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ABSTRACT The field of affective computing (AffC) has experienced significant growth, making it
challenging to stay up to date with the latest advancements. This surge in interest has likely contributed
to a significant rise in the number of systematic reviews or surveys (SRoS) being published across
various journals, covering topics like databases, methods, and general perspectives. This paper provides
three key contributions: 1) A comprehensive analysis of the evolution of emotion recognition methods
from 2002 to 2024, with particular emphasis on emotional body gesture recognition, documenting a clear
transition from traditional machine learning to sophisticated deep learning architectures; 2) Identification
and detailed analysis of the most impactful papers (the ‘‘cream of the crop’’) that have shaped body-based
AffC methods, revealing that modern approaches increasingly use attention mechanisms, graph-based
representations for skeletal data, and advanced spatial-temporal modeling techniques; and 3) A systematic
categorization and analysis of emotion recognition methods across architectural types (machine learning,
deep learning, and hybrid) and modalities (emotional body gesture recognition, facial emotion recognition,
multimodal emotion recognition, and speech emotion recognition), demonstrating the field’s progression
from unimodal to more robust multimodal approaches. Through an analysis of 10 selected SRoS papers
published between 2021-2024, referencing 292 papers collectively, this study reveals critical challenges
including limited availability of large-scale body-based emotional databases, computational demands of
modern architectures, and cross-database generalization issues.

INDEX TERMS Affective computing, body-based emotion recognition.

I. INTRODUCTION
Emotional body gesture recognition (EBGR) has emerged as
a fundamental research domain at the intersection of affective
computing (AffC) and human-computer interaction, focusing
on the automatic detection and analysis/classification of
emotions through body posture, movement, and gesture.
As outlined in recent surveys and systematic reviews (e.g.,
[1], [2], [3]), EBGR systems typically follow a structured
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pipeline that includes human detection, pose estimation,
feature extraction, and emotion classification. These systems
often employ machine learning (ML) techniques, ranging
from traditional ML algorithms to deep learning (DL)
models, to analyze extracted features such as joint posi-
tions, angles between body parts, and temporal changes in
body pose. EBGR applications span diverse domains, from
human-robot interaction and healthcare to entertainment
and security systems, offering transformative potential for
emotionally intelligent human-computer interfaces (e.g.,
see [2], [4], [5]). However, significant challenges remain,
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notably the limited availability of large-scale annotated
databases and the complex and contextual nature of emotional
bodily expression.

The modalities used for EBGR often include visual
data from RGB cameras and depth sensors, as well as
physiological signals such as electroencephalography (EEG)
and Electrocardiography (ECG) [6], [7]. The use of uni-
or multimodal approaches has significant implications for
accuracy, robustness, and applicability. Unimodal systems,
which rely on a single source of data such as body posture,
facial expression, or physiological signals, offer simplicity in
implementation and lower computational requirements [8],
[9]. However, these systems may struggle to capture the
full complexity of human emotions, especially in nuanced
or ambiguous situations. In contrast, multimodal emotion
recognition systems integrate data from multiple sources,
providing a more comprehensive and accurate representation
of emotional states [7].

Multimodal approaches can compensate for the limitations
of individual modalities, making them more resilient to
noise and variability in real-world settings. For instance,
when certain modalities become unavailable (i.e., occluded
facial expressions or absence of voice data), the redundancy
inherent in multimodal systems maintains emotion detection
capabilities. Additionally, multimodal systems have the
potential to capture subtle emotional cues that might be
missed by single-modal approaches, leading to more nuanced
and context-aware emotion recognition methods [9], [10].
However, a possible drawback of multimodal systems is
the increased complexity often required, including increased
algorithmic complexity, larger training data requirements,
and higher computational demands, which can be challenging
for real-time applications or resource-constrained environ-
ments [11], [12], [13].

While considerations of modal approaches are essential,
a fundamental challenge in AffC lies in clearly defining
what is being analyzed. In this regard, emotion and
sentiment analysis have emerged as fundamental research
areas within AffC [12], [14] and, while inherently related,
emotions and sentiments represent distinct psychological
phenomena [15]. Emotions are characterized as intense,
relatively brief affective states triggered by specific events
or stimuli [16], often manifesting through complex physio-
logical responses and distinct facial expressions [17], [18].
For instance, receiving unexpected good news might trigger
immediate joy, accompanied by increased heart rate, smiling,
or even tears of happiness [19]. In contrast, sentiments
typically represent long-term affective states [15], generally
reflecting established opinions or attitudes toward particular
subjects [20]. A consumer’s long-term satisfaction with
a product [21], or evolving opinion about a concert or
album [22] exemplify such sentiment states. This distinction
is particularly evident in computational analysis, where
sentiment is commonly categorized as positive, negative,
or neutral, while emotion recognition aims to identify and
analyze emotional states [15], [23]. For example, a product

review might express overall positive sentiment [21], while
containing expressions of various emotions such as initial
frustration during initial setup, followed by satisfaction with
the final result [23].

