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Facial Emotion Recognition (FER) has become a significant problem to 
solve at the border of computer vision, psychology, and artificial 
intelligence. As a result, FER technologies that are used in healthcare, 
automotive safety, human-computer interaction, and security, among 
others, progressively improve. This review article synthesizes in, depth 
the recent changes in image, based, video, based, and multimodal 
approaches to FER. As opposed to experimental research, this work 
does not provide new results directly but rather thoroughly reviews 
existing methods, datasets, and model architectures. The paper 
compares novel methods such as convolutional neural networks (CNN), 
vision transformers, and temporal modelling frameworks with 
commonly used datasets like FER2013, Real, World Affective Faces 
Database (RAF-DB), AffectNet, and Aff, Wild2. The survey extensively 
covers the techniques advantages, disadvantages, and comparative 
trends by looking rigorously at robustness, generalization, and 
deployment feasibility. The authors recognize the problems with 
dataset imbalance, cultural variability, occlusion, and ethical issues and 
point to the important gaps in research. Moreover, the article predicts 
further advances in self, supervised learning, lightweight FER for edge 
devices, explainable models, and multimodal fusion strategies. Such a 
review is expected to help as a reference point for researchers and 
practitioners consolidating their understanding of the progress, 
challenges, and future opportunities in facial emotion recognition. 
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1. Introduction 
Emotions are integral to human cognition, communication, and behaviour. Hence, the capability of machines to 
automatically recognize and interpret emotions has become a key challenge that lies at the intersection of 
computer vision, affective computing, and human-computer interaction. FER is aimed at detecting the emotional 
states of the humans by analysing either static images or video sequences of their faces, thereby, enabling 
machines to be more natural and empathetic in their interactions [1]. The architecture of FER systems depends 
heavily on psychological theories of emotion, especially single category models like Ekmans basic emotions and 
dimensional representations such as valence arousal frameworks, which not only help in annotation by indicating 
the emotional states but also play a role in computational systems by suggesting how these states are to be 
interpreted and evaluated. In the past ten years, the problem of FER has been attracting more researchers due to 
a vast number of potential applications, such as healthcare diagnostics, driver fatigue monitoring, education, 
security, entertainment, and human-robot collaboration [2, 3]. 

Fig. 1 illustrates the methods of early FER systems that used manually crafted features like local binary 
patterns (LBP) or Gabor filters combined with conventional classifiers. These techniques, although successful to 
some extent in controlled environments, were very sensitive to changes in lighting, pose, and occlusion [4]. The 
breakthrough in deep learning especially CNNs has changed the face of FER by making it possible to perform 
feature extraction and classification in an end, to, end fashion directly from large, scale datasets. Currently, 
transformer, based architectures, temporal attention mechanisms, and hybrid multimodal approaches are 
attaining significant improvements in accuracy and robustness by being able to capture both global spatial 
dependencies and contextual information across modalities [5]. Meanwhile, video, based FER has also been 
heavily influenced by the developments in recurrent neural networks, 3D CNN, and temporal self, attention 
frameworks that can represent the time, varying nature of facial expressions [6]. 

 

 

Fig. 1 Traditional feature extraction pipeline: Utilization of Gabor filters and Local Binary Patterns (LBP) as inputs 
for an AlexNet-based classification model [6] 

Although these advances have been made, several unresolved challenges still hinder the deployment of 
systems in the real world. FER systems are often affected by dataset imbalance, limited cultural diversity, and 
annotation subjectivity, which lowers their generalization ability to different populations. Besides, conditions that 
are encountered in the real world such as wearing face masks, extreme head poses, or low, resolution surveillance 
videos can still make the performance of these systems worse [7]. Apart from technical obstacles, there are 
increasing concerns about privacy, algorithmic fairness, and the possible misuse of emotion inference 
technologies that have led to an intensification of ethical issues being discussed in relation to FER systems. As FER 
is progressively moving towards multimodal emotion recognition by integrating facial cues with speech, 
physiological signals, or contextual information, it is still very important to secure accuracy, transparency, and 
trustworthiness for the deployment in a responsible manner in the real world [8]. 

Surveys have recently been conducted and have discussed various aspects of FER and multimodal emotion 
recognition. Nevertheless, most of the review articles either concentrate on unimodal FER and do not consider the 
latest developments such as vision transformers, attention, based fusion, and explainable artificial intelligence 
(AI). Consequently, there exists a need for a comprehensive and up, to, date review that merges the methodological 
changes with the insights obtained from the applications and considers the challenges and ethical considerations 
[9]. 
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The article is a review and does not bring any new experimental results. It basically goes through, compares, 
and integrates the results of different research works on FER. This review offers a comparative framework of 
traditional handcrafted methods, deep learning models, and recently proposed transformer, based architectures 
along with their strengths and weaknesses. Moreover, it scrutinizes the most employed FER datasets and 
benchmarks, shedding light on their features, biases, and how well they can be used for the evaluation in the real 
world. Furthermore, the paper identifies the main application sectors of FER and, in addition, pinpoints the 
challenges that have been the major obstacles to the deployment of FER in the wild issues such as robustness, 
generalization, and ethical considerations. Lastly, the paper points to the upcoming research avenues, highlighting 
self, supervised learning, domain adaptation, lightweight and interpretable models, and adaptive multimodal 
fusion strategies as the key factors to the development of the future FER systems. 

2. Related Studies 
FER has changed drastically over the last few years studies, moving away typical CNN, based methods to more 
advanced transformer architectures and multimodal integration. Most of the recent papers in this area point to 
three major directions, such as transform-based FER models, robustness improvements under occlusion, bias, and 
real, world variations, and multimodal fusion approaches that integrate audio, temporal, or physiological data 
[10]. This part is a survey of recent contributions and a summary of them in a comparative format. 

