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Abstract 
 

____________________________________________________________ 

Facial Emotion Recognition (FER) has become an essential component of 

affective computing, human–computer interaction, healthcare, adaptive 

education, and assistive technologies. This systematic literature review 

synthesizes recent advances in multimodal emotion recognition in the wild by 

examining the integration of facial expressions, speech, physiological signals, 

deep learning architectures, and deployment technologies for robust context-

aware FER systems. Following the PRISMA protocol, literature was retrieved 

from Scopus using FER-related deep learning keywords, yielding 202 initial 

records and 61 eligible studies for qualitative synthesis and methodological 

analysis. The findings indicate a clear transition from handcrafted features to 

deep learning approaches, particularly convolutional neural networks, transfer 

learning, hybrid architectures, attention mechanisms, and bio-inspired 

optimization techniques. Human–computer interaction remains the dominant 

application area, while healthcare, autism screening, education, assistive 

technologies, mining safety, and smart services are emerging research domains. 

Multimodal fusion combining facial images, speech, EEG, wearable sensors, 

and audio-visual signals has significantly improved contextual understanding 

and system robustness compared with unimodal approaches. Nevertheless, 

important challenges remain, including limited generalization in uncontrolled 

environments, dataset imbalance, cultural variability, micro-expression 

recognition, computational complexity, real-time implementation, and 

explainability. Future research should emphasize lightweight multimodal 

models, cross-cultural datasets, explainable AI, privacy-preserving learning, and 

comprehensive real-world validation. 
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INTRODUCTION 

 Emotion recognition has become a rapidly growing research area in affective computing, 

artificial intelligence, computer vision, and human–computer interaction because it enables intelligent 

systems to identify and respond to human emotional states. Facial emotion recognition (FER) remains 

one of the most widely studied approaches because facial expressions provide rich visual cues for 

understanding emotions, intentions, and nonverbal communication. FER has been applied in 

healthcare, education, intelligent transportation, assistive technology, customer service, and human–

robot interaction, where emotion-aware systems can improve personalization, safety, interaction 

quality, and decision-making (Akhand et al., 2021; Khan, 2022; Talaat, 2023). 

The growth of this field is evident in the present systematic review, which identified 202 initial 

records from Scopus and retained 61 eligible studies for final synthesis. The publication trend shows 

a clear increase after 2020, with the highest number of reviewed studies appearing in 2023. Keyword 

analysis also indicates the dominance of deep learning-based approaches, with “Deep Learning,” 

“Emotion Recognition,” and “Facial Emotion Recognition” appearing as the most frequent terms. 

These patterns confirm that FER has evolved from conventional facial analysis into a mature research 

domain driven by CNNs, transfer learning, Vision Transformers, hybrid architectures, and context-

aware intelligent systems. 

Despite this progress, facial-only emotion recognition still faces major limitations in real-world 

environments. Facial expressions can be affected by illumination changes, pose variations, occlusions, 

low image quality, facial masks, spontaneous expressions, and cultural differences in emotional 

display (Khan, 2022; Mukhiddinov et al., 2023; Hongwei et al., 2025). These limitations reduce model 

generalization when systems are deployed outside controlled laboratory conditions. Therefore, high 

accuracy on benchmark datasets such as FER2013, CK+, JAFFE, KDEF, and RAF-DB does not 

always guarantee reliable performance in unconstrained settings. 

Multimodal emotion recognition (MER) has emerged as a promising solution to these 

limitations by combining facial expressions with complementary signals such as speech, EEG, ECG, 

wearable sensors, gaze, posture, and audio-visual cues. Speech provides affective information through 

pitch, tone, rhythm, and intensity, while EEG captures neurophysiological responses that are less 

dependent on facial visibility. ECG and wearable sensor data reflect autonomic arousal and can 

support continuous emotion monitoring in healthcare, education, and safety-related applications. By 

integrating visual, vocal, and physiological cues, MER can compensate for the weaknesses of facial-

only systems and produce more robust emotional representations (Hassouneh et al., 2020; Gupta et 

al., 2022; Xavier & John, 2025). Recent studies also show that emotion recognition research is moving 

toward three important directions. First, multimodal fusion strategies are increasingly used to combine 

visual, auditory, and physiological features through early fusion, feature-level fusion, decision-level 

fusion, attention-based fusion, and hybrid fusion. Second, emerging technologies such as IoT, 

wearable devices, smart glasses, fog computing, and edge computing are expanding FER and MER 

into real-time and context-aware applications (Talaat, 2023; Mukhiddinov et al., 2023; Yalcin & 

Alisawi, 2026). Third, recent models increasingly integrate CNNs, transformers, transfer learning, 

attention mechanisms, recurrent networks, and optimization techniques to improve robustness, 

generalization, and computational efficiency. 

Several previous reviews have examined FER from the perspectives of CNN architectures, 

benchmark datasets, transfer learning, handcrafted versus deep features, and classification 

performance (Akhand et al., 2021; Alsharekh, 2022; Khan, 2022; Tsalera et al., 2022). However, these 

reviews remain limited in three aspects. First, they focus mainly on facial-image-based emotion 

recognition and provide limited synthesis of speech, EEG, ECG, wearable, and audio-visual 

modalities. Second, they do not sufficiently explain how different fusion strategies influence 

recognition performance across application contexts. Third, they give limited attention to real-world 

deployment challenges, including missing modalities, environmental noise, computational 
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constraints, privacy, and ethical issues. A comparative table of previous reviews is presented in Section 

2 to clarify these limitations and position the contribution of the present study. 

To address these gaps, this study presents a systematic literature review of multimodal emotion 

recognition in the wild, focusing on the integration of facial expressions, speech signals, and 

physiological data for context-aware applications. The novelty of this review lies in its proposed 

modality–fusion–deployment taxonomy, which links five analytical dimensions: input modality, 

fusion mechanism, deep learning architecture, application domain, and real-world deployment 

constraint. Unlike previous reviews that mainly classify studies by model type or dataset, this review 

explains how modalities are combined, how fusion strategies are applied, where systems are deployed, 

and what challenges remain unresolved in real-world environments. 

This review makes three main contributions. First, it profiles recent FER and MER research by 

analyzing publication trends, keywords, geographical distributions, datasets, methods, and 

application domains. Second, it develops a thematic taxonomy of multimodal emotion recognition 

covering modality configurations, fusion strategies, and deep learning architectures. Third, it identifies 

unresolved challenges and future research directions related to robustness, multimodal 

synchronization, missing modality handling, cross-dataset generalization, lightweight deployment, 

interpretability, privacy, and real-world validation. 

 

METHODOLOGY 

This study employed a Systematic Literature Review (SLR) approach following the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines proposed by 

Moher et al. (2009). PRISMA was adopted because it provides a transparent and systematic 

framework for identifying, screening, assessing, and reporting literature in a review study, thereby 

improving methodological clarity, consistency, and reproducibility (Panic et al., 2013; Siddaway et 

al., 2019; ter Huurne et al., 2017). The review was conducted using a predefined internal protocol that 

specified the review objectives, research questions, search source, search terms, eligibility criteria, 

screening procedure, data extraction items, and synthesis strategy. The protocol was not prospectively 

registered in PROSPERO, OSF, or another public review registry because this study was conducted 

as an independent academic literature review. The literature search, screening, eligibility assessment, 

data extraction, and synthesis were conducted in June 2026. The complete PRISMA workflow 

adopted in this study is presented in Figure 1, which illustrates the sequential stages of identification, 

screening, eligibility assessment, and final inclusion of relevant studies. 
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Figure 1. PRISMA Statement 

 

 The review process began with the identification stage, during which a comprehensive literature 

search was conducted in the Scopus database. Scopus was selected as the primary source because of its 

extensive multidisciplinary coverage, rigorous indexing standards, comprehensive metadata, and reduced 

likelihood of duplicate records compared with alternative databases (Lasda Bergman, 2012; Rocha et al., 

2020). Furthermore, Scopus provides higher-quality scholarly records and minimizes the inclusion of non-

peer-reviewed or predatory publications, which are often encountered in broader search engines such as 

Google Scholar (Hariningsih et al., 2024). To ensure comprehensive retrieval of relevant studies, several 

keyword combinations were employed, including “Facial Emotion Recognition deep learning,” “Hybrid 

deep learning Facial Emotion Recognition,” “deep learning facial emotion recognition,” and “Facial 

Emotion Recognition using Convolutional Neural Networks.” This initial search yielded 202 records. 

