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Abstract: In the domains of computer vision and artificial intelligence, facial 

expression-based emotion recognition (FER) has emerged as a key research area 

and industrial challenge. Its growing importance is evident in applications such 

as intelligent surveillance, healthcare monitoring, interactive systems, and 

mental health assessment. This review systematically examines 95 research 

papers published between 2014 and 2024, focusing exclusively on studies 

employing facial imagery for FER. The reviewed works encompass traditional 

machine learning, deep learning, and hybrid approaches, and analyze their 

methodologies for preprocessing, data augmentation, and temporal feature 

extraction. Traditional machine learning methods such as SVM, KNN, and 

Random Forest achieved average accuracies ranging from 85% to 93%, with the 

best reaching 99% on the CK+ dataset. Deep learning architectures, including 

VGG16, ResNet-50, MobileNetV2, and DenseNet-161, reported accuracy 

improvements of up to 99.5% across benchmark datasets such as FER2013 

(35,887 images), CK+, JAFFE, KDEF, and RAF-DB (≈40,000 images). Hybrid 

models combining CNN feature extraction with classifiers such as SVM and 

GMM achieved 3–6% improvements in recognition accuracy over standalone 

CNN or SVM systems, reaching 99.69% on CK+ and 99.53% on JAFFE. By 

comparing benchmark datasets, algorithms, and performance metrics, this study 

highlights the significant evolution from handcrafted feature-based systems to 

fully automated deep learning pipelines. The findings provide a quantitative 

synthesis of the current state of FER research, offering both newcomers and 

advanced researchers a comprehensive understanding of the field’s progress, 

challenges, and future opportunities. 

Keywords: Facial expression recognition (FER); deep learning; hybrid models; 

temporal feature extraction; motion classification. 

1. Introduction 

A study shows that approximately 67% of human communication is 

nonverbal, leaving only 33% for spoken language [1, 2]. Facial expressions are 

the primary means of nonverbal communication, enabling people to interpret 

their emotions and intentions. Along with vocal tone, these expressions help 

identify states such as happiness, sadness, or anger. Because facial expressions 
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carry strong emotional meaning, their study has expanded rapidly in recent decades, with applications 

ranging from perceptual science and affective computing to computer animation and cognitive research. 

Furthermore, facial expression analysis has gained significance in mental health, psychology, and psychiatry 

[3]. The starting point of any Facial Emotion Recognition (FER) system is face detection, which isolates the face 

or its features from single images or video streams. Since images often contain complex backgrounds, 

preprocessing becomes essential [4]. While humans effortlessly identify faces and expressions even in such 

conditions, machines without proper training face challenges [5,6]. The primary goal of face detection is to 

distinguish useful facial regions from irrelevant elements. Its applications include surveillance video systems, 

gesture-based interactive recognition, automated photography, gender detection, tagging, and 

teleconferencing [7,8]. Many current methods operate primarily on grayscale inputs, though a limited number 

can process color images as well. Pixel-based approaches often fail to distinguish faces from similar regions 

such as hands, whereas window-based methods are restricted in analyzing multi-view characteristics [9,10]. 

For this reason, model matching remains the most prevalent technique for face detection in FER pipelines. 

The main objective of FER is to build relationships between facial expressions and the internal feelings 

they represent [11]. Conventionally, FER systems involve two fundamental processes: emotion detection and 

feature extraction. Image preprocessing, including normalization, scaling, cropping, and face localization, is a 

critical step for ensuring accuracy [12]. Removing irrelevant background elements narrows the focus to facial 

regions. Feature extraction then follows, with common methods such as Discrete Wavelet Transform (DWT) 

and Linear Discriminant Analysis (LDA) being widely used [13]. Once features are obtained, Neural Networks 

(NN) and other machine learning models are typically employed for classification. This stage also benefits 

from preprocessing steps such as alignment and rotation correction [14]. Cascade classifiers, particularly those 

based on AdaBoost, are highly reliable for face detection [15]. FER often combines geometric and appearance-

based approaches. Geometric techniques, for instance, map facial landmarks into vectors containing positional 

attributes such as coordinates, angles, and distances [16]. To better capture facial variations, spatial analysis 

of external features has also been employed [17]. Motion characteristics play a significant role in recognizing 

dynamic expressions, with classifiers designed to handle a diverse set of emotions [18]. 

In recent years, attention has shifted towards deep learning architectures for FER [19]. Convolutional 

Neural Networks (CNNs), in particular, have demonstrated better accuracy than classical methods such as 

Recurrent Neural Networks (RNNs) and Support Vector Machines (SVMs), though they are resource-intensive 

[20]. Large, well-annotated datasets are vital for improving training performance. FER research has also 

expanded to related tasks, such as predicting age and gender from facial cues [21,22]. Smart healthcare 

applications showcase the practical advantages of FER, in which intelligent cameras continuously capture 

patients' facial data and send it to cloud platforms for monitoring [23]. In addition, lightweight architectures 

designed for embedded devices, such as the Jetson Nano, have potential applications in law enforcement, 

particularly for suspect identification [24]. Among all the approaches, CNN-based systems are considered the 

most advanced, with specialized architectures created for emotion recognition in static images [25]. To further 

improve recognition rates, researchers suggest networks containing multiple convolutional and hidden layers 

[26]. Preprocessing remains vital for removing noise and extracting key features during pretraining [27]. 

Recent work has also examined how factors such as gender, activity, and occupation influence emotional 

expression in interactive settings, such as robotics labs and classrooms. 

Figure 1 presents a pictorial view of the growing research interest in emotion recognition over 15 years, 

from 2010 to 2025. This is a plot of a distinct, strong, increasing trend, showing an exponential rise in 

publication numbers. This is an indication of the field's growing significance and the rapid development of 

computational models and applications that have attracted increasing interest from the scientific community. 

Figure. 2 provides a conceptual delineation of the major uses of emotion recognition technology in the 

principal sectors of healthcare and teaching. As the data shows, healthcare usage, including patient monitoring 

and therapeutic assistants, is a principal field of application. In the teaching arena, technology is used through 

applications such as monitoring student participation and enabling personalized learning. This illustration 

highlights the real-world application and societal contribution of FER systems. In summary, the growing 

integration of emotion-aware systems into intelligent environments reflects a broader trend toward human-
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centered artificial intelligence. As FER continues to advance through deep learning and hybrid models, its 

potential extends across smart healthcare, adaptive education, and intelligent surveillance systems. However, 

real-world deployment still faces challenges related to data privacy, cultural variability, and interpretability. 

Thus, this review aims to consolidate current findings, compare methodologies, and identify emerging 

opportunities and challenges to guide future research in developing reliable and ethically responsible FER 

systems. 

 

Figure 1. Growth of publications in emotion recognition [4,19,30].  

 

Figure 2. Global applications of emotion recognition in education/healthcare.[3, 23, 28] 

2. Method of Review 
The methodology adopted for this review follows a systematic literature review (SLR) framework 

designed to synthesize and critically evaluate recent advances in Facial Emotion Recognition (FER) across 

machine learning, deep learning, and hybrid paradigms. The study focuses on applications of FER in 

healthcare monitoring, intelligent surveillance, behavioral analytics, education, and adaptive user interfaces. 