2.1   Transformer and Hybrid Architectures 
One of the major distinctions that Vision Transformers (ViTs) have is their incorporation of self, attention 
mechanisms. Consequently, ViT, based architectures can locate local as well as global dependencies in facial 
features, thus, they can handle pose variation, occlusion, and class imbalance more effectively [10]. To decide the 
best compromise between performance and computational power, Data-efficient image Transformers (DeiT), 
Swin Transformers with hierarchical windowed attention, and hybrid CNN-ViT architectures have been 
extensively used in FER [12]. These models beat the CNN baselines, as they increase the accuracy and F1, scores 
by about 3-7% thus, they have become the new benchmark methods when tested on standard datasets like RAF-
DB, FERPlus, and AffectNet in noisy and occluded scenarios [12, 13]. 

Most recent ViT-based FER variants very clearly demonstrate that the incorporation of additional auxiliary 
information for example, action unit (AU) annotations or pseudo, AU supervision helps to remove dataset bias and 
improve generalization, thus resulting in accuracy increases of 2-4% on imbalanced datasets such as AffectNet 
[14]. Dual, stream architectures, which combine local salient feature extraction with global self, attention as shown 
in Fig. 2, are always better than single, stream transformers. These networks not only retain the minute facial 
features but also keep the holistic context, thus they are able to reach the reported accuracies of more than 90% 
on controlled benchmarks [15]. Comprehensive studies indicate that while performance of transformer, based 
models can be better under noisy or occluded conditions, they are usually accompanied by higher computational 
costs and longer inference times, which are still the main challenges for real, time application [16, 17]. 

 

 

Fig. 2 Schematic of the Hybrid Local-Attention Vision Transformer (HLA-ViT) network architecture [18] 
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Fig. 3 Internal structure of a base ViT model, showing the sequence of patch embedding, linear projection, and 
transformer encoder blocks for global dependency modelling. [19] 

2.2   Multimodal Fusion Approaches 
Compared to unimodal FER, multimodal systems that combine facial, vocal, and physiological cues have been very 
successful by using the complementary affective information from different modalities. Fusion strategies are 
usually divided into early fusion, late fusion, and hybrid or adaptive fusion categories. Early fusion merges feature 
from several modalities at the representation level before classification, thus allowing cross, modal feature 
interactions but often having problems with high dimensionality and synchronization. Late fusion merges 
decisions or confidence scores of unimodal classifiers, thus allowing great modularity and robustness to missing 
modalities, however, with a drawback of limited cross, modal interaction [20]. Hybrid and adaptive fusion 
strategies, on the other hand, which are often realized through attention mechanisms or gating networks, 
determine the modality contributions dynamically depending on their reliability and thus can achieve better 
robustness in unconstrained environments. 

Audio, visual fusion techniques, specifically, have shown steady performance improvements on benchmark 
datasets like Ryerson Audio, Visual Database of Emotional Speech and Song (RAVDESS), Crowd-sourced 
Emotional Multimodal Actors Dataset (CREMA-D), and Aff-Wild2 by capturing both facial dynamics and vocal 
prosody, as visualized in Fig. 4. On these datasets, multimodal systems usually report absolute accuracy 
improvements of about 4-8% on RAVDESS and CREMA-D when compared to unimodal facial or speech models, 
with the in, the wild datasets such as Aff-Wild2 showing modest yet consistent gains of around 3-5%. Recognition 
performance is further improved by adaptive fusion mechanisms [21] such as cross, attention and reliability, 
aware gating that can detect noisy or partially missing modalities and hence emphasize the most informative 
signals at inference time. Multimodal systems that combine facial geometry with motor activity cues, for instance, 
have obtained accuracy levels of over 90%, thus, showing enhanced robustness against difficult in, vehicle 
conditions in the driver monitoring scenario [22, 23]. 

Hence, this comparative evidence is an overall indication that multimodal FER techniques regularly perform 
better than unimodal ones both in control environments and in the real world. Nevertheless, these improvements 
in performance are most of the time accompanied by increased computational complexity, dependency on 
sensors, and synchronization requirements that still pose limitations on scalability and real-time deployment. 
Such trade-offs are the reason for continuous research into lightweight and adaptive fusion architectures that can 
achieve a balance between robustness and efficiency. 
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Fig. 4 Representative video frame samples from standard multimodal datasets: (a) RAVDESS, focusing on speech-
audio prosody [21]; and (b) CREMA-D, illustrating diverse emotional expressions in varying intensities [16] 

2.3   Surveys and Meta-Analyses 
Several recent surveys and meta, analyses have summarized the gradual advances made in emotion recognition 
from both unimodal and multimodal sources, thus offering valuable insights into the trends of architectures and 
the challenges that remain. The different surveys agree that CNN coupled with attention mechanisms and hybrid 
CNN-transformer architectures are consistently reported to yield results that are superior to those of traditional 
handcrafted, feature, based methods in static image, based FER, whereas transformer, based and temporal 
attention models are able to achieve higher performance in video, based scenarios due to their capability of 
capturing long, range spatial and temporal dependencies [22]. Regarding the multimodal field, surveys 
consistently arrive at the conclusion that adaptive fusion strategies, especially attention, based and reliability, 
aware fusion, yield better results than early or late fusion approaches because they can handle modality noise and 
missing signals in a more efficient way. 

Despite these improvements, surveys consistently pinpoint several issues that have not been resolved. One 
significant drawback is the inadequate representation of complex affective states, for instance, micro, expressions, 
compound or blended emotions, and subtle affective transitions, which are hardly detected by existing datasets 
and models. Furthermore, demographic and cultural biases continue to exist as most of the most commonly used 
benchmarks for which there is a lack of diversity in ethnicity, age, and contextual settings have been resulting in 
limited generalization of the model in real, world scenarios [23]. Surveys also acknowledge the difficulty of having 
large, scale, balanced multimodal datasets and the high computational cost of the latest models, which limit the 
performance of these models in real-time. In summary, these results exemplify that while there has been 
improvement in architectural performance, progress in dataset diversity, emotion coverage, and efficiency is still 
lacking, thus, the research gaps that are motivated and discussed in the following sections. 