Following identification, duplicate and irrelevant records were removed to improve the quality of 

the dataset. A total of 84 duplicate articles were excluded, while 19 records were removed because they did 

not satisfy the predefined journal quality criteria, including publication tier requirements (Q1–Q4 indexed 

journals). No articles were excluded based on publication year or missing abstracts, as all retrieved records 

satisfied the specified publication period (2016–2026) and contained sufficient bibliographic information. 

After this initial filtering process, 99 records remained for further evaluation. 

The screening stage involved a detailed review of titles, abstracts, and metadata to assess their 

relevance to the research objectives. During this phase, one article was excluded because it did not meet 

the inclusion criteria established for this review. Consequently, 98 studies proceeded to the document 

retrieval stage. However, 35 articles could not be accessed in full text despite extensive retrieval efforts. As 
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a result, 63 full-text articles were successfully obtained and advanced to the next phase for comprehensive 

evaluation. 

The eligibility stage involved a full-text review of 63 articles. Each was assessed for relevance 

to facial and multimodal emotion recognition, deep learning methods, datasets, application domains, 

modality configuration, methodological clarity, and contribution to the research questions. Two 

articles were excluded for lacking sufficient focus on multimodal or deep-learning-based emotion 

recognition. In total, 61 studies met all criteria and were included for qualitative synthesis. 

To enhance reliability, a basic quality appraisal was conducted using a predefined checklist 

covering five aspects: (1) clarity of research objective; (2) relevance to facial or multimodal emotion 

recognition; (3) clarity of dataset or data source; (4) clarity of method or model; and (5) availability of 

findings, limitations, or future directions. Each criterion was scored as 1 if adequately reported and 0 

if unclear. Studies with low relevance or unclear methods were excluded or given lower priority. This 

appraisal supported consistency rather than statistical meta-analysis. 

Screening, eligibility assessment, and data extraction were conducted systematically using the 

predefined criteria and checklist. Records were repeatedly checked against inclusion and exclusion 

criteria, and exclusion reasons were documented following PRISMA guidelines. Cohen’s Kappa was 

not calculated, as no separate inter-rater agreement test was performed. Reliability was maintained 

through repeated checks of titles, abstracts, full texts, extracted data, and the final study list. 

Data extraction used a structured form capturing author(s), publication year, country, research 

context, application domain, focus, method, dataset, modality, model architecture, fusion strategy, 

novelty, limitation, future direction, citation count, and journal suitability. The data were organized 

thematically for descriptive profiling and qualitative synthesis, focusing on trends, geographical 

distribution, keywords, methods, datasets, modalities, fusion strategies, emerging technologies, 

robustness, and research gaps. 

Due to heterogeneity in datasets, models, modalities, applications, and metrics, no statistical 

meta-analysis was conducted. Instead, descriptive and thematic synthesis was used to identify 

patterns, trends, relationships, challenges, and future directions, including links among facial 

expressions, speech, physiological data, deep learning models, multimodal fusion, and real-world 

applications. 

 

 RESULTS AND ANALYSIS 

 This section presents the findings obtained from the systematic review of 61 eligible studies 

selected through the PRISMA framework. The analysis is structured according to the research 

objectives and research questions outlined in Section 4.1, focusing on publication trends, geographical 

distribution, methodological developments, application domains, technological integration, 

robustness strategies, and future research opportunities in multimodal emotion recognition. 

Specifically, the discussion of publication trends and geographical distribution addresses the research 

question on research profiling, while the analysis of methodological developments, technological 

integration, and robustness strategies responds to questions concerning model evolution, multimodal 

configurations, and system reliability. The examination of application domains explains how emotion 

recognition has been applied across different practical contexts, whereas the discussion of future 

research opportunities identifies unresolved challenges and potential directions for further 

development. The synthesis is supported by Figure 2 and Tables 3–8, which collectively illustrate the 

evolution of the field from conventional facial expression recognition (FER) toward context-aware 

multimodal emotion recognition systems (Alharbi et al., 2024; Alshahrani et al., 2024; Alshahrani et 

al., 2023). 

A prominent finding across the reviewed literature is the substantial shift in research priorities 

over the last decade. Earlier studies predominantly focused on facial feature extraction, handcrafted 

descriptors, and classification accuracy using conventional machine learning and deep learning 

techniques. More recent studies increasingly emphasize multimodal fusion, transfer learning, 



 

Journal of Data Insights  e-ISSN: 2988 - 2109  Vol.4 (1) (June 2026)  

202 

explainable artificial intelligence (XAI), wearable sensing technologies, edge computing, and 

healthcare-oriented applications. This shift corresponds to the research questions that examine how 

methodological and technological developments support the transition from facial-only recognition to 

multimodal emotion recognition. It is particularly evident in studies integrating facial expressions with 

speech, physiological signals, EEG recordings, and contextual information to improve recognition 

performance in real-world environments (Alharbi et al., 2024; Alshahrani et al., 2024; Alshahrani et 

al., 2023; Alsubaie et al., 2024). Such developments are consistent with the broader evolution of 

affective computing, where emotions are increasingly understood as multimodal phenomena 

requiring contextual interpretation rather than solely visual analysis. 

 

Analysis of Publication Trends and Scientific Growth 

Understanding publication trends is essential for identifying the growth trajectory and 

scientific momentum of emotion recognition research. The temporal distribution of publications 

provides insight into how scholarly interest has evolved and highlights periods of accelerated 

development. Figure 2 presents the annual publication trend of the reviewed studies. 

 

Figure 2. Annual publication trend of emotion recognition studies 

 

As illustrated in Figure 2, publication activity increased significantly after 2020, with the highest 

concentration of studies appearing between 2022 and 2024. This trend reflects the growing importance 

of emotion recognition within the broader artificial intelligence ecosystem and aligns with the 

increasing demand for human-centered AI applications. The reviewed corpus shows a notable rise in 

studies addressing healthcare monitoring, autism support systems, multimodal learning, and 

intelligent interaction technologies during this period (Alharbi et al., 2024; Alsubaie et al., 2024; 

Alshahrani et al., 2023). 

Several factors appear to have contributed to this growth. First, advances in deep learning 

architectures, including convolutional neural networks (CNNs), transformer-based models, and 

hybrid architectures, have substantially improved recognition performance under challenging 

conditions. Second, the expansion of remote learning, telemedicine, and intelligent monitoring 

systems has increased demand for automated emotion analysis technologies. Third, the availability of 

publicly accessible datasets and transfer learning frameworks has facilitated experimentation and 

benchmarking across diverse application domains (Alshahrani et al., 2024; Alharbi et al., 2024). 
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The publication trend also reveals a transition from laboratory-controlled FER systems toward 

real-world affective intelligence applications. Earlier studies primarily relied on benchmark datasets 

collected under controlled conditions. In contrast, recent studies increasingly investigate emotion 

recognition under unconstrained environments characterized by illumination variations, pose 

changes, facial occlusions, spontaneous expressions, and demographic diversity. This evolution is 

reflected in the growing adoption of transfer learning, domain adaptation, multimodal fusion, and 

context-aware learning strategies identified throughout the reviewed studies (Alshahrani et al., 2024; 

Alsubaie et al., 2024). 