Theoretical models for representing emotions and sen-
timents can be broadly divided into discrete (categorical)
and continuous (dimensional) approaches, each offering
distinct advantages for affective computing applications [1],
[24], [25]. Categorical models, exemplified by Ekman’s six
basic emotions (happiness, sadness, anger, fear, disgust, and
surprise) and Plutchik’s wheel of emotions (which, for its
primary emotions, extends Ekman’s model with trust and
anticipation), define distinct emotion classes [26], [27]. These
discrete models have gained widespread adoption in emotion
recognition systems due to their interpretability and straight-
forward implementation. However, they may oversimplify
the complexity of human emotional experiences [28], [29].

Dimensional models offer an alternative perspective by
representing emotions in continuous space. Russell’s cir-
cumplex model characterizes emotions along two primary
dimensions: valence (positive to negative) and arousal (low
to high activation) [30]. The Pleasure-Arousal-Dominance
(PAD) model extends this framework by incorporating a
third dimension of dominance, enabling the representation
of more subtle emotional variations [31]. When using
continuous models, each emotional state can be mapped
along valence (the pleasantness of the experience, from
negative to positive), arousal (the intensity of activation,
from calm to excited), and dominance (the degree of
perceived control, from submissive to dominant) [32]. For
instance, joy combines high valence, moderate to high
arousal, and high dominance, while fear typically involves
low valence, high arousal, and low dominance [31], [33].
Similarly, relaxation can be characterized by high valence,
low arousal, and moderate dominance, demonstrating how
these dimensions capture the nuanced nature of emotional
experiences [34].

Additionally, beyond the general binary (positive, nega-
tive), or ternary (positive, negative, neutral) classification of
sentiments [35], [36], different categorical and continuous
models of sentiment intensity representation exist. For
example, ordinal scales, such as 5-star ratings common
in review systems, or 5-point (-2 to +2) and 7-point (-
3 to +3) Likert scales, enable more nuanced sentiment
intensity distinctions [37], [38]. Continuous approaches have
also been explored, particularly in dimensional models
where sentiment is represented as real-valued scores, often
normalized between -1 and +1, or 0 to 1 [39], [40], [41].
The use of discrete or continuous scales often reflects a
trade-off between annotation reliability and granularity, since
continuous scales can capture subtle variations in sentiment
intensity, however, they typically show lower inter-annotator
agreement compared to discrete categorical schemes [23].
This variety in sentiment representations has led to the
development of specialized evaluationmetrics and annotation
guidelines for different granularity levels [42].
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The rapid growth of the AffC field has led to the
proliferation of methods and models, as well as a high
number of systematic review or survey (SRoS) papers,
making it challenging for researchers to navigate the vast
landscape of available approaches. In this context, this
study examines 10 selected SRoS papers published between
2021 and September 2024 that focus on AffC emotion
recognition methods (ERMs). These surveys collectively
reference 292 papers, covering not only EBGR, but also
facial emotion recognition (FER), speech emotion recogni-
tion (SER), and multimodal emotion recognition (MMER),
as well as databases.

While this study emphasizes EBGR analysis, systematic
data from the selected SRoS regarding FER, SER, and
MMER is also analyzed, though with lesser detail since these
modalities, while complementary to EBGR, are not the main
focus of this work. Since the ERMs presented in this study
were identified through other SRoS, it was considered that
they represent the cream of the crop in the field of AffC,
especially in the EBGRmodality, since they are the ones with
the higher visibility. To be clear, the ERM analysis provided
on this work is based on the systematic information collected
on other SRoS authors, possibly disregarding other papers
that might be relevant but were not included in the SRoS
analyzed, as this was the adopted methodology. An empirical
assessment revealed heterogeneity in methodological rigor
across included SRoS papers, particularly regarding protocol
registration, eligibility criteria, and quality appraisal.

The main contributions of this paper are: i) the evolution
of emotion recognition methods over time, with special
emphasis on EBGR, and how they are documented in the
selected literature; ii) identification and analysis of the
most significant papers (the cream of the crop) that have
shaped the development of body-based AffC methods; and
iii) a comprehensive analysis including a) classification by
architecture (ML, DL, other) of the ERMs presented in the
SRoS papers, b) classification by modality (EBGR, FER,
MMER, SER) of the ERMs presented in the SRoS papers,
c) detailed analysis and discussion of the most prevalent
body-based AffC methods and models, and d) discussion of
the trends, potential and future direction of the EBGR field,
within the general scope of AffC. The need for this study lies
in its ability to consolidate fragmented insights from recent
surveys, offering a structured and comparative analysis that is
crucial for guiding future research in emotional body gesture
recognition and multimodal affective computing.

The remainder of this paper is organized as follows.
Section II presents the review methodology and related
works, Section III presents a summary of the emotion
recognition methods present in the selected SRoS, and
Section IV presents the discussion. Finally, Section V
presents the conclusions and future work.