2.4   Summary of Comparative Studies 
Table 1 summarizes key recent studies in FER and multimodal emotion recognition, which allows one to easily 
gauge how methodical advances align with the review goals. One consistent trend that can be seen from the table 
below is the move from typical CNN, based architectures to transformer, based and multimodal frameworks, 
which is largely driven by the objective of solving the issues that have been around for a long time, such as 
robustness to occlusion, class imbalance, and performance degradation in unconstrained environments [2]. 
Among the various transformer, based models, including vision transformers with auxiliary supervision and dual-
stream attention mechanisms, improvements in recognition accuracy and robustness are quite evident across the 
standard benchmarks such as RAF-DB, FERPlus, and AffectNet, which implies that global attention mechanisms 
help to some extent in alleviating the problems of pose variation and occlusion [24]. 

Importantly, the comparative studies also demonstrate that newer methods specifically focus on resolving 
certain limitations of earlier FER systems, albeit with some trade-offs. Data balancing strategies and auxiliary 
action unit supervision have the effect of dataset bias removal and generalization improvement; thus they directly 
respond to the objective of robustness enhancement over imbalanced datasets. Adaptive multimodal fusion 
techniques, on the other hand, exceed the performance of unimodal models by being able to dynamically 
compensate for the modalities that are unreliable, thus they demonstrate the progress toward the solution of the 
real-world problems such as occlusion and noisy inputs. Nevertheless, this table also indicates that these 
improvements are very often accompanied by the increase in computational complexity and inference latency, 
which thereby limit the possibilities of deployment in real, time or resource, constrained applications. From an 

  
(a) (b) 
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objective, driven perspective, it is asserted that recent transformer-based and multimodal methods have 
significantly improved FER accuracy and robustness, however, they still do not solve the key deployment barriers 
completely which have been identified in this review. The issues of high computational cost, dependence on 
auxiliary annotations, and domain-specific assumptions are still there. Therefore, the comparative analysis leads 
to the conclusion that the current state, of, the art methods are incremental rather than complete solutions, thus 
the necessity of further research in lightweight architectures, adaptive fusion, and generalizable learning 
strategies that coordinate performance with efficiency and real, world applicability is still there. 

Table 1 Summary of recent FER and multimodal emotion recognition studies 
Method / 

Architecture Datasets Strengths Weaknesses Computational 
Cost 

Accuracy 
Range Study 

ViT + Action 
Unit auxiliary 
supervision 

RAF-DB, 
AffectNet, 
FERPlus 

High accuracy 
(91% RAF-DB), 

robust to 
occlusion, 

reduces dataset 
bias 

Relies on AU 
labels or 

pseudo-AUs; 
increased 

model 
complexity 

High 86-91% [24] 

Dual stream 
(local 

attention + 
global ViT) 

RAF-DB, 
FERPlus, 
AffectNet 

Strong across 
datasets; good for 

occlusion/pose 
variation 

More complex 
architecture; 

slower 
inference 

High 88-92% [18] 

Comparative 
ViT study 
with data 
balancing 

RAF-DB, 
FER2013 

Shows 
importance of 
class balance; 

identifies top ViTs 

Limited to ViTs; 
computationally 

heavy 

Moderate-
High 

82-89% [19] 

Comparative 
study: 

Transformer 
vs CNN 

FER datasets 
under 

perturbations 

Transformers 
more robust to 
noise/occlusion 

Higher 
inference cost; 

slower 
deployment 

High 80-88% [25] 

Audio-visual 
fusion + LSTM 

temporal 
modeling 

RAVDESS, 
CREMA-D, 

SAVEE 

Captures 
temporal 

dynamics; boosts 
multimodal 

accuracy 

Less 
generalizable to 
wild/noisy data 

High 85-93% [16] 

Adaptive 
gating + 

recursive 
cross-

attention 

AffWild2 Handles weak 
modality 

complementarity; 
robust in wild 

data 

Complex 
training; higher 

latency 

High 86-90% [12] 

Facial 
geometry + 

motor activity 
fusion 

Driver 
simulation 

datasets 

Very high 
accuracy (~96%); 

domain-specific 
robustness 

Limited to 
simulation; 

small emotion 
set 

Moderate 92-96% [26] 

Survey of 
multimodal 

deep learning 

Multiple Highlights gaps in 
datasets and 

modalities 

Not 
experimental 

Low N/A [27] 

FER survey: 
architecture & 

future 

Multiple Covers CNN/ViT 
hybrids, 

deployment 
issues 

Limited 
multimodal 

focus 

Low N/A [28] 

Multimodal 
ER in 

conversations 
survey 

IEMOCAP, 
CMU-MOSEI 

Comprehensive 
review of 

conversational 
multimodality 

Mostly survey; 
not new models 

Low N/A [29] 
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2.5   Research Gaps 
From this analysis, three major issues have been highlighted that are still the main reasons for lack of progress in 
FER. Firstly, the generalization of FER techniques to wild and in-the-wild datasets is still very weak, as models can 
hardly maintain their accuracy in real, world, imbalanced, or noisy conditions, although they achieve impressive 
results on curated benchmarks. In fact, in such natural settings as those in AffectNet and Aff-Wild2, where 
occlusion, head pose variation, and cultural diversity challenge robustness, the performance of models drops 
drastically. Secondly, the robustness of fusion across modalities has not been sufficiently researched yet, as most 
multimodal systems that fuse information from different modalities assume that all inputs are consistently 
reliable, however, in the real world, facial cues may be occluded, or speech signals may be noisy, thus the need for 
adaptive, reliability, aware fusion strategies becomes more evident. Lastly, problems related to efficiency and 
deployment remain, as a great number of cutting, edge transformer, based or ensemble methods are 
computationally intensive, thus they can hardly be used in real, time applications or environments with limited 
resources such as mobile health monitoring or automotive systems. Bridging these divides calls for not only 
methodological breakthroughs but also cross, disciplinary benchmarking to close the gap between academic 
performance metrics and industry adoption. 