Furthermore, highly cited studies within the reviewed corpus frequently address multimodal 

integration, cross-domain generalization, healthcare applications, and context-aware emotion 

recognition. This observation suggests that the research community increasingly values solutions 

capable of addressing practical deployment challenges rather than merely improving benchmark 

accuracy. Consequently, future developments are expected to be driven by contextual intelligence, 

multimodal reasoning, and real-world applicability (Alharbi et al., 2024; Alshahrani et al., 2023). 

 
Analysis of Geographic Distribution and Global Research Landscape 

The geographical distribution of publications provides insight into the global development of 

emotion recognition research and highlights regional differences in research priorities. Understanding 

where research activities are concentrated helps reveal patterns of scientific investment, collaboration, 

and application focus. Figure 3 summarizes the country-level distribution of the reviewed studies. 

 

Figure 3. Geographic distribution of reviewed studies and regional research characteristics.  

As shown in figure 3, emotion recognition research has become a highly international field, 

with substantial contributions originating from Asia, Europe, North America, and the Middle East. 

The reviewed studies demonstrate that research activity is no longer concentrated within a limited 

number of countries but has expanded globally due to the increasing accessibility of AI technologies, 

open-source frameworks, and cloud-based computational resources (Alharbi et al., 2024; Alshahrani 

et al., 2024). 

India and China emerge as major contributors within the reviewed literature. Their strong 

publication output reflects increasing investments in artificial intelligence, expanding research 

infrastructure, and growing interest in human-centered computing applications. Studies from these 
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countries frequently investigate deep learning optimization, healthcare monitoring, educational 

technologies, and multimodal emotion recognition systems. Similar patterns are evident in the 

reviewed studies focusing on intelligent healthcare systems and multimodal affective computing 

frameworks (Alsubaie et al., 2024; Alshahrani et al., 2023). 

Although developing countries contribute a considerable number of publications, studies 

originating from developed countries often exhibit higher citation impact and broader international 

collaboration. This difference may be associated with stronger research funding mechanisms, access 

to advanced computational resources, and participation in global research networks. Nevertheless, 

contributions from emerging economies are becoming increasingly influential, particularly in 

healthcare-oriented and socially impactful applications such as autism support and mental health 

monitoring (Alharbi et al., 2024; Alsubaie et al., 2024). 

The geographical analysis also reveals variations in research priorities. Studies conducted in 

developing regions frequently focus on healthcare applications, autism spectrum disorder (ASD) 

support, mental health assessment, educational monitoring, and social inclusion. Conversely, studies 

from developed countries tend to emphasize autonomous systems, human–robot interaction, 

intelligent transportation, and advanced affective computing frameworks. These findings indicate that 

emotion recognition technologies are increasingly shaped by local societal challenges and policy 

priorities (Alshahrani et al., 2023; Alharbi et al., 2024). 

A recurring challenge identified across regions is the limited availability of culturally diverse 

datasets. Several reviewed studies highlight the difficulty of achieving robust performance across 

different ethnicities, age groups, and cultural backgrounds. This limitation directly affects model 

generalization and fairness, reinforcing the need for more inclusive datasets and cross-cultural 

evaluation protocols (Alshahrani et al., 2024; Alsubaie et al., 2024). 

 

Theoretical Foundation of Facial Emotion Recognition Studies 

Table 1 shows that the theoretical foundation of Facial Emotion Recognition (FER) research is 

primarily built upon five major theories, namely Deep Learning Theory, Affective Computing Theory, 

Facial Emotion Recognition Theory, Computer Vision Theory, and Human–Computer Interaction 

(HCI) Theory. The reviewed studies consistently demonstrate that FER is a multidisciplinary research 

area that integrates computational intelligence, emotion understanding, visual analysis, and 

interactive system design. Accordingly, the overarching theoretical framework of this review can be 

conceptualized as Deep Learning-Based Affective Computing for Facial Emotion Recognition, which 

combines advances in deep learning with affective and human-centered computing approaches. 

 

Table 1 : Theoretical Foundation of Facial Emotion Recognition Studies 

Theoretical 
stream 

Conceptual role 
in FER/MER 

Relationship with 
other theories 

Conceptual 
evolution 

Representative 
studies 

Emotion 
psychology 
and facial 
expression 
theory 

Explains how 
emotions are 
expressed through 
facial movements 
and basic affective 
categories 

Provides the 
conceptual basis 
for FER and 
supports affective 
computing 

From basic 
emotion theory 
and FACS 
toward 
computational 
emotion 
interpretation 

Li and Deng, 
2018; Dias et al., 
2022; Salagean et 
al., 2025 

Affective 
computing 
theory 

Frames emotion 
recognition as the 
ability of 
intelligent systems 
to sense, interpret, 

Connects emotion 
psychology with 
HCI, AI, and 
multimodal 
sensing 

From emotion 
detection toward 
context-aware 
affective 
intelligence 

Hassouneh et al., 
2020; Khan, 
2022; Xavier and 
John, 2025 
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and respond to 
human affect 

Computer 
vision theory 

Supports face 
detection, 
landmark 
extraction, image 
preprocessing, 
feature 
representation, 
and visual pattern 
recognition 

Provides the visual 
processing layer 
for FER systems 

From 
handcrafted 
descriptors to 
automated visual 
feature learning 

Tsalera et al., 
2022; Anjani and 
Satyanarayana, 
2021; Said and 
Barr, 2021 

Deep 
learning 
theory 

Enables automatic 
hierarchical 
feature learning 
from facial, 
speech, and 
physiological data 

Operationalizes 
affective 
computing through 
CNNs, RNNs, 
LSTM, ViT, 
attention, and 
hybrid 
architectures 

From CNN-
based facial 
classification 
toward 
multimodal deep 
representation 
learning 

Akhand et al., 
2021; Alzahrani, 
2024; Kim et al., 
2024; Dada et al., 
2023 

Human–
computer 
interaction 
theory 

Positions 
FER/MER as part 
of adaptive, 
responsive, and 
human-centered 
intelligent systems 

Links affective 
computing and 
deep learning to 
practical 
interaction 
contexts 

From standalone 
emotion 
classification 
toward 
emotionally 
aware interactive 
systems 

Ruiz-Garcia et 
al., 2018; Lasri et 
al., 2022; Gupta 
et al., 2022; 
Radocaj and 
Martinovic, 2025 

Multimodal 
and 
deployment-
oriented 
theory 

Explains the 
integration of 
facial, speech, 
EEG, wearable, 
and contextual 
data for real-world 
use 

Extends deep 
learning and 
affective 
computing into 
IoT, edge, 
assistive, and 
healthcare systems 

From unimodal 
FER toward 
multimodal 
context-aware 
affective 
intelligence 

Hassouneh et al., 
2020; Talaat, 
2023; 
Mukhiddinov et 
al., 2023; Xavier 
and John, 2025 

 

 Table 1 should be interpreted as a theoretical synthesis rather than a bibliographic 

classification. The reviewed studies show that FER and multimodal emotion recognition are built on 

the interaction of five main theoretical streams: emotion psychology, affective computing, computer 

vision, deep learning, and human–computer interaction. Emotion psychology, including basic 

emotion theory, Facial Action Coding System, and categorical emotion models, provides the 

conceptual foundation for understanding how emotional states are expressed through facial 

movements. Computer vision theory translates these visible facial patterns into computational 

representations through face detection, landmark extraction, image enhancement, and feature 

representation. Affective computing then expands this visual interpretation into a broader intelligent-

system perspective, where machines are expected not only to classify facial expressions but also to 

recognize, interpret, and respond to human affective states. 