The review process was conducted in accordance with established SLR guidelines and comprises three key 

stages: literature search, screening and selection, and analysis and synthesis. 
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2.1 Literature Search Strategy 

Relevant publications were systematically retrieved from five major scientific databases: IEEE Xplore, 

ScienceDirect, SpringerLink, Wiley Online Library, and Google Scholar. To ensure comprehensive coverage, 

the following Boolean keyword combinations were used during the search: 

(“Facial Emotion Recognition” OR “Facial Expression Recognition”) AND (“Machine Learning” OR “Deep 

Learning” OR “Hybrid Models” OR “Affective Computing”) AND (“Datasets” OR “Feature Extraction” OR 

“Preprocessing”). 

The search covered 10 years (2014–2024) and captured both foundational and state-of-the-art studies. 

Additional manual searches were conducted in conference proceedings such as IEEE ICMEAS and CVPR to 

include the most recent advancements. 

2.2 Inclusion and Exclusion Criteria 

The retrieved articles were filtered using the following criteria: 

Inclusion Criteria: 

⚫ Studies focused explicitly on facial emotion or facial expression recognition using machine 

learning, deep learning, or hybrid techniques. 

⚫ Peer-reviewed journal or conference papers published between 2014 and 2024. 

⚫ Articles that included quantifiable performance metrics (accuracy, precision, recall, or F1-score). 

⚫ Studies employing publicly available datasets such as FER2013, CK+, JAFFE, RAF-DB, MMI, and 

KDEF. 

Exclusion Criteria: 

⚫ Non-English publications, theses, and unpublished manuscripts. 

⚫ Studies that focused solely on speech or gesture emotion recognition without facial analysis. 

⚫ Duplicate or overlapping studies were retrieved from multiple databases. 

2.3 Screening and Filtration Process 

An initial pool of approximately 230 publications was identified. After title and abstract 

screening, 120 studies were shortlisted for full-text evaluation. After applying the inclusion and 

exclusion criteria, 95 papers were selected for detailed analysis. Each paper was examined in terms 

of: 
1. Dataset characteristics and preprocessing strategies. 

2. Feature extraction and augmentation techniques. 

3. Model architecture (traditional, deep, or hybrid). 

4. Performance metrics and benchmarking protocols. 

2.4 Analysis and Synthesis 

The selected studies were categorized into three methodological groups—traditional machine 

learning, deep learning, and hybrid approaches—to enable structured comparison. Quantitative data, such as 

accuracy and dataset size, were tabulated for benchmarking, while qualitative aspects, such as robustness, 

computational cost, and ethical challenges, were synthesized thematically. Statistical trends and performance 

comparisons were then consolidated to provide a holistic overview of the evolution and current state of FER 

research. 

2.5 Keywords and search strategy 

Literature searching was supplemented with a combination of prespecified keywords and Boolean 

operators to achieve a relevant, focused retrieval of studies. The following key search terms were used: 

2.2.1 "Facial Expression Recognition (FER)" AND "Internet of Things (IoT)". 

2.2.2 "Deep Learning". 

2.2.3 " Hybrid Models" AND "Affective Computing". 

2.2.4 "Temporal Feature Extraction". 

2.2.5 "Emotion Classification" AND "Benchmark Datasets." 



ASEAN J. Sci. Tech. Report. 2026, 29(7), 5 of 23e262457.ASEAN J. Sci. Tech. Report. 2026, 29(7), e262457. 5 of 23 
 

 

The searches were performed across all fields (keyword, title, abstract, and full text, where available). 

Truncation and wildcard characters were used to capture variation in keywords (e.g., sensor, sensing, sensors). 

3. Machine Learning Approaches 
One common challenge is that while the main existing systems perform effectively on images from a 

regulated image environment, the model's performance may decline on difficult datasets due to increased 

image variation and partially visible facial regions. To address the concern, one approach uses the Histogram 

of Oriented Gradients (HOG) descriptor. The approach starts with the initial processing of the input image to 

identify the reference region for extracting the critical content, followed by the development of a face emotion 

classifier using the RF algorithm. This method's effectiveness and accuracy were demonstrated through 

analysis on the Japanese Female Facial Emotions (JAFFE) Database [32]. 

3.1 Introduction to different machine learning approaches  

Within the domain of facial emotion recognition, several machine learning algorithms have been 

extensively explored by researchers. Among these, Support Vector Machine (SVM), K-Nearest Neighbors 

(KNN), and Random Forest (RF) are the most frequently used due to their simplicity, robustness, and effective 

classification performance on small and medium-sized datasets. For instance, one study applied facial 

expression recognition to classify consumer gratification with products and services. Their architecture 

involved three primary stages: data collection (including user satisfaction, age, gender, and facial expressions), 

classification using machine learning algorithms, and a final model assessment to confirm accuracy [33].  

X, Liu et al. proposed a method for sentiment analysis of subjects by employing two new geometry-

based attributes: the landmark curve and the vectorized landmark, extracted from multiple facial regions 

related to facial muscle activity [34]. N. Iromini et al. implemented an innovative geometric extraction 

technique that uses six different distance measurements to compute facial features that optimally reflect one 

emotion, followed by the application of a decision tree to the JAFFE dataset. This system could distinguish 

between seven discrete emotions and achieved an identification rate of 89.20% on the JAFFE database, whereas 

the COHEN database achieved an identification rate of 90.61% [36]. For face detection, investigators have 

applied Principal Component Analysis (PCA) to identify faces using a reduced set of attributes and have 

utilized the KNN algorithm to derive features from the JAFFE dataset, achieving 85.71% accuracy after image 

preprocessing [37]. 

Other studies have focused on rigorous validation and direct classifier comparisons. H. I. et al. applied 

one-way analysis of variance and fivefold cross-validation (𝑝 < 0.01) to confirm the precision of the derived 

features, ultimately training KNN and Decision Tree (DT) classifiers to identify multiple categories of facial 

emotional states. KNN recorded a mean accuracy of 98.03%, whereas DT averaged 97.21% rate [38]. A 

comprehensive examination of a separate experiment revealed that the approach performed best when an 

SVM classifier was used. The accuracy declined to 79.98% with KNN and rose to 82.96% when Multilayer 

Perceptron (MLP) was employed [39]. To enhance performance, Linear Discriminant Analysis (LDA) has been 

used to improve SVM classification, achieving 99% accuracy and a 98% F1-score.  Similarly, B. Tamer Ghareeb 

et al. integrated SVM, Random Forest, KNN, and Naive Bayes algorithms, which exhibited varying degrees of 

accuracy [40]. 