3. Review Framework and Classification Criteria 
The classification criteria are designed to highlight the fundamental design decisions that have the most significant 
impact on recognition capability, robustness, and deployment feasibility, instead of merely concentrating on 
network architecture or dataset characteristics. In this review, methods for FER are classified first by the input 
modality (image, video, or multimodal) and the temporal modelling strategy. These criteria were selected because 
they represent the most extensively used and conceptually significant dimensions for differentiating FER systems 
across applications. Input modality directly determines the type of emotional information available to the model, 
while temporal modelling controls the capture of expression dynamics to the model both of which are essential 
factors in real, world emotion recognition. Different classification schemes based on specific network 
architectures such as CNN versus transformer, dataset type, or real, time feasibility are considered as secondary 
features and thus they are discussed within each category rather than being used as the primary organizing 
principle. Based on this rationale, existing studies are grouped into three broad categories: 

a) Image-Based FER: These approaches operate on single static facial images and typically employ CNNs, 
attention-enhanced CNNs, or vision transformers to extract spatial features. Image-based FER methods 
are computationally efficient and well suited for real-time or resource-constrained applications. 
However, they are inherently limited in capturing temporal dynamics and subtle expression transitions. 

b) Video-Based FER: Video-based methods incorporate temporal information from facial image sequences 
to model the evolution of expressions over time. Common techniques include recurrent neural networks 
(RNNs), long short-term memory (LSTM) networks, 3D CNNs, and transformer architectures with 
temporal encoding. These approaches improve recognition of subtle and spontaneous emotions but 
generally incur higher computational cost, which can complicate real-time deployment. 

c) Multimodal FER: Multimodal FER integrates facial cues with complementary modalities such as speech, 
audio prosody, physiological signals Electroencephalogram (EEG) and Electrocardiogram (ECG), or 
contextual information. Fusion strategies are commonly categorized as early fusion (feature-level), late 
fusion (decision-level), or hybrid adaptive fusion. While multimodal approaches offer enhanced 
robustness under occlusion or noisy conditions, they introduce additional challenges related to sensor 
availability, synchronization, and computational complexity. 

 
In each category, the studies that have been reviewed are analysed comparatively based on the datasets used 

(FER2013, RAF-DB, AffectNet, Aff-Wild2, CK+), the metrics of the evaluation (accuracy, F1, score, robustness 
indicators) and the target application domains, for example, healthcare, automotive monitoring, human-robot 
interaction, and education. The present review framework serves as an instrument for a systematic comparison 
of methodological trends and at the same time, it is conducive to the locating of the most frequent constraints and 
the open research questions that are dealt with in the sections following. 

3.1   Image-Based FER 
Image-based FER mainly depends on a single static facial image, from which discriminative spatial features of 
facial expressions are extracted. Previously, manually designed features like Local Binary Patterns (LBP) and 
Gabor filters were the main tools, but recently, their usage has been mostly replaced by deep learning methods, 
especially CNNs and ViTs, that allow end-to-end feature learning [30]. In general, CNN-based models yield 
recognition accuracies of about 70-75% on FER2013 and 85-90% on RAF-DB, thus making a significant leap over 
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the performance of the handcrafted feature, based methods on these datasets, as can be seen in Fig 5. This is 
evidenced by the results reported on standard benchmarks like FER2013, RAF-DB, and AffectNet [31]. 
 

Fig. 5 Comparative visualization of sample images from widely used FER benchmarks: (a) FER2013 (low-resolution 
grayscale) [19]; (b) RAF-DB (real-world diverse poses) [19]; and (c) AffectNet (large-scale in-the-wild expressions) 

[32] 

CCNN-based structures remain the primary standard, often upgraded with residual connections and attention 
mechanisms. For instance, Attention-augmented CNNs have demonstrated accuracy levels exceeding 88% on 
RAF-DB while maintaining stability under partial occlusion [33]. Lightweight models, such as those utilizing 
MobileNet-inspired depth wise separable convolutions, significantly reduce computational costs while staying 
within 2–3% accuracy of larger models [33]. 

Recently, ViT models have gained prominence due to their self-attention capabilities. Specialized variants like 
DeiT and Swin Transformers have achieved 3–6% accuracy gains over CNN baselines on "in-the-wild" datasets 
like AffectNet [12, 13]. Furthermore, Hybrid CNN-ViT architectures, which prepended a CNN backbone for local 
feature extraction, have reached accuracies of 90% and above on controlled benchmarks like RAF-DB and FERPlus 
[34]. 

However, image-based FER has inherent limitations in reconstructing temporal changes since static frames 
cannot depict the development of facial expressions. In addition, the problem of generalization to different 
cultures, age groups, and naturally occurring emotional expressions is still limited by dataset bias and annotation 
subjectivity. The desire to overcome these restrictions drives the incorporation of temporal modelling and 
multimodal information, which is elaborated in the following sections on video-based and multimodal FER [31]. 

3.2   Video-Based FER 
Video-based FER moves beyond the capabilities of static image analysis by directly incorporating the temporal 
changes of facial expressions in the videos. Emotions are dynamic and they change over time; thus, temporal 
modelling allows to detect even the slight changes of the intensity and micro-expressions that traditionally go 
unnoticed in the single images. Video-based FER methods usually utilize recurrent neural networks, 3D CNNs or 
transformer-based temporal encoders to acquire spatio-temporal representations. Fig. 6 shows architectural 
overview of a 3D CNN used for video-based FER. The diagram illustrates the extraction of spatio-temporal features 
by applying 3D convolutional kernels across consecutive video frames to capture the dynamic evolution of facial 
expressions. 
 