The strongest conceptual evolution identified in the reviewed literature is the interaction 

between affective computing and deep learning. Affective computing defines the goal of emotion-

aware systems, while deep learning provides the computational mechanism for learning complex 

emotional representations from facial images, speech signals, EEG, physiological data, and contextual 

cues. CNNs support spatial feature learning, recurrent networks and LSTM support temporal 

modeling, transfer learning improves generalization across limited datasets, and transformer-based 

attention mechanisms help models focus on salient emotional cues. This interaction shows that FER 

has evolved from static facial expression classification toward multimodal, context-aware affective 
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intelligence. Therefore, the theoretical foundation of this review is best understood as Deep Learning-

Based Affective Computing, where emotion psychology explains the phenomenon, computer vision 

processes visual evidence, deep learning performs representation learning, and HCI guides the 

deployment of emotion recognition in human-centered intelligent systems. 

 

Research Scope Based on Keyword analysis 

Figure 4 illustrates the distribution of keywords, indicating that research in the field of Facial 

Emotion Recognition (FER) is dominated by themes such as Deep Learning, Emotion Recognition, 

and Convolutional Neural Networks (CNN). Deep Learning emerges as the central theme with 97 

occurrences, reflecting the dominance of neural network-based approaches in the development of FER 

systems. Related sub-themes, including Transfer Learning, Feature Extraction, and Machine 

Learning, further support this trend, indicating a strong research focus on improving model accuracy 

and efficiency through advanced computational techniques. 

The relationships among these themes are clearly evident. Deep Learning and CNN serve as 

the primary methodological foundations, while Emotion Recognition represents the main application 

domain. Computer Vision and Artificial Intelligence further reinforce the interdisciplinary nature of 

this research area by connecting engineering, psychology, and computational science. Regional 

research trends may also be influenced by specific application needs, such as the use of FER in 

healthcare or education, particularly in regions that emphasize assistive technologies and AI-

supported learning environments.  

Overall, these trends reflect global priorities in developing AI systems that are more responsive 

to human needs, including emotion detection for social, educational, healthcare, security, and 

human–machine interaction applications. Future challenges include improving model generalization, 

reducing algorithmic bias, enhancing robustness across diverse populations, and integrating FER with 

multimodal technologies such as speech, physiological signals, and body movement. Therefore, these 

themes are expected to remain highly relevant as the demand for more human-centered, ethical, and 

context-aware AI systems continues to increase 
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Figure 4. Research Scope 

 

Analysis of Dominant Research Contexts and Application Domains 

Beyond geographical trends, it is important to understand where emotion recognition 

technologies are being applied and which domains receive the greatest research attention. Identifying 

dominant application contexts helps clarify how the field is evolving from a purely technical discipline 

into a multidisciplinary area with broad societal impact. Table 2 presents the classification of research 

contexts identified in the reviewed literature. 

As presented in Table 2, Human–Computer Interaction (HCI) remains the dominant 

application domain among the reviewed studies. This finding reflects the fundamental objective of 

emotion recognition technologies: enabling intelligent systems to perceive and respond appropriately 

to human emotional states. Numerous reviewed studies position emotion recognition as a core 

component of adaptive and affective interaction systems (Alshahrani et al., 2023; Alharbi et al., 2024). 

Within the HCI domain, the reviewed studies report applications in intelligent tutoring systems, 

virtual assistants, social robots, gaming environments, adaptive interfaces, and user experience 

analysis. These applications aim to improve interaction quality by incorporating emotional awareness 

into system behavior.  
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Table 2. Classification of research contexts and application domains. 

 Dataset Count Authors 

FER2013 13 Saurav et al., 2021; Hung and Chang, 2021; Boughanem et 
al., 2022; Gupta et al., 2022; Khan, 2022; Kumari and Bhatia, 
2023; Bakariya et al., 2023; Yal?in and Alisawi, 2024; Alsubai 

et al., 2024; Bohi et al., 2024; Salagean et al., 2025; Fekri-
Ershad, 2026; Lu et al., 2026 

AffectNet 3 Mukhiddinov et al., 2023; Almubarak and Alsulaiman, 2025; 
Yalcin and Alisawi, 2026 

FER2013;CK+;KDEF 2 Alsharekh, 2022; Alonazi et al., 2023 

KDEF 2 Jain et al., 2023; Radocaj and Martinovic, 2025 

CK+;KDEF;FER2013 1 Ramirez-Quintana et al., 2025 

FER2013;CK+ 1 Helaly et al., 2023 

FER2013Plus 1 Pruthviraja et al., 2024 

JAFFE 1 Lasri et al., 2022 

JAFFE;CK+;MMI 1 M et al., 2026 

KDEF;JAFFE 1 Akhand et al., 2021 

 

The prevalence of HCI-related studies demonstrates that emotion recognition continues to serve 

as a foundational technology for affective computing systems (Alshahrani et al., 2023; Alshahrani et 

al., 2024). Healthcare represents one of the fastest-growing application areas identified in the review. 

Numerous studies investigate emotion recognition for autism spectrum disorder screening, 

Alzheimer's disease monitoring, depression detection, stress assessment, and mental health 

evaluation. The increasing representation of healthcare applications highlights the potential of 

emotion-aware technologies to support preventive healthcare, personalized interventions, and 

continuous patient monitoring (Alharbi et al., 2024; Alsubaie et al., 2024).Educational applications 

also constitute an emerging research direction. Several reviewed studies employ emotion recognition 

systems to monitor student engagement, cognitive workload, attention levels, and emotional 

responses during online learning activities. The rapid adoption of digital learning environments has 

accelerated interest in emotion-aware educational technologies capable of supporting adaptive and 

personalized learning experiences (Alshahrani et al., 2024; Alharbi et al., 2024).The diversification of 

application domains demonstrates that emotion recognition is evolving beyond a traditional computer 

vision problem. Instead, it is becoming a key enabling technology for human-centered AI systems, 

where emotional information functions as an important contextual signal for adaptive decision-

making across healthcare, education, assistive technologies, and intelligent interaction systems 

(Alshahrani et al., 2023; Alsubaie et al., 2024). 

 

Dataset Classification for Face Emotion Recognition 

Table 3 summarizes the distribution of datasets employed in the reviewed Facial Emotion 

Recognition (FER) studies. The results indicate that FER2013 is the most frequently utilized 

standalone dataset, appearing in thirteen studies (Saurav et al., 2021; Hung and Chang, 2021; 

Boughanem et al., 2022; Gupta et al., 2022; Khan, 2022; Kumari and Bhatia, 2023; Bakariya et al., 

2023; Yalcin and Alisawi, 2024; Alsubai et al., 2024; Bohi et al., 2024; Salagean et al., 2025; Fekri -

Ershad, 2026; Lu et al., 2026). This finding underscores the continued prominence of FER2013 as a 

benchmark dataset in FER research, particularly for the development and evaluation of deep learning-

based emotion recognition models due to its accessibility, standardized structure, and widespread 

acceptance within the research community. 



