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Abstract — Facial Expression Recognition (FER) stands at the confluence of computer vision, affective neuroscience, and 

human-computer interaction, enabling machines to automatically interpret human emotional states from visual and 

physiological data. Over the past decade, the field has undergone a fundamental paradigm shift, transitioning from handcrafted 

feature pipelines toward end-to-end deep learning architectures capable of processing complex, unconstrained real-world 

data. This survey presents a comprehensive and critical analysis of deep FER research, systematically examining the evolution 

from static convolutional networks to dynamic spatiotemporal models and, most recently, to multimodal systems that fuse facial 

video with electroencephalography (EEG) signals. We evaluate core pipeline components including face alignment 

preprocessing, specialized loss formulations such as Island Loss and Locality-Preserving Loss, Peak-Piloted Deep Networks 

for dynamic sequence modeling, and hierarchical LSTM architectures for video-EEG fusion. A structured comparative analysis 

of representative systems is presented, benchmarked across standard datasets including CK+, FER2013, RAF-DB, AffectNet, 

and AFEW. Our synthesis reveals that multimodal fusion consistently yields Classification Rate improvements of at least 2% 

over unimodal baselines. Key open challenges are identified, including cross-dataset generalization, annotation noise, 

computational efficiency, and ethical dimensions of affective surveillance. Future research directions centering on 

unsupervised domain adaptation, action-unit-guided attention, and privacy-preserving federated learning are outlined, 

providing a roadmap for the next generation of emotionally intelligent systems. 

Keywords — Facial Expression Recognition; Deep Learning; Affective Computing; Spatiotemporal Modeling; Multimodal 

Fusion; EEG-Video Integration; Domain Adaptation; Action Unit Detection; Convolutional Neural Networks. 

 

I. INTRODUCTION 

The human face is a remarkably expressive canvas capable 

of conveying a full spectrum of emotional states through 

subtle and rapid muscular contractions. Automatic Facial 

Expression Recognition (FER) — the computational 

interpretation of these affective signals — has become a 

strategic cornerstone of human-computer interaction 

(HCI). Practical applications span clinical monitoring of 

neurological conditions, automotive driver fatigue 

detection, social robotics, and security surveillance. 

Historically, the field relied on handcrafted descriptors 

including Local Binary Patterns (LBP), Histogram of 

Oriented Gradients (HOG), and Gabor wavelets, combined 

with Support Vector Machine (SVM) classifiers. The 

catalytic moment arrived with the emergence of large-scale 

datasets such as FER2013 and GPU-accelerated deep 

learning, enabling Convolutional Neural Networks 

(CNNs) to surpass traditional approaches. Despite 

remarkable progress, key challenges persist: the domain 

gap between controlled training data and real-world 

deployment, annotation noise from inter-rater 

disagreement, and the fundamental limitation that visible 

facial expressions can be deliberately masked, 

necessitating multimodal solutions. 

This survey makes the following contributions: (1) a 

structured taxonomy of deep FER architectures across 

static, dynamic, and multimodal paradigms; (2) critical 

evaluation of specialized loss formulations; (3) synthesis 

of the EEG-video fusion paradigm; and (4) rigorous 

identification of research gaps and future directions. 

II. LITERATURE SURVEY 

The rapid advancement of deep learning has fundamentally 

transformed the landscape of Facial Expression 

Recognition (FER), enabling systems to move beyond 

handcrafted feature pipelines toward end-to-end trainable 

architectures capable of learning discriminative 

representations directly from raw facial data. This section 

reviews the most significant contributions in the field, 

organized thematically across architectural paradigms, 

dataset development, and multimodal extensions. 

A. CNN, RNN, and GAN-Based Architectural 

Taxonomies 

Li and Deng [1] provided one of the most comprehensive 

and widely cited surveys of deep FER, systematically 

categorizing existing approaches into three primary 

architectural families: Convolutional Neural Networks 

(CNNs) for spatial feature extraction, Recurrent Neural 

Networks (RNNs) for sequential temporal modeling, and 
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Generative Adversarial Networks (GANs) for data 

augmentation and identity-invariant synthesis. Their 

analysis established the foundational distinction between 

static image-based and dynamic video-based FER 

paradigms, demonstrating that static CNN models, while 

computationally efficient, inherently discard temporal 

dynamics that carry significant discriminative information. 