 

   
(a) (b) (c) 



30 Int. Journal of Integrated Engineering Vol. 18 No. 4 (2026) p. 22-39 

 

 

 

Fig. 6 Spatio-temporal feature extraction in video-based FER: A representative architecture utilizing 3D CNNs to 
capture dynamic facial expression changes across consecutive frames [35] 

Early deep learning methods were mostly based on recurrent structures like Long Short-Term Memory 
(LSTM) and Gated Recurrent Unit (GRU) networks, which helped to capture sequential dependencies. LSTMs 
represent temporal information through gated memory cells that can still depend on long-term storage, whereas 
GRUs have a simplified structure with fewer parameters, thus memory usage is lower and convergence is faster. 
CNN-LSTM hybrid models [36] that use CNNs to extract spatial features and LSTMs to model temporal dynamics 
have shown accuracy improvements of around 5-8% over image, based baselines on controlled datasets like CK+ 
and Oulu-CASIA dataset [31]. But recurrent architectures handle frames one after another, thus inference latency 
is higher, and memory consumption is increased especially for long video sequences. 

3D CNNs have been extensively used for video, based FER to overcome these drawbacks of single-frame 
models. They combine spatial and temporal information in a weighted along space, time convolutional kernels. 
Residual 3D CNN architectures supplemented with temporal attention mechanisms have been shown to achieve 
excellent results on in, the wild datasets such as Aff-Wild2 and AFEW, thus, outperforming CNN-LSTM models by 
up to 6% in terms of accuracy [37]. These networks are suitable for micro, expression recognition, as they follow 
the changes of the facial muscles that occur in very short durations of neighbouring frames. Unfortunately, 3D 
CNNs are very demanding in terms of computation, and hence memory and floating, point operations, which are 
usually several times more than those of 2D CNNs, thus, limiting the exposure of such models to the resource-
constrained devices [38]. 

At the same time, transformer-based architectures have also been proposed for video FER, as they grant 
modelling of distant temporal dependencies by self, attention mechanisms. Contrary to recurrent models, 
temporal transformers operate on the whole frame sequences in parallel, thus, allowing faster modelling of global 
temporal context. Temporal vision transformer models [16] have been able to increase accuracy and F1- score by 
about 7% as compared to RNN and CNN, based approaches on large-scale datasets such as AffectNet, Video and 
Aff-Wild2. The hybrid combinations that mix 3D CNNs with transformers not only retain the fine, grained motion 
representation but also the long-range temporal modelling and thus, perform well in such applications as driver 
monitoring and human-robot interaction [14]. 

Despite these improvements, video-based FER is still heavily burdened with high computational and memory 
requirements that slow down real-time performance and scalability to a large extent. A large Graphical Processing 
Unit (GPU) memory and computational resources may be required to process lengthy video sequences with high 
frame rates; thus, it is difficult to deploy on edge devices. Moreover, because of occlusion, head pose variation, and 
illumination changes, spontaneous in-the-wild videos continue to be a difficult problem. Such compromises 
underscore the continuous demand for efficient temporal modelling methods that can maintain micro-expression 
sensitivity while lowering the computational load [39]. 

3.3   Multimodal FER 
Multimodal FER is a technology that identifies facial emotions by combining facial cues with other modalities such 
as speech, audio prosody, or physiological signals like EEG, ECG, and even contextual information to give a more 
robust and naturalistic understanding of the emotion. The main reason behind this is that emotional expression 
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is always multimodal, and a sole dependence on facial information usually results in a decrease of performance 
when the face is occluded, there is a change in illumination or cultural variation. 

Fusion strategies utilized in multimodal FER can be roughly divided into early fusion, late fusion, and hybrid 
or adaptive fusion. In the case of early fusion, features derived from each modality individually such as facial 
embeddings, speech spectrogram features, physiological descriptors are combined into one single joint 
representation before the classification. This method allows for direct cross, modal interaction at the feature level 
and has been shown to achieve higher accuracy on controlled datasets like Interactive Emotional Dyadic Motion 
Capture (IEMOCAP). Nevertheless, early fusion is affected by the lack of synchronization in time between 
modalities and usually has a problem with dimensionality explosion, thus, it becomes unstable for training and 
computationally cost [40]. 

Late fusion is a decision-level method that combines predictions or confidence scores from unimodal 
classifiers. For example, it could be averaging or weighting emotion probabilities obtained from facial and speech 
models. This method provides more flexibility and is less vulnerable to the absence of certain modalities, as 
individual classifiers can function independently. Research on datasets such as AffectNet and CREMA-D shows 
that ensemble-based late fusion consistently outperforms unimodal baselines [16]. However, late fusion cannot 
capture detailed cross, modal interactions and its performance can be greatly affected if a modality, for instance, 
speech, is dominant but becomes noisy or suffers from signal loss [41]. Recently, the emphasis of research has 
been on hybrid and adaptive fusion strategies that have the advantages of both early and late fusion. Typically, 
these methods use attention mechanisms or gating networks to dynamically determine the weights of different 
modalities based on their reliability. For example, cross-modal attention frameworks [30] enable the system to 
focus on facial cues when the audio is noisy and vice versa, thereby achieving better generalization in open 
scenarios. Adaptive transformer-based fusion models combining facial, audio, and physiological signals have set 
new performance levels on large, scale multimodal benchmarks such as Aff-Wild2, Multi and MSP-IMPROV. They 
report accuracy and F1-score improvements of around 5-10% compared to unimodal and static fusion baselines 
[42]. 

