns equal
weight to each In benchmarks requiring
Thy f
Unweighted ¢ ﬁverage © emotion class. it  extremely unbalanced data-
recall scores across
Average Recall all cla 1ud is preferred sets for emotion recognition,
classes, exclud- . .
(UAR) ’ when datasets UAR is becoming a standard

ing class imbalance

are very unba-
lanced.

metric.

6 Recent Advancements, Challenges and Future Directions

Regardless of significant advancements in affective computing, challenges exists in
multimodal emotion recognition, including difficulties in extracting and handling
multiple modalities, disambiguating complex emotional states, and dynamically mod-
eling emotions. Challenges such as data incompleteness, ethical concerns, and cultural
variations complicate the development of practical applications. The shortage of
large-scale labeled datasets and the issues of transferring models across domains fur-
ther hamper progress. In addition, ensuring user privacy and minimizing emotional
strain in real-world applications are some of the serious considerations. Future re-
search in multimodal fusion, domain adaptation, and few-shot learning may assist
overcome these obstacles and facilitate more accurate and ethical emotion recognition



Emotional Security for Sustainable Future

625

systems. Table 6 covers the latest trends and Table 7 records future directions, chal-
lenges and probable solutions in the field of multimodal emotion recognition.

Table 6.Latest Research Trends in Multimodal Affective Computing

Latest
Trends

Description

Significant study

Ref

Transfor-
mer-based
Models

Attention
Mechanisms
for Modality
Fusion

Robustness
to Noisy &
Missing
Data

Large-Scale
Multimodal
Datasets

Multimodal
Pretraining

In multimodal situations, trans-
formers such as BERT and ViT
(Visual Transformers) are used
to model intricate relationships
between modalities.

It dynamically weighs every
modality based on its emotional
involvement, thus improves the
interpretability and accurateness.

Multimodal still
faces difficulties when dealing

recognition

with noisy or missing data. To
increase model robustness, me-
thods like modality dropout and
robust modality fusion are being
researched.

Research indicates that sizable
datasets aid in capturing a wider
range of emotions, resulting in
more reliable models.

Pretraining on large datasets,
followed by fine-tuning on spe-
cific emotion tasks, improves the
generalization across contexts.

According to recent research,
transformers can greatly im-
prove performance, particular-
ly when attention methods are
used to highlight important
emotional cues.

To dynamically balance the
relative importance of each
modality, attention techniques
are commonly used.

It enhances the flexibility to
incomplete or noisy data.

To enhance generalization,
researchers are utilizing a
variety of extensive datasets,
such as MEAD, EmoReact,
and MELD. It helps in captur-
ing a broader spectrum of
emotions.

Recent research shows that
pretrained multimodal mod-
els, such as MMF (Multimod-
al Fusion Framework), boost

performance.

[166]

[167]

[168]

[169]

[170]
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Table 7.Future Directions, Challenges and Probable Solutions

Category Challenges and Issues Probable Solutions
Multimodal  -Handling multiple modali- Use advanced fusion techniques (e.g., hy-
Extraction ties simultaneously brid feature- and decision-level fusion) to
& Handling manage multimodal integration.
-Non-linear disambiguation Prefer usage of attention-based models that
helps in focusing on relevant features from
-Dynamic modeling of emo- each modality, thus improves the model
tions. robustness and interpretability.
Growing -Bypassing of current sys-  For the protection of data during training,
Security tems with the increasing incorporate secure machine learning prac-
Threats complexity  of  security tices like differential privacy and federated
threats learning
-Added risks from cloud-  For the identification of suspicious patterns
based solutions. across modalities, develop and make use of
multimodal anomaly detection systems
Realistic -Effective use of multimodal  Prefer using non-intrusive, wearable sen-
and Practic- data for stress prediction, sors, and design systems with transparency
al Applica- real-time recognition, and and opt-in privacy features to Streamline
tion mood impact.  the data collection.
-Simplify the data collection.  Provide extensive user education to im-
-tackle ethical considerations  prove misconceptions, beside clear ethical
and misconceptions. guidelines and limitations for data usage.
Multimodal  -Underutilization  of Fusion  Synchronization algorithms like dynamic
Fusion techniques in multimodal time warping and incorporate adaptive
affective computing, espe- noise filtering mechanisms could be ap-
cially in NLP and sentiment plied. Explore efficient fusion methods
analysis. (e.g., tensor fusion networks) that reduce
-synchronization, noise han-  dimensionality while maintaining essential
dling, and dimensionality = emotion features.
reduction
Baseline Lack of standardized multi- Develop comprehensive multimodal data-
Models & modal affect databases, par-  sets that cover diverse emotions, cultural
Datasets ticularly for discrete emotion  nuances, and real-world variability. Utilize

recognition.

data augmentation strategies to expand ex-
isting datasets without additional manual
labeling.