II. REVIEW METHODOLOGY AND RELATED WORKS
To the best of the authors’ knowledge, this is the first
time that an in-depth analysis of SRoS papers on AffC

ERMs is presented. Although the authors previous work [43]
followed a similar methodology to the one presented in this
paper, the focus there was on analyzing AffC databases,
covering a general scope across modalities, namely: visual,
speech, gesture, body, and physiological. The present study
focuses on the evolution of emotion recognition methods,
with particular emphasis on body-based emotion recognition,
and how they are documented in the selected literature.
Regarding the SRoS analyzed in this work, all of them present
a general overview of the field but do not go into detail when
comparing the information they provide against each other.
The remainder of this section presents the selection criteria
and a brief analysis of each of the selected 10 SRoS papers.

A. SELECTION CRITERIA
The papers selected for analysis in this study met the
following criteria: i) they must be a systematic review
or survey paper, ii) they must have been published in
a journal, iii) they must be written in English, iv) they
must be accessible online, v) they must provide systematic
information on affective computing methods, and vi) they
must have been published between 2021 and September
2024.

The search was conducted across major academic
databases, including IEEE Xplore, ACM Digital Library,
ScienceDirect, Scopus, Google Scholar, and ResearchGate.
The following search keywords were used: ‘‘affective
computing’’, ‘‘emotion recognition’’, ‘‘body emotion recog-
nition’’, ‘‘sentiment analysis’’, ‘‘affective computing meth-
ods’’, and ‘‘affective computing surveys’’. The systematic
search, as defined above, was conducted in September 2024,
resulting in the identification of 31 SRoS papers on AffC.
After applying the selection criteria, 10 SRoS papers were
chosen for further analysis [1], [3], [4], [10], [13], [24], [44],
[45], [46], [47].

B. SELECTED REVIEW PAPERS SUMMARY
As already mentioned, the 10 selected SRoS papers ( [1], [3],
[4], [10], [13], [24], [44], [45], [46], [47]) were published
between 2021 and September 2024, providing an overview
of the state-of-the-art in emotion recognition methods.

From a statistical point of view, Fig. 1 illustrates the annual
distribution of the 292 ERM papers that were referenced
across the selected SRoS. A first observation is that the SRoS
papers reference ERMs with publication dates spanning
from 2002 to 2024. Naturally, given the SRoS publication
dates, a larger number of references are observed in the
most recent years, reflecting the growing interest in emotion
recognition research and the increasing adoption of artificial
intelligence (AI) techniques in the field.

In general, the SRoS authors provide extensive reviews
that typically categorize approaches based on the type of
method (e.g., ML-based, DL-based) and the modalities used,
documenting their application across different emotional
databases. They also discuss implementation approaches,
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FIGURE 1. Number of ERM papers referenced across the selected SRoS papers per year.

architectural decisions, and recent technological advances in
the field. A brief analysis of each of the 10 selected SRoS
papers is now presented.

Noroozi et al. [1] present a comprehensive survey examin-
ing the state-of-the-art in EBGR, demonstrating that EBGR
is a relatively unexplored domain within AffC in comparison
with FER. The authors present a detailed analysis of body
language as a form of non-verbal communication, discussing
its cultural and gender dependencies, as well as its importance
in transmitting emotions and thoughts during interactions.
The survey covers key technical aspects including human
detection, static and dynamic body pose estimation in both
RGB and 3D modalities, and feature extraction methods
for emotion recognition. While pre-processing technologies
like human detection and pose estimation have reached
maturity for robust large-scale analysis, the authors identify
significant challenges in the field, notably the scarcity of
labeled emotional gesture data and inconsistency in emotion
taxonomies across different databases.

The survey reveals that most current approaches rely
on basic geometrical features (such as joint coordinates,
distances, and orientations) and simple motion cues, with
limited exploration of DL approaches compared to other
domains of AffC. A key insight from the authors is that unlike
FER, which has achieved consensus around basic emotion
models and action units, emotional body gesture analysis
lacks such standardization in how emotions are labeled
and categorized. The authors also provide a comprehensive
review of publicly available databases for training automatic
recognition systems and discuss various applications of
EBGR technology. The work concludes by highlighting the
need for larger, high-quality databases and consistent emotion
taxonomies to advance the field toward more sophisticated
representations of affective body language.

Baffour et al. [44] provide a systematic survey of DL
algorithms for FER, focusing on the current state-of-
the-art architectures and their applications in AffC. The

authors highlight the importance of FER in human-computer
communication, noting that facial expressions transmit 55%
of emotional and mental states in face-to-face interactions.
The survey examines key technical aspects including DL
architectures for FER, with particular focus on CNNs, which
have shown dominance over other architectures like RNNs
and SVMs. The survey reviews major public databases
available for FER training and development, preprocessing
techniques, and various model architectures, comparing their
contributions, performance, and limitations.