However, multimodal FER has several practical challenges that, directly, affect its performance and 
deployment. The synchronization of heterogeneous signals is very important, as a temporal mismatch between 
facial and speech cues may result in conflicting emotional evidence and thus recognition accuracy may decrease. 
Missing or corrupted modalities, which are common in real-world situations, can cause such a dramatic drop in 
the performance of fusion models that assume complete inputs that these models become unusable. Moreover, 
adaptive fusion architectures and multimodal transformers have very high computational and memory costs 
because of the parallel modality processing and attention operations and, therefore, they very often require a 
substantially larger number of resources than unimodal systems. These factors, thus, fuel a continuous effort of 
researchers in solving the issues of lightweight, reliability, aware fusion mechanisms and scalable multimodal 
datasets that can be used for robust and efficient FER in different application domains [43]. 

4. Comparative Review and Discussion 

4.1   Comparative Performance Across FER Approaches 
Studies have been consistent in showing that the three major categories of FER which are image-based, video-
based, and multimodal, perform differently depending on dataset complexity, emotion granularity, and 
environmental conditions. Image-based methods continue to be very close in performance on constrained 
datasets with controlled acquisition settings. To illustrate, CNN and transformer-based models usually attain 
accuracy levels of around 70-75% on FER2013 and 85-90% on RAF-DB, with the most recent ViT-based 
architectures achieving accuracies up to 91% on RAF-DB under balanced training conditions [33]. Nevertheless, 
the performance is significantly lower when the methods are tested on in-the-wild datasets like AffectNet and Aff-
Wild2, with the results going down to the 55-65% range most of the time, thus indicating that the methods are 
very sensitive to pose variation, occlusion, illumination changes, and spontaneous expression intensity [44]. 

Video-based FER methods overcome such constraints by introducing temporal dynamics as a key factor in 
their models. CNN-LSTM hybrids, 3D CNNs, and temporal transformers-based methods are consistently above the 
image baselines by around 3-7% in accuracy or F1-score on different benchmarks like CK+, Oulu-CASIA, and AFEW 
[16, 39]. As an example, 3D CNN, based models report a leap in the accuracy of their results from about 88% to 
over 93% on CK+, whereas the temporal transformer models obtain performance enhancements of 4-6% on 
difficult datasets like AFEW and Aff-Wild2 [35]. These enhancements are mainly exemplified in the case of micro-
expression recognition, where the temporal modeling can more effectively capture the short-duration muscle 
movements. However, these improvements are associated with increased computational and memory demands, 
which may impose a limitation on the possibility of real-time applications [12]. 

Typically, multimodal FER systems attain the most robust aggregate performance by fusing the most 
informative affective cues derived from facial expressions, speech, audio prosody, physiological signals, or 
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contextual information. On controlled multimodal benchmarks such as IEMOCAP, MSP-IMPROV, and Aff-Wild2-
Multi, accuracies and weighted F1-scores reported are often above 90%, which correspond to improvements of 
5-10% over the respective unimodal baseline [11, 12, 31]. Nevertheless, their deployment in uncontrolled 
environments is still limited by various feasible issues such as sensor synchronization, missing or noisy 
modalities, and significantly higher computational overhead. These compromises emphasize the necessity of 
determining the most suitable FER methods depending on the application scenario, available resources, and 
robustness requisites [45]. As illustrated in Fig. 7, modern multimodal systems utilize adaptive reliability-aware 
gating mechanisms to dynamically weight signals. This allows the model to prioritize audio cues when facial 
landmarks are obscured by lighting or occlusion, and vice versa, ensuring stable performance in unconstrained 
environments. 

4.2   Robustness and Generalization in Real World Settings 
One of the main issues for FER systems is the problem of generalization beyond controlled laboratory 
environments. Models relying on images are very vulnerable to situations where parts of the face are hidden, such 
as when wearing a face mask, eyeglasses or having facial hair, because these things interfere with facial landmarks 
and texture cues that the model uses. Studies based on real-world data show that the drop in accuracy is in the 
range of 10-25% when the lower part of the face is covered by a mask at the same time, the drops in performance 
caused by occlusions due to glasses and hair are usually within the 5-15% interval, with the exact numbers 
depending on dataset and model architecture. Moreover, these impacts become stronger in the case of the in-the-
wild datasets where occlusions are found to be oftentimes accompanied by pose variations and spontaneous 
expressions [47]. 

Noise coming from the surroundings continues to worsen the performance of FER of any model category. 
Changes in lighting, for example, situations of low, light or when the object is backlit, have a major impact on 
image, based models as they cause the contrast and facial detail to be reduced, which in turn leads to accuracy 
losses of around 10% or more on unconstrained datasets like AffectNet and Aff-Wild2 [48]. The presence of 
compression artifacts as well as low-resolution inputs that are typical of scenarios such as surveillance or web 
videos have the effect of changing the fine-grained facial features and simultaneously making it difficult for both 
CNN and transformer-based models to identify the actual face due to the noise that these features bring. On top of 
that, background clutter and partial visibility of the face make it even harder for feature extraction to take place 
since they bring along visual information that is not relevant. 

Video-based FER methods alleviate some of these problems by making use of temporal continuity, thus 
allowing temporal smoothing that lessens the effect of transient occlusions and illumination fluctuations. 
Temporal models have shown increased robustness to short-term occlusion and motion blur, with improvements 
of 3-6% over image-based baselines in difficult video datasets. Unfortunately, their power is limited in low, frame, 
rate recordings, heavily compressed videos, or long-duration occlusions, where temporal cues are ambiguous or 
inconsistent [49]. 