Crucially, Li and Deng identified unconstrained in-the-

wild recognition — where illumination, pose, occlusion, 

and identity variation are uncontrolled — as the primary 

open challenge separating laboratory performance from 

real-world deployment readiness. Their benchmark 

comparisons across CK+, FER2013, and AffectNet 

revealed a consistent performance gap of 10–20 percentage 

points between controlled and unconstrained evaluation 

conditions, a finding that has motivated much of the 

subsequent architectural innovation in the field. 

B. Dynamic Sequence Modeling and Intensity-

Invariant Representations 

Recognizing that facial expressions are inherently temporal 

phenomena, Zhao et al. [6] proposed the Peak-Piloted Deep 

Network (PPDN), a framework specifically designed to 

address the challenge of expression intensity variation 

across video frames. The central contribution of PPDN is 

the Peak Gradient Suppression (PGS) mechanism, which 

operates during the backpropagation phase of training. 

PGS redirects gradient signals from non-peak frames — 

those exhibiting low-intensity or transitional expressions 

— toward the feature space occupied by peak frames 

representing apex expressivity, while simultaneously 

preventing peak frame features from being distorted by 

non-peak gradients. This bidirectional anchoring effect 

produces expression-intensity-invariant embeddings that 

remain consistently discriminative regardless of where in 

the expression sequence a given frame is sampled. 

Empirical evaluations on CK+ and Oulu-CASIA 

demonstrated accuracy improvements of approximately 2–

3% over conventional frame-independent CNN baselines, 

validating the importance of leveraging expression 

dynamics rather than treating each frame as an isolated 

sample. 

C. Transfer Learning and Identity-Expression 

Disentanglement 

A persistent challenge in deep FER is the entanglement of 

expressive and identity-related facial features within 

shared convolutional representations. Networks pre-

trained on face recognition tasks encode strong identity-

discriminative signals that, when naively transferred to 

expression classification, can suppress the more subtle 

expressive cues. Ding et al. [7] addressed this limitation 

through FaceNet2ExpNet, a two-stage transfer learning 

strategy designed to systematically disentangle these 

competing signals. In the first stage, a pre-trained face 

recognition network serves as a supervisory signal for the 

convolutional feature extraction layers of the expression 

network, transferring rich low-level facial representations 

while preserving their spatial specificity. In the second 

stage, the fully connected classification layers are retrained 

from scratch using expression-labeled data, allowing the 

network to recalibrate its high-level decision boundaries 

around affective rather than identity-discriminative 

features. This progressive transfer approach consistently 

outperformed both random initialization and naive end-to-

end fine-tuning from face recognition checkpoints across 

multiple benchmarks, establishing a principled 

methodology for leveraging the representational richness 

of face recognition pre-training without inheriting its 

identity-centric biases. 

D. Multimodal Fusion and Physiological Signal 

Integration 

A fundamental limitation shared by all visual FER 

approaches is their exclusive reliance on externally 

observable facial behavior, which is susceptible to 

deliberate suppression and social masking. Wu et al. [2] 

addressed this limitation by introducing a hierarchical 

Long Short-Term Memory (LSTM) architecture for 

multimodal fusion of facial video with 

electroencephalography (EEG) signals. EEG provides 

millisecond-scale access to cortical activity underlying 

emotional processing — including prefrontal asymmetry 

patterns and frontoparietal theta oscillations — that is 

substantially more resistant to voluntary suppression than 

facial movement. The hierarchical LSTM framework 

processes video and EEG streams through modality-

specific recurrent encoders at lower levels, then integrates 

cross-modal representations through attention-weighted 

fusion at higher abstraction levels. A key technical 

innovation is the selective focus mechanism: a predictive 

temporal attention loop that analyzes signal characteristics 

at each timestep to forecast the informational value of 

subsequent frames, directing computational resources 

toward emotionally salient temporal windows while 

suppressing attention to affectively uninformative 

segments. This mechanism is particularly valuable for 

naturalistic recordings with sparse emotional content. 