 Another enhancement technique proposed by B. Tamer et al. involves using Principal Component 

Analysis (PCA) approach on effective Haar Face features to reduce dimensionality, allowing the resulting 

Eigenvectors to be used with an SVM classifier to detect fundamental human emotions [41]. SVM methods 

and Active learning have also been adopted to recognize human facial emotions by categorizing facial action 

units into classifications [42]. A study used the Yale Face dataset, which includes 11 human facial states, such 

as normal, happy, sad, sleepy, and surprised. Using sensitivity, precision, F-measure, G-mean, and accuracy 

as performance evaluation metrics, the proposed BGA-RF method achieved a maximum precision of 96.03%. 

The experimental outcomes confirmed the method’s efficacy, highlighting its enhanced accuracy compared to 

similar methods [43]. 
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Figure 3. Computational Approaches to FER using Machine Learning. 

Figure 3 shows a typical pipeline of an FER system with machine learning. This pipeline is activated 

by a labeled image dataset, which is prepared (e.g., resizing, normalization) to bring the images into a standard 

format. Then, discriminative face features are extracted through methods such as HOG, LBP, or PCA. These 

extracted face features are now passed to a Machine Learning Algorithm for training, e.g., SVM, KNN, or a 

Random Forest. This trained algorithm can now accept a new face image and return its class, indicating the 

emotion it belongs to, such as happy, sad, or angry. 

Table 1. Comprehensive evaluation of machine learning for FER system. 

Reference Databases Techniques Properties Emotion 

[31] FECR SVM LDA, PCA 6 

[32] JAFFE RF Histograms of oriented gradient (HOG) 7 

[33] Private SVM No 7 

[34] CK+, MUG SVM Geometric 8 

[35] CK+, JAFFE CART Geometric and global features 7 

[36] JAFFE KNN PCA 7 

[37] Private KNN Haar-like features 6 

[38] CK+ SVM LBP, Gabor filter, PCA 7 

[39] CK+ SVM PCA 7 

[40] AffectNet SVM Grid search 8 

[41] FER 13 LR No 5 

[42] CK+ SVM PCA and LBP 7 

[43] Yale faces RF Histograms of oriented gradient (HOG) 11 
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Table 1 provides a comparative overview of machine learning techniques used for facial emotion 

recognition (FER) across multiple benchmark datasets. The studies used algorithms such as SVM, KNN, RF, 

CART, and LR, often combined with feature extraction methods such as PCA, LBP, Gabor filters, and 

geometric features. The number of recognized emotions ranged from 5 to 11, depending on the dataset and 

feature type. Notably, SVM emerged as the most widely used classifier due to its strong generalization across 

datasets such as CK+, JAFFE, and AffectNet. Overall, this comparison highlights how the choice of features 

and classifiers significantly influences FER system performance. Note: The “Emotion” column indicates the 

number of discrete emotional classes recognized in each study (e.g., six basic emotions — happiness, sadness, 

anger, fear, surprise, and disgust — or extended sets including neutral and contempt) 

4. Deep Learning Approaches   
Deep learning has witnessed remarkable progress in Facial Emotion Recognition (FER), with 

researchers achieving high accuracy using various pre-trained models and novel architectures. For instance, 

one methodology that used pre-configured models found that DenseNet-161 achieved the highest accuracy 

on both the JAFFE and Karolinska Directed Emotional Faces (KDEF) test sets, reaching 99.52% and 96.51%, 

respectively, using a 10-fold cross-validation method [44]. Z. Y. Huang et al. have developed a high-

performing model, the Facial Emotion Recognition using Convolutional Neural Networks (FERC) model, 

which uses an Expressional Vector (EV) and a two-level CNN to identify five distinct facial gestures, attaining 

an accuracy rate of 96% on a database of 10,000 images [45]. In a comprehensive evaluation across 25 cutting-

edge techniques on 5 standard datasets (including JAFFE and CK+), one proposed methodology was found to 

perform better than all other advanced methods on every dataset [46]. For specific real-time applications, deep 

learning models have been rigorously compared. A study proposed by S. Gupta et al. focused on measuring 

online learners' engagement by analyzing facial expressions compared to Inception-V3 (89.11% accuracy), 

VGG19 (90.14%), and ResNet-50. The results showed that ResNet-50 surpassed the other models, achieving 

92.32% accuracy in real-time facial emotion categorization on widely used benchmark datasets, namely the 

Real-world Affective Faces Database (RAF-DB), CK+, and FER-2013 [47]. 

4.1 Different methodologies in deep learning 

A major focus in FER research is creating efficient, lightweight networks that do not sacrifice accuracy. 

MobileNetV2, a CNN model known for its speed, produces quick and accurate real-time output when 

integrated with supervised transfer learning, an island loss, and a joint supervision strategy, surpassing other 

approaches on the CK+, JAFFE, and FER2013 datasets [48]. Building on this, a lightweight model called  A-

MobileNet integrates an attention module into MobileNetV1 to enhance local feature extraction. By combining 

softmax loss and center loss to tune the model's parameters, this strategy improves accuracy while maintaining 

the original MobileNet series' model size, demonstrating superior efficiency on the FERPlus and RAF-DB 

datasets [49].  

Beyond lightweight models, researchers have improved existing architectures. C. Dong et al. proposed 

modifications to the VGG16 network by replacing its three dense layers with one dense layer and two 

convolutional layers, and switching to local-based adaptive pooling before training on the Static Facial 

Expressions in the Wild (SFEW) and RAF-DB datasets [51]. Innovations in residual networks include a residual 

masking network, which merges a deep residual network with a U-Net-like design to retain high accuracy on 

the Versatile Elastic Multi-modal (VEMO) and FER2013 datasets [52]. B. Li et al.'s method offers a way to 

extract attributes from ResNet-50 that exhibit superior performance in experimental simulations compared to 

the most popular existing models [53]. Furthermore, a deep learning approach leveraging attentional 

convolutional networks has been shown to surpass previous models by precisely identifying and focusing on 

important facial attributes across datasets such as CK+, FER-2013, JAFFE, and FERG [54]. 

A key challenge is that existing models are often inadequate for real-world situations involving 

inconsistent lighting conditions, partially hidden faces, and random noise in images. To solve this, L. Xiong et 

al. have proposed integrating a Context Transformer (CoT) module with CNN and Vision Transformer (ViT) 

architectures [55]. This improves the model's resilience to illumination and its capability to uncover intricate 

dependencies among local characteristics in intricate situations [56]. Advanced techniques proposed by 
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Z. Gao et al. and M. Verma et al. include a hierarchical attention architecture incorporating a progressive 

feature fusion methodology, a selective kernel network, and an innovative feature descriptor called the Cross-

Centroid Ripple Pattern (CRIP) [57,58]. For specialized conditions, researchers have developed a method for 

detecting faces using drones to improve identification in poor lighting or aerial scenarios [59]. A method for 

identifying emotion from masked facial images using CNN feature analysis and low-light image 

augmentation [60]. 