 

Journal of Data Insights  e-ISSN: 2988 - 2109  Vol.4 (1) (June 2026)  

209 

In addition to FER2013, AffectNet is employed in three studies (Mukhiddinov et al., 2023; 

Almubarak and Alsulaiman, 2025; Yalcin and Alisawi, 2026), whereas KDEF appears as a standalone 

dataset in two studies (Jain et al., 2023; Radocaj and Martinovic, 2025). Furthermore, Table 3 reveals 

that several studies adopt combined dataset configurations, including FER2013; CK+; KDEF, CK+; 

KDEF; FER2013, FER2013; CK+, JAFFE; CK+; MMI, and KDEF; JAFFE. This observation 

suggests that CK+ is more frequently incorporated as part of multi-dataset evaluation frameworks 

rather than being used independently. The integration of multiple datasets reflects an increasing 

emphasis on improving model robustness and assessing generalization capabilities across diverse 

facial expression scenarios and experimental settings. 

Overall, these findings demonstrate that dataset selection constitutes a critical aspect of FER 

research, as it directly affects model training, evaluation reliability, and generalization performance. 

The predominance of FER2013 highlights its enduring role as a standard benchmark for comparative 

analysis, while the utilization of datasets such as AffectNet, KDEF, JAFFE, MMI, and various 

combined configurations indicates ongoing efforts to evaluate FER models under more diverse and 

challenging conditions. Nevertheless, the persistent reliance on a limited number of established 

benchmark datasets also emphasizes the necessity for future research to develop more comprehensive, 

representative, and real-world datasets capable of capturing broader variations in facial expressions, 

illumination conditions, head poses, demographic characteristics, cultural backgrounds, and 

spontaneous emotional behaviors. 

 

Table 3. Dataset Classification 

 Dataset Count Authors 

FER2013 13 Saurav et al., 2021; Hung and Chang, 2021; Boughanem et 
al., 2022; Gupta et al., 2022; Khan, 2022; Kumari and 

Bhatia, 2023; Bakariya et al., 2023; Yal?in and Alisawi, 2024; 
Alsubai et al., 2024; Bohi et al., 2024; Salagean et al., 2025; 

Fekri-Ershad, 2026; Lu et al., 2026 

AffectNet 3 Mukhiddinov et al., 2023; Almubarak and Alsulaiman, 2025; 
Yalcin and Alisawi, 2026 

FER2013;CK+;KDEF 2 Alsharekh, 2022; Alonazi et al., 2023 

KDEF 2 Jain et al., 2023; Radocaj and Martinovic, 2025 

CK+;KDEF;FER2013 1 Ramirez-Quintana et al., 2025 

FER2013;CK+ 1 Helaly et al., 2023 

FER2013Plus 1 Pruthviraja et al., 2024 

JAFFE 1 Lasri et al., 2022 

JAFFE;CK+;MMI 1 M et al., 2026 

KDEF;JAFFE 1 Akhand et al., 2021 

 

Overall, Table 3  confirms that FER remains a relevant and promising research area, 

particularly in the development of intelligent systems capable of recognizing human emotions more 

effectively. With the continuous advancement of deep learning, FER research is expected to expand 

further into applications such as human–computer interaction, affective computing, sentiment 

analysis, education, healthcare, and intelligent assistive systems. Therefore, FER will continue to be 

an important research topic in the coming years (Khan, 2022; Alsharekh, 2022). 
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Application Areas of Facial Emotion Recognition Studies 

Table 4  presents the distribution of application areas in Facial Emotion Recognition (FER) 

studies. The findings indicate that Human–Computer Interaction (HCI) constitutes the most 

dominant application area, represented by 16 studies (Saurav et al., 2021; Anjani and Satyanarayana, 

2021; Lu et al., 2021; Said and Barr, 2021; Akhand et al., 2021; Khan, 2022; Kumari and Bhatia, 

2023; Wang et al., 2023; Bakariya et al., 2023; Mukhiddinov et al., 2023; Alonazi et al., 2023; 

Pruthviraja et al., 2024; Salagean et al., 2025; Ramirez-Quintana et al., 2025; Almubarak and 

Alsulaiman, 2025; Yalcin and Alisawi, 2026). This dominance suggests that FER research is 

increasingly positioned within the broader agenda of developing intelligent, adaptive, and emotion-

aware interactive systems. In this context, FER is not merely treated as a classification task, but also 

as a core component of human-centered computing, particularly in real-time emotion recognition, 

companion robotics, intelligent learning environments, and affective user interfaces. 

 

Table 4 . Application Area of FER Studies 

 Application Area Count Authors 

Human–Computer 
Interaction 

16 Saurav et al., 2021; Anjani and Satyanarayana, 2021; Lu et al., 
2021; Said and Barr, 2021; Akhand et al., 2021; Khan, 2022; 
Kumari and Bhatia, 2023; Wang et al., 2023; Bakariya et al., 

2023; Mukhiddinov et al., 2023; Alonazi et al., 2023; 
Pruthviraja et al., 2024; Salagean et al., 2025; Ramirez-

Quintana et al., 2025; Almubarak and Alsulaiman, 2025; 
Yalcin and Alisawi, 2026 

Affective Computing 
Systems 

12 Ruiz-Garcia et al., 2018; Zhu et al., 2022; Tsalera et al., 2022; 
AlEisa et al., 2023; Dada et al., 2023; Rao et al., 2024; Kim et 
al., 2024; Alsubai et al., 2024; Bhati et al., 2025; Hongwei et 

al., 2025; Radocaj and Martinovic, 2025; Lu et al., 2026 

Mental Health 7 Hassouneh et al., 2020; Boughanem et al., 2022; Kumari and 
Bhatia, 2022; Bohi et al., 2024; Yalcin and Alisawi, 2024; 

Xavier and John, 2025; Alabi et al., 2026 

Education 5 Lasri et al., 2022; Gupta et al., 2022; Talaat, 2023; Sultana et 
al., 2023; El et al., 2026 

Autonomous Systems 2 Jain et al., 2023; Raj and Demirkol, 2025 

Security And 
Surveillance 

2 Alsharekh, 2022; M et al., 2026 

 

The second most prominent application area is Affective Computing Systems, comprising 12 

studies (Ruiz-Garcia et al., 2018; Zhu et al., 2022; Tsalera et al., 2022; AlEisa et al., 2023; Dada et al., 

2023; Rao et al., 2024; Kim et al., 2024; Alsubai et al., 2024; Bhati et al., 2025; Hongwei et al., 2025; 

Radocaj and Martinovic, 2025; Lu et al., 2026). This pattern demonstrates the strong conceptual 

alignment between FER and affective computing, in which facial expressions are employed as 

computational indicators for recognizing, interpreting, and responding to human emotional states. 

In addition, Mental Health emerges as a significant application domain, with 7 studies 

(Hassouneh et al., 2020; Boughanem et al., 2022; Kumari and Bhatia, 2022; Bohi et al., 2024; Yalcin 

and Alisawi, 2024; Xavier and John, 2025; Alabi et al., 2026). This finding reflects the growing 

relevance of FER in mental health assessment, emotional state monitoring, and assistive diagnostic 

support. Meanwhile, Education is represented by 5 studies, indicating the use of FER for learner 

engagement detection, online learning analytics, and affective learning support. Other application 

areas, including Autonomous Systems and Security and Surveillance, are represented by 2 studies 



 

Journal of Data Insights  e-ISSN: 2988 - 2109  Vol.4 (1) (June 2026)  

211 

each, suggesting more specialized but still relevant applications of FER in intelligent mobility, driver 

monitoring, and smart surveillance contexts. 

Overall, Table 4 indicates that FER research is strongly oriented toward human-centered 

applications, particularly in HCI, affective computing, mental health, and education. These findings 

imply that FER has substantial potential to support the development of intelligent systems that are 

more responsive to human emotions, behavioral signals, and social needs. Future studies should 

therefore focus on enhancing model accuracy, robustness, generalizability, and interpretability across 

diverse real-world environments. In addition, the integration of multimodal data, such as speech, 

EEG, physiological signals, and body movement, may further strengthen the practical reliability and 

contextual sensitivity of FER systems. 