Empirical results demonstrated Classification Rate 

improvements of at least 2% and F1-score gains of 0.015 

over video-only baselines, confirming that internal 

physiological signals provide complementary and non-

redundant affective information. 

E. Benchmark Dataset Development 

Progress in deep FER is fundamentally conditioned on the 

availability of large-scale, ecologically valid training data. 

Lucey et al. [4] significantly advanced the field’s 

evaluation infrastructure by extending the original Cohn-

Kanade corpus into the Extended CK+ dataset, adding 
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comprehensive Action Unit (AU) annotations and 

categorical emotion labels across 593 posed expression 

sequences. Despite its laboratory-controlled acquisition 

conditions — which limit ecological validity — CK+ 

remains the most widely adopted benchmark for evaluating 

expression-intensity modeling approaches due to its 

precise onset-to-peak sequence structure and reliable 

annotation quality. Addressing the scale and ecological 

validity limitations of laboratory datasets, Mollahosseini et 

al. [5] introduced AffectNet, the largest labeled FER 

database to date, comprising over 450,000 manually 

annotated facial images collected through automated web-

crawling of search engines. AffectNet’s dual annotation 

scheme — encompassing both categorical emotion labels 

across eight basic expression categories and continuous 

valence-arousal scores — enables training of models 

robust to the full range of real-world variation in 

illumination, head pose, age, and demographic diversity. 

The scale of AffectNet has made it a de facto standard for 

pre-training deep FER models intended for in-the-wild 

deployment, though its web-crawling methodology 

introduces annotation noise from inter-rater disagreement 

that represents an ongoing methodological challenge. 

F. Synthesis 

Collectively, the surveyed literature reveals a field in 

productive transition across three interconnected 

dimensions: from controlled to unconstrained evaluation 

environments, from single-frame to temporally aware 

sequence modeling, and from unimodal visual to 

multimodal physiological-visual recognition. The works 

reviewed above collectively establish the technical 

foundations — architectural taxonomies, loss function 

innovations, transfer strategies, and dataset infrastructure 

— upon which the comparative analysis and gap 

identification presented in subsequent sections are 

grounded. 

III. PROBLEM DEFINITION 

Contemporary FER systems face three fundamental and 

interrelated challenges. First, the domain gap between 

constrained laboratory training data and unconstrained 

real-world deployment environments causes accuracy to 

degrade by 10-20 percentage points in cross-dataset 

evaluations. Second, high intraclass variation (the same 

emotion differs substantially across individuals, ages, and 

cultural backgrounds) combined with high interclass 

similarity (subtle expressions such as sadness and fear are 

visually near-identical) makes discriminative feature 

learning exceptionally challenging. Third, visible facial 

expressions are subject to deliberate social masking, 

rendering vision-only systems incomplete observers of 

internal affective states. This project addresses these 

challenges through a systematic survey and critical 

evaluation of architectural solutions targeting each 

dimension of the problem. 

IV. SURVEY METHODOLOGY & RESEARCH 

FRAMEWORK 

A rigorous and reproducible literature synthesis 

methodology was employed. Primary databases searched 

included IEEE Xplore, the ACM Digital Library, Google 

Scholar, and arXiv. The following structured research 

framework was adopted to organize the surveyed literature 

into five analytically coherent categories. 

1. Benchmark Datasets and Evaluation Protocols 

FER model performance is fundamentally bounded by 

training data quality and diversity. Table I presents the 

principal benchmark databases across the lab-controlled to 

in-the-wild spectrum, from legacy sets (CK+, JAFFE, 

MMI) to large-scale web-crawled corpora (FER2013, 

AffectNet) and video-based benchmarks (AFEW 7.0). 

RAF-DB distinguishes itself through compound emotion 

labels capturing expressions such as 'happily surprised,' 

reflecting real-world affective complexity more faithfully 

than binary categorical assignments. 