Many projects have focused on building deep learning frameworks for specific tasks. E. Pranav et al. 

in their study have aimed to build a Deep Convolutional Neural Network (DCNN) that can recognize a set 

number of distinct emotions, often using manually compiled photo collections for training and verification 

[61]. A real-time face emotion classification and recognition using a deep learning model study demonstrated 

this by training a CNN framework on the JAFFE and FER-2013 datasets, achieving 98.64% and 70.01% 

accuracy, respectively [62]. Real-time recognition systems have applications in security, healthcare, and safety 

assessments, with some systems using a sequential approach that combines Haar cascade detection for facial 

identification with a Keras CNN model for emotion analysis. These deep learning approaches are attracting 

considerable attention from the research community and are becoming crucial for classification, enabling 

innovative biomedical applications and even systems that detect individuals with autism instantaneously [63]. 

Even with extensive research, facial expressions remain intricate and dynamic, hindering accurate 

identification. Based on both laboratory and real-world findings, it is evident that deep learning holds 

significant potential for the future of facial emotion recognition. The field is constantly advancing, with 

researchers now refining models that build on ConvNeXt and Vision Transformer, using improved 

hyperparameters on new datasets [64]. 

 
Figure 4. Computational Approaches to FER using Deep Learning 

Figure 4 illustrates an end-to-end, complete pipeline of an FER system that is deep learning-based. A 

large image Dataset is first made ready by preprocessing (e.g., normalization, resizing) and augmentation 

(e.g., rotation, flipping) to make it robust. Such prepared images are then fed directly to a deep neural network, 

e.g., a CNN, ResNet, or even MobileNet, to train and perform hyperparameter tuning. Finally, the trained 
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architecture is ready to classify emotions from new facial images. Note: The “Emotion” column indicates the 

number of discrete emotional classes recognized in each study (e.g., six basic emotions — happiness, sadness, 

anger, fear, surprise, and disgust — or extended sets including neutral and contempt) 

Table 2. Comprehensive evaluation of deep learning for FER system 

 

Table 2 summarizes the performance of various deep learning models for facial emotion recognition 

(FER) across different datasets. The studies primarily focused on CNN-based architectures such as VGG16, 

ResNet-50, MobileNet (V1 and V2), DenseNet-161, and FERC, across well-known datasets including FER2013, 

CK+, JAFFE, KDEF, RAF-DB, and NIST. Most approaches focused on recognizing six to seven basic emotions, 

demonstrating the robustness of convolutional neural networks in learning spatial and hierarchical facial 

features. Among these, lightweight models such as MobileNet variants offered efficient performance suitable 

for real-time FER applications, while deeper architectures such as VGG16 and DenseNet-161 achieved higher 

accuracy on more complex datasets. 

5.  Hybrid Approaches 
Hybrid learning in FER often involves integrating the powerful feature extraction of deep networks with 

the effectiveness of traditional classifiers. For instance, the Hybrid facial emotion recognition using CNN-

based features study used a Deep Belief Network (DBN) to create a comprehensive video feature 

representation by averaging segment-level features, and then leveraged a Support Vector Machine (SVM) for 

classification. The approach was particularly useful for complex scenarios, such as interpreting emotions from 

concealed faces [65]. It's known that concealing the mouth complicates emotion recognition, and to address 

this, H. M. Shahzad et al. used prominent deep learning models such as VGG-16 and AlexNet for feature 

extraction, followed by multiple classifiers to improve predictive accuracy [66]. Another method employed 

facial recognition software to derive extract Network Difference Features (NDF) by analyzing connections 

between adjacent locations, before using a random forest classifier to sort expressions into seven groups [67]. 

5.1 Different methodologies in deep learning   

More intricate integrations involve combining various kinds of neural networks. To capture the 

geometric interactions among facial landmarks, one approach integrates Attention Long Short-Term Memory 

(ALSTM) networks with Spatial Attention Convolutional Neural Networks (SACNNs) to develop robust 

integrated features for expression identification [68]. The concept of Deep Hybrid Learning (DHL) involves 

combining deep learning and transfer learning methods, and one study compared models such as CNN, 

LSTM, Inception, and ResNet to categorize facial emotions as happy or angry [69]. Another successful strategy 

is the fusion of shallow and deep features. Cross-database studies have demonstrated the immense potential 

of this approach, yielding promising results compared with other cutting-edge models [70]. A specific example 

of this is a combined method that uses the energy-entropy-based Dual-Tree M-Band Wavelet Transform 

(DTMBWT) for high-precision feature extraction, which is then classified using a Gaussian mixture model 

(GMM) [71]. 

Several advanced hybrid systems have been developed for unique applications. One state-of-the-art 

system sorts facial motion flows by combining CNN-based classification of facial geometry motion and SVM-

based classification of facial motion, achieving much higher performance than individual classifiers [72]. 

Reference Datasets Methods Emotions 

[44] NIST, CMU, and Caltech face FERC 7 

[46] FERPlus and RAF-DB MobileNet 7 

[47] FER2013 and CK+ VGG16 7 

[49] JAFFE,CK+  and FER2013 MobileNet V2 7 

[51] Random dataset, FER-2013 MobileNet-V1 7 

[52] CK ResNet-50 7 

[53] KDEF VGG16 6 

[54] KDEF and JAFFE DenseNet-161 7 
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Another model introduces a deep learning approach that uses one CNN to assess a primary emotion (such as 

neutral or angry) and a subsequent CNN to determine the subordinate emotion [73]. To achieve results 

comparable to human assessors, a Gaussian Mixture Model (GMM) and a Deep Neural Network (DNN) were 

tested in .in under both low- and high-noise conditions [74]. Furthermore, in scenarios where facial expressions 

may be fundamentally misleading, a multimodal emotion recognition paradigm is highly effective at 

accurately determining emotions, with performance that surpasses or compares favorably with that reported 

in the existing literature [75]. A comprehensive investigation of the efficacy of Hybrid learning for the FER 

system is presented in Table 3. 

 

 
Figure 5. Computational Approaches to FER using Hybrid Learning 

Figure 5 illustrates a hybrid FER pipeline that divides feature extraction from classification. Following 

initial Preprocessing and Augmentation of a prepared Dataset, a deep network (e.g., a CNN or VGG-16) serves 

as a Feature Extractor. These higher-level features are passed through a distinct, sometimes traditional, 

Classifier (e.g., SVM, Random Forest) to produce an emotion prediction. The model is optimized through 

training and confirmed using evaluation metrics. 

 

 

 

 

 

 

 

 

 

 

 



ASEAN J. Sci. Tech. Report. 2026, 29(7), 11 of 23e262457.
 

 
R

ev
ie

w
 a

rt
ic

le
 

  A
S

E
A

N
 J
. 

S
ci

. 
T

ec
h
. 

R
ep

or
t.

 2
02

6,
 2

9(
7)

, e
26

24
57

. 
h

tt
p

s:
//

d
o

i.o
rg

/1
0.

55
16

4/
aj

st
r.

v
29

i7
.2

62
45

7 

T
ab

le
 3

. C
o

m
p

re
h

en
si

v
e 

ev
al

u
at

io
n

 o
f 

h
y

b
ri

d
 l

ea
rn

in
g

 f
o

r 
F

E
R

 s
y

st
em

. 