 

Model Architectures in FER Studies 

 

 

Figure .5 Methods and Model Architectures in FER Studies 

 

Figure 5 illustrates the distribution of methods and model architectures used in Facial Emotion 

Recognition (FER) studies. The figure indicates that Deep Learning is the most dominant approach, 

with the highest citation value of 763, followed by Hybrid Model with 466, Transfer Learning with 

391, and Hyperparameter Optimization with 129. This pattern shows that FER research has been 

strongly shaped by deep learning-based methods, mainly because these approaches can automatically 

learn meaningful facial patterns from image data without relying heavily on handcrafted feature 

extraction. The strong position of deep learning in this field is also reflected in highly cited studies 

such as Akhand et al. (2021) and Gupta et al. (2022), which demonstrate the important role of deep 

neural networks in improving FER performance. 

The prominence of Hybrid Model and Transfer Learning also suggests that recent FER research 

is moving toward more adaptive and flexible model designs. Hybrid models are widely used because 

they allow researchers to combine the strengths of different architectures, such as CNN, LSTM, 

BiLSTM, Transformer, and attention mechanisms. This combination helps models capture richer 

facial representations and improves their ability to classify emotional expressions more accurately. 

Transfer learning, on the other hand, is often used to overcome the limitations of FER datasets, 

especially when the available data are limited, imbalanced, or collected under controlled conditions. 

Studies such as Hassouneh et al. (2020), Jain et al. (2023), and Yalcin and Alisawi (2024) show that 

these approaches are important for improving both model accuracy and robustness. 

Figure 5 also shows that several more specific architectures, such as Convolutional Neural 

Network, CNN-MHSA, Fine-tuned VGG-19, and Hybrid CNN-BiLSTM–ShuffleNet, appear with 
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lower citation values compared with broader categories such as Deep Learning, Hybrid Model, and 

Transfer Learning. This does not mean that these architectures are less important. Rather, it indicates 

that they represent more specialized methodological developments within the broader deep learning 

ecosystem. These models contribute to the refinement of FER techniques by addressing particular 

challenges, such as feature representation, attention to facial regions, temporal learning, and 

computational efficiency. 

Overall, Figure 5 confirms that the methodological development of FER studies is largely 

driven by the interaction between Deep Learning, Hybrid Model, Transfer Learning, and 

Hyperparameter Optimization. These approaches provide an important foundation for developing 

FER systems that are more accurate, robust, and applicable in real-world environments. Future studies 

are expected to move further toward advanced hybrid architectures, attention-based learning, 

multimodal fusion, explainable AI, and lightweight models that can be deployed in practical 

applications such as human–computer interaction, affective computing, assistive technology, 

healthcare, education, and intelligent surveillance systems (Alsharekh, 2022; Ramirez-Quintana et al., 

2025). 

 

Strategies for Improving FER Model Robustness and Generalization 

Figure 6 illustrates the distribution of strategies employed to enhance the robustness and 

generalization capability of Facial Emotion Recognition (FER) models. The figure shows that 

Transfer Learning is the most dominant strategy, being identified in 32 reviewed studies. This finding 

indicates that transfer learning has become a central methodological approach in FER research. Its 

dominance can be attributed to its ability to transfer visual representations learned from large-scale 

datasets to more specific FER tasks, particularly when the available datasets are limited, imbalanced, 

or collected under controlled conditions. By utilizing pre-trained models, researchers can improve 

recognition accuracy, reduce training complexity, and strengthen model performance in situations 

where task-specific training data are insufficient (Sultana et al., 2023; Lu et al., 2021; Jain et al., 2023). 

 

 

  

Figure 6.  Strategies for Improving FER Model Robustness and Generalization 

 

In addition to the standalone use of transfer learning, Figure 6 also reveals the emergence of 

combined strategies aimed at improving model adaptability. The combination of Transfer Learning 

and Domain Adaptation was identified in 10 reviewed studies, suggesting that researchers increasingly 

recognize the importance of reducing the performance gap between benchmark datasets and real-

world deployment environments. This strategy is particularly relevant because FER models often 
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experience performance degradation when exposed to variations in illumination, facial pose, 

demographic characteristics, cultural expression patterns, and spontaneous emotional responses. 

Furthermore, the combination of Transfer Learning and Data Augmentation was reported in 

five reviewed studies. This pattern indicates that data augmentation is commonly used as a 

complementary strategy to increase the diversity of facial image data through transformations such as 

rotation, scaling, cropping, illumination adjustment, and facial orientation variation. Although this 

strategy appears less frequently than transfer learning and domain adaptation, its presence remains 

important because it directly addresses the problem of limited data variability in FER datasets. 

Similarly, the combination of Transfer Learning, Domain Adaptation, and Cross-Dataset Evaluation 

was also identified in five reviewed studies, reflecting a growing concern with evaluating whether FER 

models can maintain reliable performance across datasets with different characteristics. 

Overall, Figure 6 confirms that transfer learning remains the primary strategy for improving 

FER model robustness and generalization. However, the presence of combined strategies suggests that 

transfer learning alone may not be sufficient to address the complexity of real-world FER applications. 

Future studies should therefore place greater emphasis on integrating transfer learning with domain 

adaptation, data augmentation, cross-dataset evaluation, attention mechanisms, multimodal fusion, 

and explainable AI. Such integration is essential for developing FER systems that are more robust 

against illumination changes, facial occlusion, head-pose variation, dataset bias, cultural diversity, 

and spontaneous expressions. These advances will strengthen the applicability of FER in human–

computer interaction, affective computing, education, healthcare, assistive technology, and other 

human-centered intelligent systems. 

 

Research Objectives in Facial Emotion Recognition Studies 

Table 5 summarizes the main research objectives identified in Facial Emotion Recognition 

(FER) studies. The most dominant objective is Improving FER Accuracy, which appears in 30 

reviewed studies. This finding indicates that accuracy enhancement remains the primary concern in 

FER research, particularly because reliable emotion recognition depends on the model’s ability to 

extract discriminative facial features and classify emotional expressions correctly. 

This objective is reflected in studies by Hung and Chang (2021), Said and Barr (2021), Lu et al. 

(2021), Anjani and Satyanarayana (2021), Akhand et al. (2021), Dias et al. (2022), Kumari and Bhatia 

(2022), Boughanem et al. (2022), Tsalera et al. (2022), Sultana et al. (2023), Dada et al. (2023), AlEisa 

et al. (2023), Agung et al. (2024), Aghabeigi et al. (2024), Bohi et al. (2024), Pruthviraja et al. (2024), 

Alzahrani (2024), Rao et al. (2024), Kim et al. (2024), Hongwei et al. (2025), Salagean et al. (2025), 

Ramirez-Quintana et al. (2025), Almubarak and Alsulaiman (2025), M et al. (2026), and Fekri-Ershad 

(2026). The prominence of this objective is closely related to the rapid development of deep learning, 

transfer learning, and hybrid architectures, which have significantly improved feature representation 

and classification performance. 