 

Table I. Comparison of Major FER Benchmark Databases 

Database Samples Type Environment 
Expression 

Categories 

CK+ 593 

sequences 
Video Lab-

controlled 
7 basic + contempt 

MMI 2,900 

videos 
Video Lab-

controlled 
7 basic 

JAFFE 213 images Image Lab-

controlled 
7 basic + neutral 

Oulu-

CASIA 
2,880 

sequences 
Video Lab-

controlled 
6 basic 

FER2013 35,887 

images 
Image Web-crawled 7 basic 

RAF-DB 29,672 

images 
Image In-the-wild 7 basic + 11 

compound 

AffectNet 450,000+ Image In-the-wild 8 basic + 

valence/arousal 

AFEW 7.0 1,809 

videos 
Video Movie clips 7 basic 

 

2. Static Image FER: Architectural Innovations 

Specialized Loss Functions: Standard cross-entropy loss 

imposes no constraints on feature space geometry. Island 

Loss simultaneously minimizes intraclass distances 

between features and their class centers while maximizing 

pairwise distances between different class centers, creating 

well-separated feature 'islands.' Locality-Preserving (LP) 

Loss enforces intraclass compactness by penalizing 

divergence of same-class features from their local 
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embedding neighbors. Together, these formulations yield 

consistent accuracy improvements of 1–2% over cross-

entropy baselines on RAF-DB and AffectNet without 

requiring architectural changes. 

Multi-Scale Architectures: HoloNet incorporates 

Concatenated ReLU (CReLU) activations within residual 

structures, exploiting the anti-phase pairing of lower-layer 

filters to double feature responses without increasing 

parameters. Inception-residual blocks learn multi-scale 

facial features by applying parallel convolutions at 

different receptive field scales. 

Multitask Learning and Identity Disentanglement: 

Systems such as IACNN and MSCNN perform FER 

concurrently with face verification or landmark 

localization, forcing shared feature extractors to 

disentangle expression from identity. FaceNet2ExpNet 

employs a two-stage transfer strategy that prevents face 

recognition priors from dominating expression 

classification decisions. 

Generative Adversarial Approaches: De-expression 

Residue Learning (DeRL) trains a generator to remove 

expressive content from facial images; the residual 

between original and de-expressed faces isolates the pure 

emotion signal, improving cross-identity generalization. 

3. Dynamic Video FER: Spatiotemporal 

Modeling 

Frame Aggregation: Applies static classifiers 

independently per frame with temporal pooling. 

Computationally efficient but insensitive to expression 

dynamics; competitive only when per-frame classifiers are 

very strong. 

Peak-Piloted Deep Networks (PPDN): Peak Gradient 

Suppression drives non-peak frame features toward apex 

representations during backpropagation while shielding 

peak features from non-peak distortion, yielding 

expression-intensity-invariant temporal representations. 

Recurrent Architectures: LSTMs and bidirectional 

LSTMs model sequential temporal dependencies in CNN-

extracted frame feature streams. Stacked hierarchical 

configurations capture multi-scale temporal dynamics 

simultaneously. 

3D Convolutional Networks (C3D): Volumetric 

convolution kernels jointly capture spatial and temporal 

motion patterns. Superior for local spatiotemporal features 

but computationally expensive. Two-stream RGB+optical-

flow architectures offer a favorable accuracy-efficiency 

trade-off. 

 

Table II. Comparison of Dynamic Video FER Modeling 

Approaches 

Method 
Spatial 

Info 
Temporal 

Info 
Comp. 

Cost 
Performance 

Frame 

Aggregation 
High Low Low Moderate 

RNN / LSTM Medium High Medium High 

3D CNN 

(C3D) 
High High High Very High 

2-Stream 

(RGB+Flow) 
High High Med-

High 
High 

Landmark 

Trajectory 
Low High Low Moderate-

High 

 

4. Multimodal Video-EEG Fusion 

All visual FER approaches share a fundamental 

vulnerability: facial expressions can be deliberately 

suppressed or socially masked. EEG signals offer an 

objective window into internal cortical arousal that is 

resistant to voluntary control. Prefrontal asymmetry 

patterns and frontoparietal theta oscillations provide 

neurophysiological correlates of affect orthogonal to 

appearance-based features. 