R
ef

er
en

ce
 

D
at

as
et

s 
F

ea
tu

re
 e

xt
ra

ct
io

n
 

S
eg

m
en

ta
ti

o
n

 
E

m
o

ti
o

n
s 

[6
5]

 
B

A
U

M
-1

s,
 R

M
L

, a
n

d
 M

M
I 

D
ee

p
 b

el
ie

f 
n

et
w

o
rk

 (
D

B
N

) 
S

V
M

 
6 

[6
6]

 
M

-L
F

W
-F

E
R

 
A

le
x

N
et

 a
n

d
 V

G
G

-1
6,

 C
N

N
 

S
V

M
 

7 

[6
7]

 
S

F
E

W
, R

A
F

 
N

ei
g

h
b

o
rh

o
o

d
 d

if
fe

re
n

ce
 f

ea
tu

re
s 

N
F

D
 

R
F

 
7 

[6
8]

 
F

E
R

20
13

, C
K

+,
 a

n
d

 J
A

F
F

E
 

S
p

at
ia

l 
at

te
n

ti
o

n
 c

o
n

v
o

lu
ti

o
n

al
 n

eu
ra

l 
n

et
w

o
rk

 (
S

A
C

N
N

) 
L

o
n

g
 s

h
o

rt
-t

er
m

 m
em

o
ry

 

n
et

w
o

rk
s 

w
it

h
 a

tt
en

ti
o

n
 

m
ec

h
an

is
m

 (
A

L
S

T
M

s)
 

7 

[6
9]

 
M

u
lt

is
o

u
rc

e 
C

N
N

 
L

S
T

M
 

6 

[7
0]

 
C

K
+ 

C
N

N
 

- 
7 

[7
1]

 
JA

F
F

E
 

D
u

al
-t

re
e 

M
-b

an
d

 W
av

el
et

 T
ra

n
sf

o
rm

 (
D

T
M

B
W

T
) 

G
au

ss
ia

n
 M

ix
tu

re
 M

o
d

el
 

(G
M

M
) 

7 

[7
2]

 
C

K
+,

 B
U

4D
 

C
N

N
 

S
V

M
 

7 

[7
3]

 
JA

F
F

E
, F

E
R

20
13

 
C

N
N

 
C

N
N

 
7 

[7
4]

 
E

S
D

 
G

au
ss

ia
n

 M
ix

tu
re

 M
o

d
el

 a
n

d
 D

ee
p

 N
eu

ra
l 

N
et

w
o

rk
 

(G
M

M
-D

N
N

) 

S
V

M
s 

an
d

 M
L

P
 

6 

[7
5]

 
L

U
M

E
D

-2
, D

E
A

P
 

C
N

N
 

D
T

 
3 

      



ASEAN J. Sci. Tech. Report. 2026, 29(7), 12 of 23e262457.

A
S

E
A

N
 J
. 

S
ci

. 
T

ec
h
. 

R
ep

or
t.

 2
02

6,
 2

9(
7)

, e
26

24
57

. 
2 

o
f 

23
 

  T
ab

le
 4

. B
en

ch
m

ar
k

in
g

 D
at

as
et

s 
fo

r 
F

ac
ia

l 
E

m
o

ti
o

n
 R

ec
o

g
n

it
io

n
 S

y
st

em
s.

 

D
at

as
et

 
D

es
cr

ip
ti

o
n

 

M
U

G
 [

76
] 

T
h

e 
d

at
ab

as
e 

co
n

ta
in

s 
d

et
ai

ls
 o

f 
86

 C
au

ca
si

an
 i

n
d

iv
id

u
al

s 
ag

ed
 2

0
-3

5 
y

ea
rs

. A
m

o
n

g
 t

h
em

, 3
5 

ar
e 

w
o

m
en

, a
n

d
 5

1 
ar

e 
m

en
, w

it
h

 s
o

m
e 

p
ar

ti
ci

p
an

ts
 b

ei
n

g
 c

le
an

-s
h

av
en

. A
p

ar
t 

fr
o

m
 s

ev
en

 e
n

tr
ie

s 
fo

u
n

d
 in

 t
h

e 
la

tt
er

 p
o

rt
io

n
 o

f 
th

e 
d

at
as

et
, n

o
 s

u
b

je
ct

s 
w

er
e 

re
la

te
d

 t
o

 s
p

o
rt

s.
 

T
h

e 
fe

w
 i

rr
eg

u
la

ri
ti

es
 o

b
se

rv
ed

 w
er

e 
st

ra
y

 f
ac

ia
l 

h
ai

rs
. I

n
 s

o
m

e 
im

ag
es

 i
n

 t
h

e 
se

co
n

d
 p

ar
t,

 a
 h

an
d

 w
as

 p
ar

ti
al

ly
 c

o
v

er
in

g
 t

h
e 

fa
ce

. 

R
A

F
-D

B
 [

77
] 

T
h

e 
R

ea
l-

w
o

rl
d

 A
ff

ec
ti

v
e 

F
ac

es
 D

at
ab

as
e 

(R
A

F
-D

B
) 

is
 d

es
ig

n
ed

 f
o

r 
fa

ci
al

 e
m

o
ti

o
n

 a
n

al
y

si
s.

 I
t 

co
n

ta
in

s 
39

,6
72

 i
m

ag
es

 a
n

n
o

ta
te

d
 b

y
 

40
 i

n
d

ep
en

d
en

t 
ev

al
u

at
o

rs
, 

co
v

er
in

g
 b

o
th

 b
as

ic
 a

n
d

 c
o

m
p

o
u

n
d

 e
m

o
ti

o
n

al
 e

x
p

re
ss

io
n

s.
 T

h
e 

d
at

as
et

 i
n

cl
u

d
es

 i
n

d
iv

id
u

al
s 

o
f 

v
ar

y
in

g
 

ag
es

, g
en

d
er

s,
 a

n
d

 e
th

n
ic

it
ie

s,
 a

s 
w

el
l 

as
 a

 w
id

e 
ra

n
g

e 
o

f 
li

g
h

ti
n

g
 c

o
n

d
it

io
n

s.
 I

t 
al

so
 a

cc
o

u
n

ts
 f

o
r 

d
if

fe
re

n
t 

ty
p

es
 o

f 
o

b
st

ru
ct

io
n

s,
 s

u
ch

 

as
 g

la
ss

es
, s

el
f-

o
b

st
ru

ct
io

n
, 

o
r 

fa
ci

al
 h

ai
r,

 a
n

d
 i

n
co

rp
o

ra
te

s 
su

b
se

q
u

en
t 

p
ro

ce
ss

in
g

 s
te

p
s,

 s
u

ch
 a

s 
fi

lt
er

s 
an

d
 s

p
ec

ia
l 

ef
fe

ct
s.

 

M
M

I 
[7

8]
 

T
h

is
 d

at
as

et
 c

o
n

ta
in

s 
m

o
re

 t
h

an
 2

,9
00

 v
id

eo
s 

a
n

d
 h

ig
h

-d
ef

in
it

io
n

 s
ta

ti
c 

im
ag

es
 o

f 
75

 i
n

d
iv

id
u

al
s.