Multimodal FER methods are the most robust in real-life conditions as they allow one modality to be the 
backup when another is deteriorated. For example, speech prosody or audio features can facilitate emotion 
recognition when facial cues are occluded or are in the dark. However, multimodal systems are still vulnerable to 
the following practical constraints, modality synchronization errors, missing data streams, and uneven signal 
quality that can drastically decrease fusion effectiveness. Demographic bias of training datasets, especially with 
regards to ethnicity, age, and cultural expression styles is a problem that affects all FER categories and has been a 
major factor in limiting generalization. This fact emphasizes the necessity of more diverse and balanced datasets 
to be used for the reliable deployment of FER in real, world applications. 
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Fig. 7 Multimodal fusion framework for robust emotion recognition: Illustration of an adaptive reliability-aware 
gating mechanism that dynamically weights facial and audio signals to handle noisy or occluded inputs. [46] 

4.3   Ethical Considerations, Privacy and Social Impact 
The use of FER technologies raises ethical and societal concerns which are the main challenges of the deployment 
and must be solved to be used responsibly. The main concern is privacy because facial data is one of the most 
sensitive biometric pieces of information. Without strong data governance and consent, there is a great possibility 
of unauthorized surveillance and data breaches. Besides that, algorithmic fairness is still a very important issue, 
most current models have demographic biases because their training datasets are not balanced, which leads to 
lower accuracy for the ethnic or age groups that are less represented. If these models are used in sectors like 
recruitment or security, it can lead to discriminatory outcomes. At last, the possibility of the device abuse, such as 
identification of the emotional state of persons without their consent, requires the creation of AI systems that are 
transparent and understandable not only for gaining the public trust but also for being in accord with the 
upcoming global data regulations. 

4.4   Deployment Feasibility and Computational Efficiency 
The trade-off between model complexity, accuracy, and the available computational resources is the main factor 
that determines whether FER systems can be deployed in real-time applications. Lightweight CNN architectures 
such as MobileNet and EfficientNet, based models are very good for deployment on mobile and embedded 
platforms because they require low computational power and memory. These models usually run at 10-30 ms per 
frame on modern mobile GPUs or edge devices, their memory footprints are less than 50 MB, and their 
computational costs are in the range of 0.3-1.0 Giga Floating-Point Operations Per Second (GFLOPs), thus, they 
allow real-time inference with low energy consumption [50]. 

On the other hand, transformer-based FER systems, although attaining state-of-the-art recognition accuracy, 
have very high computational costs. ViT and hybrid CNN-ViT models typically need several GFLOPs per inference 
and their memory usage is more than 100-300 MB, thus, the inference time is 50-150 ms per frame on standard 
GPUs [51]. Because of these features, they cannot be directly deployed on devices with limited resources unless 
model compression techniques like pruning, quantization, or knowledge distillation are used to decrease latency 
and energy consumption. 

Video-based FER methods have exponentially increased computational demands as they require temporal 
modeling over several frames. Generally, architecture based on 3D CNNs or CNN-LSTM hybrids work on a few 
video clips rather than a single frame, thus their inference times are more than 100 ms per clip and the memory 
usage is several times higher than that of image-based approaches [36]. In the same way, multimodal FER systems 
have some additional overheads because of parallel modality processing and fusion operations. Some studies 
reveal that multimodal transformer, based systems can be two, three times as demanding in terms of 
computational resources as unimodal models, which results in higher energy consumption due to the 
synchronized processing of audio, visual, and physiological signals. 
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While facing such difficulties, the deployment of these systems is becoming more practical due to recent 
advances in efficient model design and hardware acceleration. The optimized temporal sampling strategies, the 
lightweight attention mechanisms, and the edge, oriented fusion architecture have largely lowered the latency 
and at the same time, the accuracy was preserved. These improvements together with the use of dedicated 
hardware accelerators or edge, computing infrastructures are turning the near real-time deployment of video-
based and multimodal FER systems feasible in a wide range of applications such as driver monitoring, assistive 
robotics, and human-computer interaction. 

4.5   Trends Observed Across Recent FER Literature 
Three dominant trends result from the comparative analysis of the recent FER literature, which reflects the field's 
transition to more expressive, robust, and application, ready systems: 

a) Shift toward contextual and temporal modeling: The transition from static image-based FER to video-
based and multimodal approaches is strongly indicated by most of the recent articles. Image-based CNN 
and ViT models achieve good results on constrained datasets but fail to capture emotion dynamics and 
contextual cues in real-world scenarios. Consequently, temporal models like CNN-LSTM hybrids [36], 3D 
CNNs with temporal attention [39], and temporal vision transformers [16] have been utilized to show 
consistent accuracy improvements of around 3-7% on datasets such as CK+, AFEW, and Aff-Wild2 [37]. 
At the same time, multimodal frameworks combining facial, audio, and physiological signals help even 
more in the contextual understanding of the emotion, especially in the case of spontaneity or noise in the 
environment. These changes demonstrate that there is an increasing understanding that the expression 
of emotion is a dynamic and context, dependent phenomenon and thus the models should be able to 
conduct temporal and cross, modal reasoning [11, 12]. 

b) Performance efficiency trade, off and rise of hybrid architectures: Although transformer-based and 
multimodal FER systems have been able to achieve state-of-the-art results, they are usually accompanied 
with high computational and memory costs, thereby limiting their deployment in real-time scenarios. The 
study of ViT-based FER models shows that the accuracy can be improved by 4-6% as compared to the 
CNN baselines, but the inference latency and resource consumption are increased [52]. To solve this 
problem of trade-off-the latest studies have turned their attention to hybrid architectures that combine 
the strengths of different paradigms in a complementary way. Some instances are CNN-ViT hybrids for 
spatial feature extraction with global attention, 3D CNN-transformer models for spatio-temporal 
modeling in video FER [21], and adaptive multimodal transformer frameworks that selectively weight 
facial, audio, and physiological inputs. These hybrid methods can achieve accuracy at a similar level of the 
fully transformer, based pipelines while the computational overhead is lessened, thus, they represent a 
viable solution to the problem of efficient yet accurate FER systems. 

c) Growing emphasis on real, -world robustness and deployment readiness: Recent research on FER 
emphasizes systems robustness to real-world scenarios, which can include occlusion, cultural diversity, 
lighting changes, and background noise. Large-scale in-the-wild datasets such as AffectNet, Aff-Wild2, and 
MSP-IMPROV have become the standard instruments to evaluate the models, thus reflecting the shift of 
the evaluation methods from lab-only to real-world conditions. Models that use temporal smoothing, 
cross-modal attention, or adaptive fusion techniques become more robust to occlusion and 
environmental noise [9]. However, comparative evaluation experiments still find that the difference 
between laboratory and real-world performance is very large, especially for demographic groups that are 
underrepresented and spontaneous emotion expressions. This difference points to the necessity of more 
diversified datasets, interpretable FER models, and deployment, aware evaluation protocols that can help 
close the gap between academic benchmarks and real-world applications. 