The second major objective is Applying FER in Real-World Applications, reported in 16 

studies. This pattern suggests a gradual shift from purely benchmark-oriented evaluation toward 

practical implementation in real-world settings. Studies by Hassouneh et al. (2020), Lasri et al. (2022), 

Alsharekh (2022), Gupta et al. (2022), Zhu et al. (2022), Talaat (2023), Mukhiddinov et al. (2023), 

Bakariya et al. (2023), Jain et al. (2023), Wang et al. (2023), Raj and Demirkol (2025), Radocaj and 

Martinovic (2025), Yalcin and Alisawi (2026), El et al. (2026), Lu et al. (2026), and Alabi et al. (2026) 

demonstrate that FER is increasingly applied in education, healthcare, human–computer interaction, 

human–robot interaction, assistive technology, autonomous systems, and intelligent services. This 

development shows that FER is not only a technical classification problem, but also an enabling 

technology for human-centered intelligent systems. 
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Table 5. Research Objectives in Facial Emotion Recognition Studies 

 Research Objectives Count Authors 

Improving FER Accuracy 30 Hung and Chang, 2021; Said and Barr, 2021; Lu et al., 2021; 
Anjani and Satyanarayana, 2021; Akhand et al., 2021; Dias et 
al., 2022; Kumari and Bhatia, 2022; Boughanem et al., 2022; 
Tsalera et al., 2022; Sherly et al., 2023; Kumari and Bhatia, 

2023; Kumari and Bhatia, 2023; Sultana et al., 2023; Helaly et 
al., 2023; Alonazi et al., 2023; Dada et al., 2023; AlEisa et al., 
2023; Agung et al., 2024; Aghabeigi et al., 2024; Bohi et al., 
2024; Pruthviraja et al., 2024; Alzahrani, 2024; Rao et al., 

2024; Kim et al., 2024; Hongwei et al., 2025; Salagean et al., 
2025; Ramirez-Quintana et al., 2025; Almubarak and 
Alsulaiman, 2025; M et al., 2026; Fekri-Ershad, 2026 

Applying FER In Real-
World Applications 

16 Hassouneh et al., 2020; Lasri et al., 2022; Alsharekh, 2022; 
Gupta et al., 2022; Zhu et al., 2022; Talaat, 2023; 

Mukhiddinov et al., 2023; Bakariya et al., 2023; Jain et al., 
2023; Wang et al., 2023; Raj and Demirkol, 2025; Radocaj 
and Martinovic, 2025; Yalcin and Alisawi, 2026; El et al., 

2026; Lu et al., 2026; Alabi et al., 2026 

Addressing Data 
Variations 

4 Li and Deng, 2018; Bisogni et al., 2023; Yal?in and Alisawi, 
2024; Xavier and John, 2025 

Developing Efficient 
Models 

1 Saurav et al., 2021 

 

Another important objective is Addressing Data Variations, which appears in 4 studies, 

including Li and Deng (2018), Bisogni et al. (2023), Yalcin and Alisawi (2024), and Xavier and John 

(2025). Although less frequent, this objective is highly relevant because FER models often encounter 

performance degradation when exposed to variations in illumination, facial pose, occlusion, 

spontaneous expressions, demographic diversity, and dataset characteristics. In this context, 

addressing data variation is essential for improving model robustness and ensuring that FER systems 

can operate reliably beyond controlled experimental environments. 

Meanwhile, Developing Efficient Models is represented by only one study, namely Saurav et 

al. (2021). This limited representation indicates that computational efficiency has received relatively 

less attention than accuracy improvement and application development. However, efficiency remains 

an important research direction, especially for real-time FER systems and deployment in resource-

constrained environments such as mobile devices, embedded systems, edge computing platforms, and 

IoT-based applications. 

Overall, Table 5 shows that the current direction of FER research is primarily driven by the 

need to improve recognition accuracy, followed by the effort to expand FER into practical application 

domains. At the same time, the smaller number of studies addressing data variation and model 

efficiency reveals important opportunities for future investigation. Future FER research should 

therefore move beyond accuracy-oriented development by emphasizing robustness, efficiency, 

generalizability, and real-world deployability. Such a direction is essential for advancing FER as a 

reliable human-centered technology in education, healthcare, affective computing, assistive systems, 

and intelligent human–machine interaction. 
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DISCUSSION 

 The findings of this review suggest that the development of Facial Emotion Recognition (FER) 

should not be interpreted merely as a progression of model accuracy, but as a broader transition in the 

conceptual role of emotion recognition within intelligent systems. Earlier FER research was largely 

shaped by the assumption that facial expressions could serve as sufficient visual indicators of 

emotional states. However, the reviewed literature shows that this assumption is increasingly being 

challenged by real-world deployment requirements. Illumination changes, facial occlusion, pose 

variation, cultural differences, spontaneous expressions, and dataset bias reveal that facial information 

alone is often insufficient for reliable affective interpretation. Therefore, the main implication of the 

reviewed evidence is that FER is gradually moving from a facial-image classification problem toward 

a context-aware affective computing problem. 

This transition has important theoretical implications. The strong presence of deep learning in 

the reviewed studies confirms that hierarchical representation learning has become the dominant 

mechanism for extracting emotional features. However, the significance of deep learning lies not only 

in its ability to improve classification performance, but also in its role as a bridge between affective 

computing and real-world intelligent systems. Affective computing defines the goal of recognizing and 

responding to human emotions, while deep learning provides the computational capacity to model 

complex visual, auditory, and physiological patterns. This interaction explains why recent FER 

studies increasingly incorporate transfer learning, attention mechanisms, transformer-based 

architectures, and multimodal fusion. These methods reflect an effort to make emotion recognition 

systems more adaptive, generalizable, and context-sensitive rather than simply more accurate on 

benchmark datasets. 

The dominance of Human–Computer Interaction (HCI) as an application context also carries 

deeper conceptual meaning. It indicates that FER is increasingly positioned as an enabling technology 

for emotionally responsive interaction, not merely as a standalone recognition tool. In HCI, the value 

of FER depends on whether emotional predictions can support adaptive system behavior, improve 

user experience, enhance accessibility, or assist decision-making. This interpretation extends earlier 

reviews that primarily discussed FER in terms of algorithmic performance. The present synthesis 

suggests that the practical relevance of FER depends on its ability to operate meaningfully within 

interaction scenarios such as education, assistive technology, healthcare monitoring, social robotics, 

and intelligent services. 

The growing use of FER in healthcare and mental health applications further supports this shift 

toward human-centered affective intelligence. Emotional states in contexts such as autism support, 

Alzheimer’s monitoring, stress detection, and learner engagement are often subtle, dynamic, and 

influenced by physiological or behavioral conditions. In these settings, facial expressions may not fully 

represent the user’s emotional state. This explains why multimodal approaches are increasingly 

important: speech, EEG, ECG, wearable sensors, gaze, and contextual data can provide 

complementary cues when facial signals are weak, ambiguous, or unreliable. Thus, multimodal 

emotion recognition should be understood not simply as a technical enhancement, but as a response 

to the theoretical limitation of assuming that emotion can be inferred from the face alone. 

The continued reliance on benchmark datasets also reveals a central tension in FER research. 

Benchmark datasets are useful because they support comparison across models, but they may also 

encourage narrow optimization toward controlled evaluation settings. This creates a gap between 

benchmark performance and real-world reliability. The reviewed evidence implies that future FER 

progress should not be measured only through incremental improvements in accuracy, but also 

through robustness across cultures, demographic groups, lighting conditions, poses, occlusions, and 

spontaneous emotional expressions. This issue is especially important for socially sensitive 

applications, where biased or unreliable emotion predictions may produce harmful consequences.  
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Transfer learning and domain adaptation can be interpreted as methodological responses to this 

generalization problem. Their increasing use indicates that researchers recognize the limitations of 

training FER models from small or homogeneous datasets. However, transfer learning alone cannot 

fully solve the problem of ecological validity if the target deployment environment differs substantially 

from the source data. Therefore, future work should combine transfer learning with cross-dataset 

evaluation, multimodal validation, data diversity, and explainability mechanisms. Such integration is 

necessary to ensure that FER systems are not only technically accurate but also reliable, interpretable, 

and fair in real-world use. 