 E
v

en
t 

co
d

in
g

 t
ra

ck
s 

th
e 

p
re

se
n

ce
 o

f 

A
ct

io
n

 U
n

it
s 

(A
U

s)
 i

n
 v

id
eo

 s
eq

u
en

ce
s,

 w
h

il
e 

in
co

m
p

le
te

-f
ra

m
e 

en
co

d
in

g
 i

n
d

ic
at

es
 w

h
et

h
er

 a
n

 A
U

 i
s 

at
 t

h
e 

o
n

se
t,

 p
ea

k
, 

o
ff

se
t,

 o
r 

n
eu

tr
al

 s
ta

g
e 

w
it

h
in

 a
 g

iv
en

 f
ra

m
e.

 I
n

 a
d

d
it

io
n

, 
li

m
it

ed
 a

n
n

o
ta

ti
o

n
s 

ar
e 

p
ro

v
id

ed
 f

o
r 

m
u

lt
im

o
d

al
 e

n
te

rt
ai

n
m

en
t 

p
u

rp
o

se
s.

 T
h

e 

re
se

ar
ch

er
s 

ca
n

 f
re

el
y

 a
cc

es
s 

th
e 

d
at

ab
as

e.
 

F
E

R
20

13
 [

79
] 

T
h

e 
F

E
R

+ 
d

at
as

et
 c

la
ss

if
ie

s 
im

ag
es

 i
n

to
 n

eu
tr

al
, 

su
rp

ri
se

d
, 

an
g

ry
, 

d
is

g
u

st
ed

, 
sa

d
, 

co
n

te
m

p
tu

o
u

s,
 a

n
d

 f
ea

rf
u

l 
ca

te
g

o
ri

es
. 

It
 s

er
v

es
 a

n
 

en
h

an
ce

d
 v

er
si

o
n

 o
f 

th
e 

in
it

ia
l 

F
E

R
 d

at
as

et
. I

n
 a

d
d

it
io

n
 t

o
 t

h
e 

st
an

d
ar

d
 F

E
R

 l
ab

el
s,

 F
E

R
+ 

in
cl

u
d

es
 s

u
p

p
le

m
en

ta
ry

 a
n

n
o

ta
ti

o
n

s.
 T

h
es

e 

an
n

o
ta

ti
o

n
s 

ar
e 

g
en

er
at

ed
 b

y
 a

v
er

a
g

in
g

 r
es

p
o

n
se

s 
fr

o
m

 1
0 

in
d

ep
en

d
en

t 
cr

o
w

d
so

u
rc

ed
 e

v
al

u
at

o
rs

, r
es

u
lt

in
g

 in
 m

o
re

 r
el

ia
b

le
 g

ro
u

n
d

-

tr
u

th
 l

ab
el

s 
fo

r 
em

o
ti

o
n

s 
in

 s
ta

ti
c 

im
ag

es
 t

h
a

n
 i

n
 t

h
e 

o
ri

g
in

al
 F

E
R

 d
at

as
et

. 
U

si
n

g
 m

u
lt

ip
le

 a
n

n
o

ta
to

rs
 p

er
 i

m
ag

e 
al

so
 a

ll
o

w
s 

re
se

ar
ch

er
s 

to
 d

er
iv

e 
a 

p
ro

b
ab

il
is

ti
c 

m
o

d
el

 o
f 

ea
ch

 f
ac

e'
s 

em
o

ti
o

n
s.

 

K
D

E
F

 [
80

] 
T

h
e 

d
at

as
et

 c
o

n
si

st
s 

o
f 

co
lo

u
r 

fa
ci

al
 i

m
ag

es
 w

it
h

o
u

t 
v

is
ib

le
 h

ai
rl

in
es

, 
ta

k
en

 f
ro

m
 t

h
e 

K
ar

o
li

n
sk

a 
D

ir
ec

te
d

 E
m

o
ti

o
n

al
 F

ac
es

 (
K

D
E

F
) 

d
at

ab
as

e.
 I

t 
in

cl
u

d
es

 4
90

 p
h

o
to

g
ra

p
h

s 
re

p
re

se
n

ti
n

g
 7

0 
in

d
iv

id
u

al
s,

 e
v

en
ly

 d
iv

id
ed

 i
n

to
 3

5 
m

al
es

 a
n

d
 3

5 
fe

m
al

es
. 

A
s 

re
p

o
rt

ed
 b

y
 

L
u

n
d

q
v

is
t 

et
 a

l.
 (

19
98

),
 t

h
e 

fa
ci

al
 c

o
n

fi
g

u
ra

ti
o

n
s 

ca
p

tu
re

d
 c

o
v

er
 a

 r
an

g
e 

o
f 

in
te

n
si

ti
es

, 
fr

o
m

 n
eu

tr
al

 t
o

 a
 f

u
ll

 e
m

o
ti

o
n

al
 d

is
p

la
y

, 

in
cl

u
d

in
g

 d
is

g
u

st
, h

ap
p

in
es

s,
 s

u
rp

ri
se

, f
ea

r,
 a

n
d

 s
ad

n
es

s.
 A

ll
 i

m
ag

es
 a

re
 p

re
se

n
te

d
 i

n
 a

 f
ro

n
ta

l 
v

ie
w

. 

 

        



ASEAN J. Sci. Tech. Report. 2026, 29(7), 13 of 23e262457.
 

 Review article 

 

 

ASEAN J. Sci. Tech. Report. 2026, 29(7), e262457. https://doi.org/10.55164/ajstr.v29i7.262457 

A comparative examination of learning techniques uncovers the most important trade-off between 

hand and algorithmic methods. Classical machine learning involves handcrafted feature engineering, so it is 

efficient for smaller datasets, where domain knowledge can guide simpler algorithms with lower 

computational expense. Conversely, deep learning learns features automatically using complex neural 

networks that perform better on enormous datasets but require substantial computational power and large 

amounts of data to learn well. Hybrid learning addresses the gap between these two paradigms by combining 

techniques from both in synergistic models, solving complex problems more accurately. Among the above 

approaches, data augmentation is an essential technique that artificially enlarges training data to enhance 

model generalization, avoid overfitting, and improve overall robustness. Therefore, the comparative study of 

various learning approaches is shown in Table 5. 

Table 5. Comparative study of various learning approaches. 

Reference Datasets Classification Performance (%) Comments 

[33] Private SVM-SMOTE 86.01 The results were confirmed in 

subsequent presentations, and the 

initial experiment validated the method 

for collecting the machine learning 

dataset. The study demonstrated the 

technique’s ability to determine user 

satisfaction accurately. 

[34] JAFFE and 

CK+ 

CART 89.21 Facial distance was calculated using 

Minkowski, Manhattan, or Euclidean 

metrics. A decision tree was then used 

to analyze these three distance 

measurements. On the JAFFE dataset, 

the Minkowski distance yielded the 

best results. 