The hierarchical LSTM fusion architecture (Wu et al., 

2020) processes video and EEG as parallel temporal 

streams through modality-specific LSTMs, then integrates 

representations at multiple abstraction levels via cross-

modal attention. A selective focus mechanism uses current-

frame signal analysis to predict high-value emotional 

frames at the next timestep, directing computational 

attention toward sparse emotionally salient windows (e.g., 

a 10-second laugh within a 2-minute recording). Reported 

gains: CR +2%, F1 +0.015 over video-only baselines. 

5. System Architecture Overview 

The unified deep FER pipeline follows three sequential 

stages: (1) Preprocessing — cascaded regression-based 

face detection and landmark-guided alignment, followed 

by histogram equalization and on-the-fly / offline data 

augmentation via flipping, cropping, and GAN-based 

synthesis; (2) Deep Feature Learning — CNN-based 

spatial abstraction or spatiotemporal modeling via LSTM / 

C3D, optionally augmented with specialized loss 

functions; and (3) Classification — softmax, SVM, or 

manifold-based classifiers on the learned feature space. 

Fig. 1. Standard Deep FER Processing Pipeline 
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V. COMPARATIVE ANALYSIS 

Table III presents a structured comparison of 

representative deep FER systems, organized by 

methodology, benchmark dataset, and key performance 

characteristics. The comparison highlights the evolution 

from single-modality static approaches to complex 

multimodal dynamic systems. 

 

Table III. Comparative Analysis of Representative Deep 

FER Systems 

 

Key findings from the comparative analysis: (1) Lab-

controlled benchmarks (CK+, Oulu-CASIA) consistently 

report higher accuracy (>95%) than in-the-wild sets 

(FER2013, AFEW: 60-88%), confirming the domain gap 

challenge. (2) Specialized loss functions deliver reliable 1-

2% improvements independent of backbone choice. (3) 

Simple frame aggregation adds limited value over strong 

per-frame classifiers; LSTM-based models demonstrate 

clearer temporal advantages. (4) Multimodal EEG-video 

fusion represents a qualitatively distinct performance 

regime, particularly for emotionally suppressed or 

ambiguous facial displays. 

VI. RESEARCH CHALLENGES 

Cross-Dataset Generalization: Models trained on one 

dataset experience 10-20% accuracy drops on held-out 

datasets due to distribution mismatch in illumination, pose, 

demographic composition, and annotation methodology. 

Annotation Noise and Label Ambiguity: Human 

annotators disagree on labels for a substantial fraction of 

natural expressions. This propagates as training noise 

disproportionately affecting ambiguous categories 

(disgust, contempt, fear). 

Computational Constraints: 3D CNNs, hierarchical 

LSTMs, and GAN-based preprocessing demand resources 

incompatible with real-time edge deployment in 

automotive and clinical monitoring applications. 

Ethical and Privacy Concerns: Automated emotional 

surveillance raises issues of demographic bias, misuse in 

retail or law enforcement contexts, and violation of 

affective privacy rights. Technical progress must be 

paralleled by governance framework development. 

EEG Acquisition Barriers: EEG hardware is expensive, 

intrusive, and subject-specific, with cross-subject signal 

variability demanding per-subject calibration that 

undermines scalability. 

VII. EMERGING TRENDS 

Vision Transformers (ViTs): Global self-attention 

mechanisms model long-range spatial dependencies 

between distant facial regions. Hybrid CNN-Transformer 

architectures combining local convolution with global 

attention show particular promise for FER. 

Self-Supervised and Contrastive Learning: Pre-training 

on large unlabeled facial corpora using contrastive 

objectives reduces labeled data requirements while 

achieving strong performance on expression benchmarks. 

Action Unit Guided Architectures: AU detection as an 

interpretable intermediate layer provides natural 

localization of discriminative facial regions and improves 

generalization to compound or culturally specific 

expressions. 

Federated Learning for Privacy-Preserving FER: 

Collaborative model training across distributed nodes 

without centralizing facial data addresses both privacy 

concerns and demographic diversity simultaneously. 