A key finding is that while CNNs have achieved high
accuracy rates, challenges remain around computation power
requirements and the availability of large facial emotion
databases. The authors highlight an emerging trend toward
multimodal approaches that combine facial expressions with
other modalities like speech to improve overall emotion
recognition accuracy. The work concludes by identifying
open research challenges and future directions, particularly
emphasizing the need for larger databases and more sophis-
ticated approaches to handle continuous, spontaneous facial
expressions in real-world scenarios.

Canal et al. [45] presents a survey on FER techniques,
analyzing traditional and DL approaches in AffC. The
authors conduct a systematic review of 51 papers published
between 2006 and 2019, containing 94 distinct methods,
categorizing them into classical approaches (based on tradi-
tional computer vision and pattern recognition) and neural
network-based (NNB) methods. The authors find that while
classical approaches achieve marginally better recognition
precision in controlled settings, NNB methods offer greater
generalization capability when dealing with larger and more
varied databases.

The study also examines the complete FER pipeline,
including preprocessing techniques, feature extraction meth-
ods, and classification algorithms, with SVMs emerging as
the predominant classical classifier and CNNs dominating
the NNB category. The authors also evaluate popular FER
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databases, noting limitations in existing collections regarding
resolution, size, and demographic diversity. While highlight-
ing significant progress in the field, the survey indicates that
FER remains an unsolved challenge, particularly in uncon-
strained real-world environments, and suggests that future
research should focus on developing more comprehensive
databases and use the generalization capabilities of NNB
approaches.

Wang et al. [24] survey provides a broad review of
AffC, examining emotion models, databases, and recent
methodological advances in the field. The authors examine
both unimodal affect recognition approaches across textual,
audio, visual, and physiological modalities, as well as
multimodal affective analysis that combines multiple data
types, and categorizing methods into traditional ML-based
and modern DL-based approaches. For the visual modalities,
the authors include both FER and EBGR.While FER remains
the most studied approach, the survey emphasizes how body
gestures can provide emotional cues that are often more
reliably perceived than subtle facial changes, with EBGR
research analyzing both full-body movements and upper-
body gestures, including hand movements, head positioning,
and general posture. For EBGR specifically, traditional
approaches rely on hand-crafted features like statistical
analysis of body movement and gesture expressivity metrics,
while modern DL methods, particularly CNN-LSTM (long
short-term memory) architectures, can automatically learn
spatio-temporal features from body motion sequences.

Through analysis of over 380 research papers, the work
evaluates architectural designs and performance character-
istics, examining different fusion strategies for multimodal
systems including feature-level, decision-level, and hybrid
approaches. Key challenges identified include the limited
availability of large-scale naturalistic body gesture databases,
as most existing databases contain acted expressions captured
in controlled laboratory settings. The authors highlight the
need for more research on spontaneous (non-acted) body
expressions and their correlation with genuine emotional
states, alongside the development of more comprehensive
benchmark databases and better integration of multiple
modalities.

Xu et al. [46] survey examines the emerging field of
emotion recognition through gait analysis, emphasizing
its potential as a non-invasive and hard-to-imitate method
compared to traditional biometric approaches, like facial
expression or speech analysis. The authors review how
different emotional states manifest in distinctive gait patterns
and walking characteristics, presenting evidence that gait can
serve as a viable biometric modality for emotion detection.
The survey details various approaches to gait-based emotion
recognition, including data collection methodologies, prepro-
cessing techniques, and classification methods. Of particular
interest are the body-based emotion recognition approaches
discussed, such as the effort-shape method which evaluates
qualitative movement factors including space, time, energy,
and flow, along with body shape parameters.

The research demonstrates that specific emotions correlate
with distinct movement patterns. For instance, sad gaits
typically exhibit contracted torso shape and slower move-
ments, while angry gaits show expanded limb shape and
more forceful energy. The authors also explore how various
emotions affect spatio-temporal gait parameters such as
stride length, walking speed, and arm swing amplitude. The
survey identifies several advantages of gait-based emotion
recognition over traditional methods like facial or speech
analysis, including the ability to perform remote observation
and reduced susceptibility to conscious manipulation. Look-
ing forward, the authors suggest future research directions
including implementation of advanced DL techniques, cre-
ation of large-scale databases, and development of real-time
emotion prediction systems.

Ezzameli and Mahersia [47] survey examines emo-
tion recognition across various modalities, including facial
expressions, body gestures, speech, text, and physiological
signals, reviewing both traditional ML methods and modern
DL architectures. Body gestures are presented as valuable
for emotion detection since gross body motions are typically
unconscious and therefore not subject to social editing,
unlike some other modalities. The authors analyze how body
movements, postures, and gestures contribute to emotional
expression, while reviewing the evolution of methodologies
in this domain from traditional approaches to DL methods.
The survey discusses how body gesture-based emotion
recognition generally involves four stages: detecting humans
in the input data, estimating their poses, extracting relevant
features, and recognizing the emotions conveyed by the
gestures. The authors examine various DL architectures
that can capture the characteristics of body movements for
emotion recognition.