[36] JAFFE KNN 85.71 The algorithm’s effectiveness was 

assessed using MATLAB scripts, with 

accuracy and the number of correct 

versus incorrect classifications used to 

evaluate performance. The final results 

showed that 60 images were correctly 

classified and 10 were not, yielding an 

overall accuracy of 85.71%. 

[37] Private KNN 98.02 This study used the Lucas-Kanade 

optical flow method to monitor marker 

placements continuously. The 

significance of distance-based features 

extracted from six different emotions 

was then examined using a single-

factor analysis of variance. 

[38] CK+ SVM 93.53 This work presents an algorithm for 

identifying eight archetypal facial 

emotions. Principal Component 

Analysis (PCA) was applied to reduce 

the feature space. These authors trained  
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Table 5. Comparative study of various learning approaches. (continue) 

Reference Datasets Classification Performance (%) Comments 

[38] CK+ SVM 93.53 and evaluated three different 

classifiers for categorization 

employing a 10-fold cross-

validation approach.  

[39] CK+ SVM 91.5 The outcomes clearly confirmed the 

effectiveness of the recommended 

technique for reliably extracting 

facial expressions from video. 

[46] FERPlus and 

RAF-DB 

MobileNet 88.11 According to experimental findings, 

the enhanced model outperforms 

other advanced techniques, 

including the lightweight 

MobileNet series. The model 

achieved 88.11% accuracy on 

FERPlus and 84.5% on the RAF-DB 

dataset. 

[47] FER2013 

dataset and 

CK+ 

VGG16 57.34 The authors modified the pre-

trained VGG16 model by 

substituting two entirely connected 

layers with convolutional layers. 

This was done to minimize network 

parameters and alter the pooling 

strategy. 

[51] FER-2013, 

Random 

dataset 

MobileNet-V1 97.9 A key contribution of this research is 

the accurate and effective retrieval 

of seven distinct behaviors. The 

method successfully created a 

seven-class emotion recognition 

system using photographic inputs. 

[53] KDEF VGG16 88 The CNN model, validated using 

performance metrics, achieved 88% 

accuracy. The results demonstrate 

that this network design 

significantly surpasses previous 

approaches. 

[63] FER-2013, CK+ 

and RAF-DB 

ResNet-50 92.32 The proposed method was 

evaluated in an online learning 

scenario involving twenty students. 

The system successfully used 

automated facial expression 

recognition to differentiate between 

“engaged” and “disengaged” states. 

[65] BAUM-1s, 

RML, and 

MMI 

SVM 55.85, 73.73, 71.43 The authors first trained a VGG16 

model on ImageNet, then separately 

modified the temporal and spatial 

CNN networks using video data. A 

deep DBN was used to study 

multiple spatio-temporal CNN  
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Table 5. Comparative study of various learning approaches. (continue) 

Reference Datasets Classification Performance (%) Comments 

[65] BAUM-1s, 

RML, and 

MMI 

SVM 55.85, 73.73, 71.43 characteristics for effective 

integration jointly. 

[66] M-LFW-FER SVM 65.5 The presence of a mask reduces 

realism by obscuring key facial 

features. A mask can also alter facial 

characteristics, making detection 

more difficult for an algorithm. 

Furthermore, a machine’s accuracy 

may be limited by its inability to 

understand the complexity of 

human emotions fully. 

[67] RAF, SFEW RF 57.7, 59 Previous approaches often required 

significant computational power 

due to their reliance on deep models 

and were limited to specific 

emotions. In contrast, the suggested 

technology is adaptable and can 

recognize complex expressions, 

with performance depending on the 

training. 

[69] Multisource LSTM 81.42 Experimental results showed that 

VGG19 had the lowest and most 

consistent accuracy during training. 

Among the transfer learning 

methods tested, the 

InceptionResNet Model achieved 

the peak precision. 

[70] CK+ Scale-invariant 

feature 

transform 

(SIFT) 

94.82 This work demonstrated a method 

for extracting features from 

individual image frames to 

recognize various facial expressions. 

By integrating SIFT with features 

from a deep learning CNN model, 

composite characteristics are 

created. An SVM is then used for 

expression analysis, considering all 

attributes simultaneously. 

[71] JAFFE Gaussian 

mixture model 

(GMM) 

99.53 This study introduces a method to 

enhance the accuracy of high-

performance FER. To achieve the 

desired performance level, a hybrid 

approach is recommended, using 

the DTMBWT algorithm, which 

relies on the Gray-level Co-

occurrence Matrix (GLCM) and 

energy. 
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Table 5. Comparative study of various learning approaches. (continue) 

Reference Datasets Classification Performance (%) Comments 

[72] CK+, BU4D SVM 99.69, 94.69 While the outlined techniques are 

useful for large datasets, they tend 

to generate an excessive number of 

interest points. A current limitation 

is the system’s reliance on Western 

databases; the final goal is to 

incorporate an Eastern dataset. 

[73] JAFFE, 

FER2013 

CNN 94.12, 97.07 This research employs a CNN for 

identifying the main emotion in an 

image (joyful or angry) and for 

estimating a subsequent emotion. 

When optimized on the JAFFE and 

FER2013 datasets, the model 

demonstrated greater effectiveness 

than traditional methods. 

[74] ESD MLP and 

SVMs 

83.97 A key limitation was the use of a 

synthetic Emirati speech sample 

that lacked naturalness, reflecting 

the general difficulty of capturing 

genuine emotions on video. Most 

available databases of this type 

operate similarly. 

[75] LUMED-2, 

DEAP 

DT 74.2, 53.8 The EEG modality has low subject-

independent accuracy because of its 

non-stationary nature, but this can 

be beneficial when there are few 

output classes. The system only 

classified two states—high/low 

valence and arousal—to determine 

emotional state. 

6.  Discussion 
While many existing reviews have emphasized facial emotion recognition (FER) in various contexts, 

they often miss certain innovative approaches and fail to cover the full range of classification models available. 

The primary objective of the study is to analyze deep learning models capable of accurately detecting diverse 

facial emotions. Model training, testing, and validation were carried out using a manually designed image 

collection protocol. A referenced study highlighted the evolution of a CNN-based deep learning data-driven 

structure that successfully classified emotions from images with high precision. This work offers a thorough 

overview of deep learning, machine learning, and hybrid fuzzy systems applied to FER. It also explores a wide 

array of applications and the challenges associated with FER systems. The research aims to conduct a detailed 

literature review of recent publications and identify the most widely used architectures for emotional state 

detection in facial expression datasets, along with their preprocessing methods. The study initially examines 

classical machine learning techniques, including Random Forests (RF), Support Vector Machines (SVM), 

Decision Trees (DT), and K-Nearest Neighbors (KNN). The results varied depending on the datasets and the 

hyperparameter tuning. For example, RF achieved 99.59% accuracy that utilized the CK+ dataset for both 

training and validation, while SVM reached 57.10% accuracy on the RAF dataset. This study also summarizes 

several convolutional neural network (CNN) architectures, with a particular emphasis on deep learning 

models such as CNN, MobileNet, ResNet, and VGG-16. Both lightweight and intricate network designs were 
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evaluated in the FER context. A key challenge in comparing model performance was the use of different 

datasets—some containing image sequences and others containing single frames —limiting the consistency of 

training and testing. 