VIII. RESEARCH GAPS & FUTURE 

DIRECTIONS 

System / 

Authors 
Ye

ar 
Appr

oach 
Data

set 

Key 

Innovat

ion 

Perfor

mance 
Limit

ation 

Li & 

Deng [1] 
202

2 
Survey 

CNN 
Multi

ple 
Compre

hensive 

taxonom

y 

SOTA 

synthesi

s 

Meta-

analysi

s only 

PPDN — 

Zhao et 

al. [6] 

201

6 
Peak-

Piloted 

CNN 

CK+, 

Oulu 
Peak 

Gradient 

Suppress

ion 

~95-

96% 

(CK+) 

Needs 

peak 

annota

tion 

FaceNet2

ExpNet 

[7] 

201

7 
Transf

er 

Learni

ng 

CK+, 

FER2

013 

Two-

stage 

training 

~92-

94% 
Identit

y 

tradeof

f 

HoloNet ~20

18 
CNN + 

CReL

U 

FER2

013 
CReLU 

+ 

Inceptio

n-res 

~88-

89% 
Static 

only 

Island 

Loss 

Model 

~20

19 
CNN + 

Island 

Loss 

RAF-

DB, 

Affec

tNet 

Class 

center 

separatio

n 

+1-2% 

over CE 
Tunin

g 

sensiti

ve 

LP Loss 

Model 
~20

19 
CNN + 

LP 

Loss 

CK+, 

RAF-

DB 

Intraclas

s 

compact

ness 

+1-

1.5% 

over CE 

Datase

t 

depen

dent 

DeRL 

(GAN) 
~20

19 
GAN 

Residu

e 

CK+, 

FER2

013 

De-

expressi

on 

residue 

~92% GAN 

instabi

lity 

C3D / 3D 

CNN 
~20

17 
3D 

Conv 
AFE

W 

7.0 

Volumet

ric 

motion 

~60-

65% 
High 

compu

te cost 

Wu et al. 

[2] 
202

0 
LSTM 

EEG+

Video 

Custo

m 

EEG 

Selective 

focus 

attn. 

CR+2%

, 

F1+0.01

5 

EEG 

acquisi

tion 

cost 
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Unsupervised Domain Adaptation: General-purpose 

domain adaptation modules transferable between arbitrary 

source-target dataset pairs remain an open research 

problem. 

Compound and Micro-Expression Modeling: Multi-

label learning frameworks and dimensionally annotated 

datasets (valence-arousal) are needed to model the 

simultaneous or rapidly alternating emotional categories 

common in real-world interaction. 

Non-Invasive Physiological Sensing: Remote 

photoplethysmography (rPPG) and thermal imaging offer 

intermediate physiological signals bridging the gap 

between pure visual and invasive EEG approaches. 

Long-Tail and Imbalanced Expression Distributions: 

Long-tail learning strategies including class-balanced 

sampling, cost-sensitive loss weighting, and few-shot 

learning for rare expressions remain underexplored in the 

FER literature. 

IX. CONCLUSION 

This survey has presented a comprehensive critical 

analysis of the deep learning landscape for Facial 

Expression Recognition, spanning static image 

architectures, dynamic spatiotemporal models, and the 

multimodal video-EEG fusion paradigm. Three key 

technical insights emerge from this synthesis: (1) 

specialized loss functions such as Island Loss and LP Loss 

deliver reliable manifold optimization benefits 

independent of backbone architecture; (2) the Peak-Piloted 

Deep Network's gradient suppression strategy provides an 

elegant solution to expression intensity invariance; and (3) 

hierarchical LSTM fusion with selective temporal attention 

achieves measurable gains from EEG integration that 

complements visual modality limitations. 

The most productive future research directions lie at the 

intersection of domain adaptation, non-invasive 

physiological sensing, interpretable AU-guided 

architectures, and privacy-preserving federated learning. 

As emotionally intelligent systems become increasingly 

embedded in healthcare, transportation, and human-

computer interaction, the convergence of these technical 

advances with appropriate ethical frameworks will define 

the character of next-generation affective computing. This 

survey aims to serve as a structured foundation and critical 

roadmap for researchers navigating this rapidly evolving 

field. 
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