4.6   Application Domains of FER 
FER technologies are becoming less of a science to be researched in the lab, and more of a real-world application 
in different sectors such as healthcare, automotive safety, education, human-robot interaction, and surveillance 
industries. In healthcare, FER has been utilized in patient monitoring, mental health assessment, and pain 
detection. Clinical trials of video-based FER systems have shown that the engagement of patients and the accuracy 
of their emotional state assessment made by the staff can be improved around 10-15% just by the use of these 
systems as compared to the situation when no technology is implemented and the observation is done manually 
[53]. Besides that, the multimodal FER systems which combine facial cues with speech and physiological signals 
have demonstrated higher levels of detection of affect in hospital and telemedicine settings, however, their 
installation is limited by the need for privacy and regulations on data governance. 

Aside from this, the use of FER in the automotive sector aims mainly at the driver monitoring systems which 
can detect the conditions of the driver such as fatigue, stress, and emotional distraction. The incorporation of 
video-based FER models with temporal analysis has led to an improvement in the accuracy of driver drowsiness 
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and stress detection resulting in a 5-10% increment as compared with static image, based approaches under real 
driving conditions. Some advanced driver-assistance systems (ADAS) and in-cabin monitoring solutions are now 
benefited from the implementation of FER modules to promote safety by either giving the warning signals or 
cooperating with the vehicle to make it behave differently according to the condition of the driver that has been 
detected [54]. 

In the realm of educational technologies, weight-reduced image-based FER models have been successfully 
merged with intelligent tutoring systems as well as online learning platforms for the purpose of recording student 
engagement and emotional reaction. Several studies show that engagement estimation gets improved by about 8-
12% thus, enabling the adaptive feedback mechanisms that personalize learning content. Owing to computational 
limitations and privacy concerns, these systems are mostly equipped with efficient CNN-based models instead of 
complicated temporal or multimodal architectures [55]. 

However, the issues of ethics and society have a significant influence on the deployment of FER and they are 
still there despite the promising applications. These problems concerning privacy, consent, algorithmic bias, and 
fairness that are most noticeable in the cases of surveillance and clinics, constitute the core of the difficulties that 
have been discussed. These challenges emphasize the existence of a necessity for transparent, easily interpretable, 
and regulation, compliant FER systems aimed at ensuring their responsible use in various fields of application. 

5. Conclusion 
FER has basically changed its direction, where it has moved to dynamic video, based and multimodal architectures 
from static, image-based analysis. The paper has gone through these techniques in detail, showing that the 
improvements in ViTs, 3D CNNs, and the use of adaptive fusion mechanisms have resulted in measurable 
performance increases for the given standard benchmarks. Although image, based methods can still achieve very 
high accuracy on tightly controlled datasets like RAF-DB (up to 91%), the significant fall of their performance at 
in-the-wild scenarios (most of the time, it is around the 55-65% range) shows that combining temporal and 
multimodal data is inevitable if we want our models to be robust outside of the lab. 

The comparative analysis brings to the fore the differences in accuracy, robustness, and the possibility of 
deployment, which are essentially the trade-offs. The temporal modelling in video-based FER has elevated the 
recognition of subtle and micro, expressions by 3-7%, however, it comes with the cost of higher inference latency 
and memory overhead. Multimodal systems combining facial, audio, and physiological signals (EEG, ECG) are the 
most reliable, often achieving more than 90% accuracy on controlled benchmarks. Nevertheless, these 
improvements are counterbalanced by the difficulties of sensor synchronization and a 2-3x increase in 
computational demand compared to unimodal baselines. On the other hand, lightweight models such as 
MobileNet-based CNNs are still the best option for the edge deployment, thus providing a sustainable balance with 
inference times as low as 10-30 ms per frame. 

Despite these achievements, there are still significant gaps in research that have to be addressed. Current 
models are very sensitive to environmental noise, long, term occlusions, and demographic biases. These biases 
are especially visible in the differences in performance where research has found a 10-15% difference in accuracy 
when testing different ethnicities and age groups that is most of the time caused by the over, representation of 
certain populations in the training sets. Besides that, the large dependence on full data streams makes a lot of 
multimodal systems quite susceptible to major drops in performance when there is a loss of a signal. 

To resolve those difficulties, research to be done in the future should focus on three main aspects, firstly, 
improving generalization by using self, supervised learning which will help in cutting down the annotation costs 
and alleviating the dataset imbalance problem. Secondly, creating efficient architectures like hybrid CNN-
Transformer models and reliability, aware gating mechanisms that can retain state-of-the-art performance under 
very strict energy constraints of mobile devices, and thirdly, building trustworthy AI by instrumenting ethical 
frameworks such as privacy, preserving techniques, algorithmic fairness, and explainability to give FER systems 
a responsible deployment. 

In summary, FER is becoming a real-world problem from a lab-based research area, which means a high 
impact technology in healthcare, automotive safety, and education. The coming generation of FER systems should 
still be accurate, but they also must be efficient and able to handle noise from the real-world and ethically correct 
to be accepted by society on a large scale. 
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