Hybrid models outperform conventional CNN architectures primarily because they combine deep 

feature extraction with robust statistical classification. While CNNs automatically learn hierarchical spatial 

features, their softmax classifiers often struggle with small or imbalanced datasets. Integrating traditional 

classifiers such as SVMs, RFs, or GMMs enhances decision boundary precision and reduces overfitting, 

particularly when training data is limited. Moreover, hybrid systems leverage handcrafted features to capture 

subtle geometric and textural variations that CNNs miss. However, hybrid methods are not without 

limitations. They often involve higher computational complexity due to multi-stage training, and performance 

depends heavily on the feature fusion strategy. Additionally, their deployment in real-time applications 

remains challenging because of increased processing time and memory requirements. Future work should 

focus on optimizing lightweight hybrid architectures that maintain accuracy without compromising 

computational efficiency. 

 

 

 
Figure 6. Employed approaches and their effectiveness using various FER datasets 

Figure 6: Practical assessment has shown that deep learning- and hybrid-learning-based FER methods 

achieve very high accuracy. However, several challenges remain and require further research. As the 

complexity of these frameworks grows, data preparation requires large-scale datasets and significant 

computational resources. Running experiments and tests demands considerable memory, extended 

processing time, and a large collection of human-curated, labeled samples. The computational capability 
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required by the model for these approaches—especially those that rely on deep learning—is quite extensive. 

In addition, many of these approaches are designed to recognize only a fixed set of emotions, which limits 

their ability to detect other emotional states. Hence, designing a revised framework that is generally relevant 

and capable of encompassing the full spectrum of emotional states would be extremely valuable and could 

conceivably be extended to recognize more intricate and nuanced facial expressions. 

6.1 Quantitative Performance and Computational Efficiency Analysis 

A quantitative analysis of FER techniques indicates trade-offs between accuracy and computational 

cost. Conventional machine learning algorithms, such as Support Vector Machine (SVM), Random Forest (RF), 

and K-Nearest Neighbors (KNN), have relatively low computational costs because they rely on handcrafted 

features. However, the performance of these algorithms deteriorates on large-scale, complex data sets. 

On the other hand, the performance of deep learning algorithms such as VGG16, ResNet-50, 

DenseNet-161, and MobileNet in the FER system is relatively higher because these algorithms learn 

hierarchical features directly from raw facial images. The performance of these algorithms in the FER system 

has been observed to be above 95% for the CK+ and JAFFE data sets. However, these algorithms have relatively 

higher computational costs because they depend on the training process and the availability of GPUs and 

large-scale training datasets. Hybrid models are also used to achieve a balance between the trade-offs by using 

a combination of deep features and traditional classifiers such as SVM and GMM. Hybrid models have been 

known to improve classification accuracy by 3 to 6 percent compared to traditional models. However, it is 

important to note that the improvement comes at a price: the system becomes more complex as it undergoes 

a series of processes. Future facial emotion recognition (FER) systems should be designed to be lean and 

simple, achieving a balance between high accuracy and real-time performance. 

7. Challenges and Constraints 
There are still several limitations that affect the accuracy and real-world performance. Even though 

deep learning models like CNNs and ViTs can effectively recognize emotions from facial features, they are 

quite sensitive to environmental and contextual factors. Some of them are listed below: 

1. Partial Face Occlusion: The accuracy of FER systems decreases significantly when hands, 

accessories, or other objects block parts of the face. In real-world scenarios, it is not always possible to capture 

the entire face clearly, which limits recognition performance. 

2. Head Pose Variations: Variations in head posture—for instance, tilting, turning sideways, or 

looking away create strain on facial muscles and distort visible expressions, making recognition more difficult. 

Most FER systems perform optimally when the subject is facing forward in a stable position. 

3. Lighting Conditions: Fluctuations in illumination can reduce the accuracy of facial detection and 

tracking. Both low light and excessive brightness can hide critical facial features or introduce noise, thereby 

affecting model performance. 

4. Cultural Variability: Emotional expressions often differ across cultures, leading to diverse ways of 

perceiving and expressing emotions. This cultural variability makes it challenging for FER systems trained on 

a specific population to generalize well across global users. 

Deployment Challenges: Although both manual and automated FER approaches can achieve good 

results, implementing them is not always straightforward. In dynamic or unstructured environments, they 

may produce inconsistent results depending on the dataset, features, or context. 

8. Future Directions 
Subsequent research in FER should have a primary focus on key points such as existing complications, 

reducing algorithmic bias, and enhancing system usability in real-world environments. A key priority is 

creating larger, more representative datasets that capture a broad spectrum of facial expressions across diverse 

regions, cultural contexts, and demographic groups. Additionally, incorporating multimodal techniques—

combining facial features with speech tone, gestures, and body movements—can significantly improve 

recognition accuracy. For practical deployment, developing dynamic FER systems that are optimized for 

speed, storage efficiency, and operation in disorganized or dynamic settings will be essential. Tackling 



ASEAN J. Sci. Tech. Report. 2026, 29(7), 19 of 23e262457.ASEAN J. Sci. Tech. Report. 2026, 29(7), e262457. 7 of 23 
 

 

population bias requires systematic strategies to ensure fair performance across diverse groups, resulting in 

more equitable, unbiased outcomes. The interpretability and trustworthiness of FER models can be enhanced 

by explainable AI (XAI) methods, which are especially valuable in low-resource and high-stakes applications. 

Further, advancing temporal modeling with architectures such as Transformers or enhanced LSTM networks 

will enable a better understanding of emotion sequences over time. Finally, emerging research highlights the 

potential of unsupervised and self-supervised learning techniques to decrease the necessity for extensive 

amounts of labeled training data, making FER systems more scalable and adaptable to new domains. 

9. Conclusions  
This review provided a comprehensive synthesis of Facial Emotion Recognition (FER) techniques 

based on machine learning, deep learning, and hybrid models, analyzing nearly a decade of research (2014–

2024). Traditional approaches such as SVM, KNN, and Random Forests achieved competitive accuracy on 

small, controlled datasets such as JAFFE and CK+, typically ranging from 85–93%. Deep learning methods, 

particularly CNN-based architectures including VGG16, ResNet-50, and DenseNet-161, significantly 

enhanced performance, attaining up to 99.5% accuracy on large-scale datasets such as FER2013 and RAF-DB. 

Hybrid methods that integrate deep feature extraction with classical classifiers, such as SVMs or GMMs, 

demonstrated additional improvements of 3–6% over standalone models. While deep learning has redefined 

FER accuracy and robustness, challenges remain concerning data diversity, real-world generalization, and 

computational cost. Future work should emphasize the development of cross-cultural datasets, bias 

mitigation, and lightweight FER models suitable for real-time and edge deployment. Overall, this study 

consolidates key advancements, comparative performance, and open challenges to guide researchers and 

practitioners toward more inclusive, efficient, and interpretable FER systems. 
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