In multimodal systems, the authors demonstrate that com-
bining different modalities can improve overall recognition
accuracy. Body gesture databases like FABO, GEMEP,
and HUMAINE, which provide valuable resources for
developing and evaluating emotion recognition systems
are also reviewed. The authors discuss the development
of emotion recognition techniques in this domain, from
traditional ML approaches using KNN, decision trees and
SVM to more recent DL methods. Current methodological
trends show increasing adoption of DL approaches and
attention mechanisms for processing body movement data,
with particular focus on capturing temporal relationships in
gesture sequences. The work identifies future research oppor-
tunities, particularly in developing more robust body-based
features and improving fusion with other modalities, while
acknowledging the challenges of collecting and annotating
body gesture data for emotion recognition.

Leong et al. [3] review examines recent advancements in
FER and EBGR within AffC, analyzing 30 selected papers
published between 2012 and 2022. The study investigates
the relationship between visual features and emotion models,
finding that facial expressions can identify more distinct
emotions compared to body gestures. The research reveals

VOLUME 13, 2025 192875



P. J. Vaz et al.: AffC Emotional Body Gesture Recognition: Evolution and the Cream of the Crop

that the seven basic emotions model is predominantly used
for FER, while four-emotion classification is common for
EBGR. Interestingly, the survey does not explicitly specify
which four emotions comprise this model. However, analysis
of the cited papers that use the four emotionmodel ([48], [49],
[50], [51]) suggests that it consists of happy, sad, angry, and
neutral emotions.

The review highlights that body gesture recognition
typically involves a four-stage process: human detection, pose
estimation, feature extraction, and emotion classification.
For body gesture analysis, graph convolutional network
(GCN) and temporal-based approaches have emerged as
particularly effective, especially when dealing with skeletal
data sequences. The analysis shows that despite the growing
sophistication of FER, EBGR remains a less explored but
promising field, with significant potential for improvement in
detecting a broader range of emotions. The review identifies
a notable research gap in body gesture studies, as only
8 of the 30 analyzed papers focused on EBGR, suggesting
an important area for future research while acknowledging
the complementary role of FER in comprehensive emotion
recognition systems.

Geetha et al. [4] survey examines recent advancements
in Multimodal Emotion Recognition using DL, providing
a systematic analysis of the field’s theoretical foundations,
methodologies, and applications. The authors present an
in-depth review of emotion theories, DL architectures, and
fusion strategies used in MMER systems, categorizing
approaches into simple, sequential, contextual, and graph-
based methodologies. The survey extensively covers pre-
processing techniques, feature extraction methods, and
fusion mechanisms across different modalities including
facial, audio, textual, and physiological data. It analyzes
various benchmark databases and evaluation metrics while
highlighting key challenges such as heterogeneous modality
integration, limited annotated data availability, and real-time
processing constraints. The review also addresses important
considerations for responsible AI development in MMER
systems, including fairness, privacy, and transparency. Fur-
thermore, it explores diverse applications across health-
care, security, education, and human-computer interaction
domains. The authors identify as a future direction the need
for continued advancement in multimodal approaches to
enhance the accuracy and robustness of emotion recognition
systems.

Udahemuka et al. [10] survey examines MMER systems,
using DL, that include body gesture and movement-based
recognition alongside visual/facial, vocal, and physiological
signals. The review acknowledges how EBGR, which
analyzes postural changes, gestures, and full-body motion
patterns, offers unique advantages in detecting emotional
states from distance and multiple viewing angles. While
the survey primarily focuses on facial and multimodal
approaches, it also presents EBGR methods, including an
implementation by Santhoshkumar et al. [51] that reported

a 95.4% accuracy on the GEMEP database, using CNNs on
video data.

The authors note that while facial expressions have
traditionally dominated emotion recognition research, body
movement analysis provides complementary information
that is especially valuable in scenarios where facial data
may be unclear or unavailable. The survey examines the
integration of EBGR with other modalities, including the
challenges in synchronizing body movement data with facial
expressions, voice, and physiological signals. The authors
conclude that while multimodal approaches show promise,
several challenges remain, including the need for larger
databases of naturalistic body expressions, better handling
of occlusions and viewpoint variations in body movement
analysis, and more robust fusion strategies for combining
body-based features with other modalities, while maintaining
robustness across diverse contexts and cultural variations.

Kalateh et al. [13] review analyzes MMER between
2014 and 2024, with body gestures andmovements represent-
ing one of several modalities alongside facial expressions,
physiological signals, and speech. Regarding EBGR specif-
ically, the review discusses how emotions can be conveyed
through body language, including posture, gestures, and
movements. The review identifies that body movement
analysis may require specialized equipment and expertise in
motion capture and biomechanics, presenting both challenges
and opportunities for emotion detection. While maintaining
comprehensive coverage of other modalities, the review
highlights how body gesture recognition systems face
particular challenges in capturing movements and complex
gestures in real-time applications. Further, the authors
note integration challenges when combining body-based
approaches with other modalities, acknowledging technical
challenges in areas like feature extraction, fusion techniques,
and real-world implementation of body gesture analysis
systems.