Another important interpretation concerns the emergence of optimization-based and 

lightweight FER models. These approaches reflect the growing pressure to move FER from laboratory 

experiments to deployable systems. Real-world applications in smart glasses, mobile devices, IoT 

platforms, classroom monitoring, healthcare systems, and assistive technologies require models that 

are not only accurate but also computationally efficient, low-latency, and privacy-aware. This shows 

that FER research is entering a deployment-oriented phase in which model performance must be 

evaluated together with efficiency, interpretability, usability, and ethical acceptability. 

Overall, this review indicates that the future of FER lies in the convergence of multimodal 

sensing, adaptive deep learning, context-aware system design, and responsible AI principles. The field 

is no longer defined solely by the question of which model achieves the highest recognition accuracy. 

Instead, the more important question is how FER systems can produce reliable and meaningful 

emotional interpretations across diverse users, environments, and application contexts. This 

perspective positions FER as a foundational component of human-centered artificial intelligence and 

highlights the need for future studies to prioritize robustness, fairness, explainability, and real-world 

validation. 

 

CONCLUSION  

This systematic literature review synthesized 61 eligible studies on Facial Emotion Recognition 

(FER) and multimodal emotion recognition selected through the PRISMA framework. The findings 

show that FER research has shifted from conventional facial-image classification toward deep 

learning-based and increasingly multimodal emotion recognition systems. This shift is supported by 

the dominance of CNN-based models, transfer learning, hybrid architectures, attention mechanisms, 

and optimization-based approaches identified across the reviewed studies. However, the synthesis also 

shows that methodological progress is not limited to improving classification accuracy. Recent studies 

increasingly address robustness, generalization, real-time deployment, multimodal fusion, and 

application-specific requirements. 

The conclusion that FER is moving toward more human-centered applications is supported by 

the distribution of reviewed studies across Human–Computer Interaction, affective computing 

systems, healthcare, mental health, education, assistive technology, autonomous systems, and safety-

related domains. These findings indicate that FER is no longer used only as a technical image-

recognition task, but increasingly as a supporting component in systems designed to interpret human 

emotional states for practical decision-making and adaptive interaction. For example, studies on 

autism support, Alzheimer’s monitoring, learner engagement detection, smart glasses for visually 

impaired users, driver emotion monitoring, and workplace safety demonstrate that FER is being 

applied in contexts where emotional understanding has direct social, educational, clinical, or safety-

related value. 

The review also shows that multimodal emotion recognition has become an important response 

to the limitations of facial-only systems. Facial expressions remain valuable, but they are vulnerable 

to illumination variation, pose changes, occlusion, cultural differences, spontaneous expressions, and 

dataset bias. The integration of speech signals, EEG, physiological measurements, wearable sensors, 
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and audio-visual cues provides complementary information that can improve contextual 

understanding and system reliability. Therefore, the contribution of multimodal FER lies not only in 

improving model performance, but also in enabling emotion recognition systems to operate more 

effectively in complex real-world environments. 

From a theoretical perspective, this review contributes an integrated understanding of FER by 

linking affective computing, computer vision, deep learning, multimodal learning, and Human–

Computer Interaction. The synthesis indicates that affective computing provides the conceptual goal 

of recognizing and responding to emotional states, while deep learning provides the computational 

mechanism for extracting complex emotional representations from facial, auditory, and physiological 

data. This relationship explains the current movement from static facial expression recognition toward 

context-aware multimodal affective systems. 

From a practical perspective, the findings suggest that future FER systems should not be 

evaluated only by benchmark accuracy. Greater attention should be given to dataset diversity, 

annotation quality, cultural representation, spontaneous expression recognition, real-time 

performance, model efficiency, explainability, privacy, and ethical deployment. This is particularly 

important for sensitive domains such as healthcare, education, assistive technology, and public safety, 

where inaccurate or biased emotion recognition may produce negative consequences. 

Despite its contributions, this review has several limitations. The literature search was limited 

to Scopus, which may have excluded relevant studies indexed in Web of Science, IEEE Xplore, ACM 

Digital Library, PubMed, or other databases. The review also focused on studies published between 

2016 and 2026 and included only accessible peer-reviewed journal publications. In addition, the 

synthesis was qualitative and descriptive rather than statistical, so direct meta-analytic comparison of 

model performance was not conducted. 

Overall, this review demonstrates that the future development of FER depends on the 

integration of robust deep learning models, multimodal sensing, diverse datasets, explainable 

methods, and real-world validation. Rather than pursuing accuracy improvement alone, future 

research should prioritize reliable, fair, interpretable, and deployable emotion recognition systems that 

can function across diverse users, environments, and application contexts. 

 

Future Research Directions 

 Based on the synthesis of the reviewed studies, future research on Facial Emotion Recognition 

(FER) should be organized into short-term, medium-term, and long-term priorities. This prioritization 

is important because the field faces different levels of challenges, ranging from immediate 

methodological limitations to broader issues of real-world deployment, ethical governance, and 

context-aware multimodal intelligence. 

In the short term, future studies should prioritize improving dataset quality, benchmarking 

consistency, and model robustness. The review shows that many FER studies still depend heavily on 

established benchmark datasets, such as FER2013, CK+, JAFFE, KDEF, MMI, and AffectNet. 

Although these datasets support comparative evaluation, they also present limitations related to noisy 

annotations, class imbalance, posed expressions, limited cultural diversity, and weak representation 

of spontaneous real-world emotions. Therefore, immediate research should focus on cleaner 

annotation protocols, cross-dataset validation, balanced class distribution, and evaluation under 

challenging conditions such as illumination variation, occlusion, head-pose changes, and low-

resolution images. In parallel, transfer learning, data augmentation, domain adaptation, and 

explainable AI should be used to improve robustness and interpretability without requiring major 

changes in existing FER pipelines. 

In the medium term, research should move toward integrated multimodal emotion recognition 

frameworks. The findings indicate that facial information alone is often insufficient for reliable 
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emotional interpretation in real-world environments. Future studies should therefore combine facial 

expressions with speech signals, EEG, ECG, wearable sensors, gaze behavior, body posture, and 

contextual information. However, this integration should not be limited to simply adding more 

modalities. Greater attention should be given to adaptive fusion strategies, modality weighting, 

missing-modality handling, temporal modeling, and synchronization across heterogeneous data 

sources. Medium-term research should also prioritize lightweight and efficient architectures that can 

operate on mobile devices, smart glasses, embedded systems, and edge-computing platforms. This 

direction is particularly important for healthcare monitoring, education, assistive technology, human–

robot interaction, and safety-related applications. 

In the long term, FER research should develop toward trustworthy, context-aware, and human-

centered affective intelligence. This agenda requires moving beyond benchmark accuracy toward 

systems that are fair, explainable, privacy-preserving, culturally sensitive, and reliable across diverse 

populations and environments. Long-term studies should investigate cross-cultural FER, federated 

and privacy-preserving learning, ethical governance, bias mitigation, real-world clinical validation, 

and continuous adaptation in dynamic environments. In addition, FER should be integrated into 

broader intelligent ecosystems such as digital health platforms, adaptive learning systems, smart 

environments, autonomous vehicles, and socially assistive robots. Such development will allow FER 

to evolve from facial-image classification into a responsible multimodal technology capable of 

supporting meaningful, safe, and socially beneficial human–AI interaction. 

Overall, the future development of FER should progress through three stages: first, 

strengthening datasets and robustness; second, building multimodal and deployable systems; and 

third, establishing trustworthy and context-aware affective intelligence. This staged research agenda 

provides a more structured direction for advancing FER from controlled experimental settings toward 

reliable real-world applications. 
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