Affective
Gap

Cultural &
Personal
Variability

Data
complete-
ness

In-

Modality
Contribu-
tion Dis-

parity

Large-Scale
Labeled
Data

Domain
Adaptation

Privacy and
Ethics

Emotional Security for Sustainable Future

The emotive gap between
extracted features and per-
ceived emotions, even after
closing the semantic gap,
poses a challenge for multi-
modal emotion recognition.

Diverse emotional responses
due to factors like culture,
personality, and environment,
impacting recognition accu-
racy.

Missing or partial data due to
collection challenges, which
may cause conflicts between
modalities.

of
modalities, e.g., lengthy ar-
ticles with limited images, or
using neutral images for sen-
timentally charged content.

Uneven contributions

Need for vast, labeled data-
sets for multimodal affect
recognition, with issues in
data labeling inconsistency
and noise.

Transferring models across

domains leads to perfor-
mance degradation due to

domain shift.

Privacy concerns in gathering
emotional data, with potential
misuse or harmful applica-
tions impacting user consent
and wellbeing.

Leverage hybrid affective models combin-
ing physiological signals (e.g., ECG) with
other modalities to better capture underly-
ing emotions. Use reinforcement learning
to fine-tune emotion prediction models,
bridging the gap between low-level fea-
tures and high-level emotions.

Create models that account for cultural
diversity by training on region-specific
datasets. Use transfer learning to adapt a
base model to new cultural and personal
contexts, thus improving its generalization
to varied populations.

For the estimation of missing data, prefer
using imputation methods, such as genera-
tive adversarial networks (GANSs). In case
of arising conflicts, prefer using adaptive
weighting techniques to prioritize the most
reliable modalities.

Use modality-specific attention mechan-
isms to weight the contribution of each
modality dynamically based on the con-
tent's emotional context. The context-aware
models can be developed to adjust with
respect to modality imbalances, and thus
allows focusing on the most informative
channels.

Adopt semi-supervised and weakly super-
vised learning frameworks to minimize the
need for extensive labeled data. Explore
few/zero-shot learning and self-supervised
methods to enable affective computing
models to learn with limited labeled data.
Employ domain adaptation methods, such
as adversarial domain adaptation or trans-
fer learning, to bridge domain gaps. Con-
sider domain generalization approaches to
create robust models that work across mul-
tiple domains without re-training.

Prioritize user privacy through differential
privacy techniques and enforce data en-
cryption. Introduce privacy-aware affective
computing solutions that provide opt-in
consent and allow data control to users,
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minimizing unintended consequences or
emotional strain.
Future Developing a real-time mul-  Focus on developing lightweight models
Goal: Real- timodal affect recognizer optimized for low latency to achieve real-
Time Re- remains crucial for applica- time performance. Advances in edge Al
cognizer tions like mental health sup-  can enable on-device processing, maintain-
port, but challenges indicate a  ing speed while safeguarding user data lo-
long way to go. cally for sensitive emotional applications.

7 Conclusion

To explain the subject of emotion recognition and affective computing, this paper
described key theoretical ideas and discussed the state-of-the-art in the industry. We
described recent developments in emotional computing, which may be divided pri-
marily into unimodal and multimodal emotion recognition. We introduced category,
dimensional, and component emotional models respectively. We selected significant
research on unimodal affect identification because we believe these studies are essen-
tial building blocks for a multimodal affect detection framework. Voice emotion rec-
ognition, textual sentiment analysis, emotion body-gesture recognition, facial expres-
sions, and physiological emotion recognition are the several types of unimodal affect
recognition systems. Knowing the state-of-the-art in the domain of affect recognition
on single modalities would make building a suitable multimodal framework easier.
The multimodal affective analysis is typically divided into three categories based on
blending either various physical, multiple physiological and several physical-
physiological approaches. Additionally, we covered how modality fusion techniques
affect multimodal emotion recognition. Both the modality combination and fusion
approach have a significant impact on how well multimodal emotional analysis per-
forms. We also discussed how Machine Learning and Deep Learning based models
affect affective computing. The paper also discussed the available benchmark data-
sets, recent work and literature of multimodal Affective Computing. We examined
the challenges and potential possibilities for future affective computing research.
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