Taking into account the previous summaries, the following
partial conclusions can be made regarding the selected SRoS
papers. The reviewed literature shows a clear evolution from
traditional ML to DL architectures, with an increasing trend
toward multimodal approaches. EBGR, while less explored
than FER, is gaining attention for its ability to provide
robust emotional cues. A key challenge remains the limited
availability of large-scale naturalistic databases, particularly
for body-based approaches, which impacts the development
of new DL methodologies. In the next section, the ERMs
presented in the selected SRoS papers are analyzed and
discussed.

III. EMOTION RECOGNITION METHODS
For the analysis of ERMs, the categorization into ML-based,
DL-based, and hybrid (ML+DL) approaches was primarily
extracted from the systematic data presented in the analyzed
SRoS papers. Where categorization was not explicit, it was
inferred from the architectural descriptions in the SRoS
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TABLE 1. Summary of selected SRoS ERM papers per model architecture.

or consulted the original referenced papers. Papers using
traditional ML algorithms (e.g., SVM or Random Forests)
were classified asML-based, those using neural networks and
DL architectures as DL-based, and approaches combining
both as hybrid. For papers referenced across multiple
SRoS, categorization consistency was verified, resolving any
discrepancies through examination of the original papers.
As a note, from the universe of 292 ERMpapers, only 17were
referenced in more than one SRoS, with 15 referenced only in
two different SRoS, and the remaining 2 referenced in three
SRoS.

The analysis of emotion recognition methods across the
selected SRoS reveals distinct trends in methodological evo-
lution and modality distribution over time. As summarized
in Table 1 and depicted in Fig. 2 (top left), there is a clear
three-phase progression in methodological approaches: i) an
ML-dominated phase from 2002 to 2014 with 84.3% of
papers using traditional ML methods; ii) a transition phase
from 2015 to 2017 marked by the emergence of hybrid
approaches and increasing DL adoption, where DL methods
grew from 15.7% (between 2002 and 2014) to 33.9% of pub-
lications; and iii) a DL-dominated phase from 2018 onwards
where DL-based methods constitute 75.9% of all approaches.
During this evolution, DL architectures progressed from
basic CNNs to sophisticated temporal models incorporating
attention mechanisms, with DL implementations increasing
from 3 papers in 2013 to 31 papers in 2020, while traditional
ML approaches maintained relevance in specific applications
where computational efficiency is a key factor.

The distribution across modalities, see Fig. 2 (bottom left)
and Table 2, shows distinct temporal patterns. FER dominated
early research from 2002 to 2018, representing 64.1% of
all papers. MMER approaches gained significant traction
from 2019 onwards, growing from 6.3% of publications
in 2018 to 27.0% by 2019. This evolution reflects both

technological advancement and increasing recognition of
the benefits of multimodal approaches. From the 292 ERM
papers referenced in the selected SRoS, 50.3% are about
FER, 28.2% about MMER, 15.1% about SER, and only 6.4%
of the publications focus on EBGR. While EBGR shows
steady but slower growth from 2016 onwards, SERmaintains
a consistent presence throughout the period, with a peak of
21.9% annual publications in 2018.

Regarding the databases used across different method-
ological approaches, Fig. 2 (top right and bottom right)
presents the top 20 most referenced databases from a total of
127 databases identified in the analyzed SRoS papers. CK+
emerges as the most utilized database with 39 references,
followed by JAFFE with 33 references, both of which
are typically used in FER approaches. Also of notice is
the high usage of proprietary databases, with a total of
38 references. The distribution of methods across databases
(Fig. 2, top right) reveals that newer databases tend to be
predominantly associated with DL-based approaches, while
established databases show a more balanced distribution of
methodologies. Table 2 further details this distribution across
modalities.

The temporal evolution of the top 20 most utilized
databases as seen in Fig. 3 shows distinct patterns, with
some databases maintaining consistent usage throughout
the analyzed period while others show more concentrated
temporal adoption. Notable trends include the sustained use
of established databases like CK+ and JAFFE, contrasting
with the emergence of newer databases commonly associated
with DL approaches, such as FER2013 and RaFD, all of
which are typically used in FER context.

In the specific context of EBGR, the detailed analysis
presented in Table 3 reveals significant patterns in the
evolution of body-based emotion recognition methods. Early
works from 2005 to 2018 primarily utilized traditional ML
methods such as Decision Trees, k-Nearest Neighbors (kNN),
and SVM approaches with handcrafted features. A notable
transition period emerges around 2018, where initial DL
implementations appear, though often still combined with
traditional feature extraction methods. From 2019 onwards,
there is a clear dominance of pure DL approaches, with
increasing architectural complexity.

The architectural evolution of these methods follows a
distinct progression pattern. Early implementations focused
on ML and basic classifiers, primarily processing geometric
features and motion parameters. The transition period
after 2018 saw the introduction of basic neural networks
and early CNN implementations. Modern approaches from
2019 onward use sophisticated architectures including spe-
cialized CNNs, GCNs, and transformer-based approaches,
with increasing emphasis on temporal modeling capabilities.

Database usage patterns in EBGR research, as illustrated
in Fig. 4, show notable trends, with early research predomi-
nantly relying on proprietary databases, reflecting the limited
availability of standardized body-gesture databases at the
time. From 2018 onwards, there is a shift towards specialized
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TABLE 2. Summary of selected SRoS ERM papers per modality.

databases like GEMEP and FABO, designed specifically
for emotional body and gesture movement analysis. Recent
studies from 2021 to 2023 demonstrate increased use
of multi-purpose databases like IEMOCAP and CREMA-
D, particularly in the context of multimodal approaches,
suggesting a trend toward more sophisticated emotion
recognition systems. To be clear, the databases shown in
Fig. 4 are extensive, and represent all EBGR databases,
including database aggregations (like YORK; GEMEP) that
were referenced from the ERM papers extracted from the
original SRoS papers.

In summary, recent implementations demonstrate signif-
icant methodological sophistication through the integration
of attention mechanisms for improved feature selection,
adoption of graph-based representations for skeletal data,
and implementation of advanced spatial-temporal modeling
techniques. There is also an increased focus on real-time
processing capabilities, reflecting the growing emphasis on
practical applications of EBGR systems.

IV. DISCUSSION
The systematic analysis that was conducted reveals several
fundamental implications about the field’s trajectory and
future challenges in emotion recognition methodologies.
The temporal evolution documented in Table 3, com-
bined with the shifting modality preferences illustrated in

Fig. 2, demonstrates a fundamental transformation in how
researchers conceptualize and approach emotion recognition.
This progression reflects not merely technological advance-
ment but a deeper understanding of emotion as a complex
spatial-temporal phenomenon requiring sophisticated model-
ing approaches.

The analysis uncovers three interrelated challenges that
characterize the current state of the field: i) the computational
demands of modern architectures present practical con-
straints, particularly as the field moves toward transformer-
based implementations, as documented in Table 3. Fur-
ther, Hazmoune and Bougamouza [337] review highlights
transformers’ growing dominance in emotion recognition,
with innovations like skeleton-based emotion transformers
demonstrating their effectiveness [338].While these architec-
tures excel at temporal modeling and multimodal integration,
their substantial computational requirements may impede
deployment in resource-constrained environments; ii) despite
the apparent variety of databases shown in Fig. 2, persistent
data challenges remain, as previously discussed in Vaz et
al. [43]. The temporal patterns revealed in Fig. 3 indicate
significant gaps in comprehensive database availability,
particularly critical for skeleton-based approaches requiring
specialized motion data; and iii) cross-database general-
ization emerges as a fundamental concern, with current
methodological distributions across modalities suggesting
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FIGURE 2. Number of ERM papers referenced in selected surveys: per year and method type (top left), per database
and method type (top right), per modality and year (bottom left), and per database and modality (bottom right).

excessive dependence on database-specific characteristics
rather than universal aspects of emotional expression.

The increasing adoption of multimodal approaches
presents both opportunities and challenges for the field’s
development. While multimodal integration offers potential
for more robust recognition, as evidenced by the growing
proportion of MMER studies (see Fig. 2), it introduces
complexities in temporal alignment and computational
optimization. Additionally, the methodological progression,
documented in Table 1, suggests an emerging recognition
of the need to balance sophisticated modeling capabilities
with practical implementation constraints. This balance may

be achieved through hybrid approaches that combine the
computational efficiency of traditional methods with the
modeling power of modern DL architectures.

Furthermore, the implications go beyond technical aspects,
reaching broader application domains. As emotion recog-
nition systems are employed in sensitive fields such as
healthcare and human-computer interaction, the demand
for interpretable and reliable systems becomes essential.
The methodological evolution documented in this analysis
highlights that future developments must prioritize both
performance and practical applicability. Our findings suggest
that the next phase of development will likely focus on
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FIGURE 3. Number of ERM papers referenced in selected surveys per database and year.

FIGURE 4. Number of body-based ERM papers referenced in selected surveys per database and year.

bridging theoretical capabilities with practical implemen-
tation needs, requiring not just technical innovation, but
thoughtful consideration of real-world constraints, ethical
implications, and end-user needs, as suggested by the
evolving patterns observed across our analyzed data.

Based on our discussion, the following recommendations
can be made to address the challenges and future directions of
emotion recognition methodologies, particularly in the con-
text of body-based emotion recognition: i) Development of
efficient DL models – Transformer-based and other advanced
architectures, while effective, require high computational
resources. Researchers should focus on optimizing models to

reduce computational costs while maintaining high accuracy,
ensuring real-world applicability, especially in resource-
constrained environments. ii) Creation of large-scale and
diverse databases – To address the critical need for
large-scale and diverse databases, in body-based emotion
recognition, collaborative initiatives could leverage synthetic
data generation to systematically expand database coverage,
ensuring cultural, ethnical, and contextual diversity. By inte-
grating models to map body language features (e.g., posture,
gait, or gesture kinematics) to emotional states, researchers
can automate labeling and maintain consistency across
databases. Synthetic environments (e.g., Unity or Blender)
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TABLE 3. Detailed analysis of body-based emotion recognition studies.

combined with generative models (e.g., GANs or VAEs) can
also, potentially, simulate diverse human avatars perform-
ing emotion-specific movements. Active learning pipelines
could then prioritize ambiguous or rare cases for human
annotation. This hybrid approach—merging synthetic data
with curated real-world examples—would enable the creation
of standardized, open-access databases that capture nuanced
emotional expressions while mitigating privacy concerns and
biases. iii) Enhancement of multimodal fusion strategies
– While multimodal approaches integrating facial, speech,
and body-based emotion recognition improve performance,
better fusion mechanisms are needed to handle varying
data availability and ensure robust emotion detection under
different conditions. I.e., adaptive fusion architectures (e.g.,
hierarchical transformers [185], [339]) could dynamically
weight modalities based on contextual reliability (e.g.,
prioritizing body gestures in low-light settings where facial
cues are obscured) while integrating domain-specific knowl-
edge to resolve ambiguities. iv) Addressing cross-database
generalization challenges – Current models often rely on

database-specific characteristics, limiting their applicability
across diverse real-world scenarios. Future research should
focus on improving domain adaptation and transfer learning
techniques to enhance cross-database performance. v) Con-
sideration of ethical and interpretability issues – Emotion
recognition systems, especially those used in healthcare,
cultural studies, ethnical research etc., must ensure fairness,
transparency, and user privacy. Researchers should develop
interpretable AI models and establish ethical guidelines
for responsible deployment. vi) Real-time implementation
and latency reduction – Many emotion recognition sys-
tems, particularly those used in interactive environments,
require real-time processing. Researchers should prioritize
the development of low-latency models that maintain accu-
racy while ensuring minimal processing delays. E.g., this
can be achieved through model optimization techniques
(such as quantization, pruning, or distillation) to reduce
computational complexity, alongside edge computing frame-
works that deploy lightweight models directly on IoT or
wearable devices. Hybrid pipelines might offload feature
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extraction to edge devices and perform fusion on cloud
servers, balancing latency and accuracy. vii) Exploration of
novel feature extraction techniques – Emotion recognition
performance can be improved by leveraging more effective
feature extraction methods, such as attention mechanisms,
spatio-temporal representations, and graph-based approaches
for skeletal motion analysis. viii) Cross-cultural, ethnical,
and demographic considerations – Emotional expressions
vary across cultures, ethnicities, and demographics. Future
research should ensure that models are trained on diverse
databases to enhance robustness and fairness across different
populations. ix) Standardization of evaluation metrics and
benchmarks – A lack of consistency in evaluation metrics
makes it difficult to compare results across studies. The
field would benefit from the establishment of standardized
benchmarks and performance evaluation protocols.

By addressing these recommendations, the EBGR field
can progress toward more accurate, efficient, and ethically
responsible systems.

V. CONCLUSION
This study conducted an analysis of SRoS papers on
emotion recognition methods published between 2021 and
2024, focusing particularly on emotional body gesture
recognition. Through systematic examination, an expected
clear progression from traditional ML to sophisticated DL
architectures was revealed, with recent work emphasizing
transformer-based models and attention mechanisms. This
evolution reflects a growing understanding of emotion recog-
nition as a complex temporal-spatial phenomenon requiring
sophisticated modeling approaches.

The analysis has identified several critical constraints cur-
rently facing the field. Database availability remains a critical
constraint, particularly for body-based approaches requiring
specialized motion data. The computational requirements
of modern architectures present implementation challenges
in resource-constrained environments, while cross-database
generalization remains problematic.

These challenges suggest important directions for future
research, including the development of efficient architectures
that balance sophistication with practical implementation,
creation of large body-based emotional databases, and
investigation of robust fusion strategies for multimodal
approaches. The integration of real-time processing capabil-
ities in multimodal systems, coupled with the establishment
of robust ethical guidelines for emotion recognition deploy-
ment, will be essential for the field’s continued develop-
ment. Additionally, the investigation of privacy-preserving
techniques and culturally adaptive recognition systems has
become important as these systems move toward real-world
deployment.

In summary, the AffC field shows particularly promising
directions in emotional body gesture recognition and mul-
timodal approaches, though significant challenges remain.
Success in addressing these challenges will require not
just technical innovation, but thoughtful consideration of

real-world constraints, ethical implications, and end-user
needs in diverse application contexts. Furthermore, the
advancement of emotion recognition systems must prioritize
both performance and practical applicability, ensuring broad
accessibility across diverse real-world scenarios.
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