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Abstract - Facial Expression Recognition (FER) is a critical
area of research in computer vision and human-computer
interaction. This paper presents a comprehensive study on
the use of Histogram of Oriented Gradients (HOG) and
machine learning algorithms for FER. We explore the
effectiveness of HOG features in capturing facial
expressions and evaluate the performance of various
machine learning classifiers, including Support Vector
Machines (SVM), Random Forests, and Neural Networks,
in recognizing facial expressions. Our experiments are
conducted on widely used JAFFE dataset. The results
demonstrate that HOG features, when combined with
SVM, achieve high accuracy in recognizing facial
expressions, outperforming other feature extraction
methods. This paper also discusses the challenges and
future directions in FER systems, emphasizing the need for
robust feature extraction and classification techniques in
managing high-dimensional feature spaces and its
appropriateness for facial expression recognition tasks.
Note that SVM was used and we obtained results of 86%,
and we used RF and obtained results of 81%. Future
studies may focus on combining deep learning methods
with hybrid feature extraction methods to improve
performance on more complex datasets.

Keywords: Facial expression; Machine learning classification;
HOG features, ML, classification.

I. INTRODUCTION

Facial Expression Recognition (FER) has garnered
significant attention in artificial intelligence due to its broad
applications in  human-computer interaction, security,
healthcare, and psychological assessment [1]. FER aims to
enable machines to interpret human emotions through the
analysis of facial expressions, a complex and dynamic form of
non-verbal communication. Despite substantial progress, FER
systems face challenges including variability in individual
expressions, lighting conditions, and environmental settings,
which impact their performance [2, 3].

Existing FER methodologies often rely on feature
extraction techniques such as Histogram of Oriented Gradients
(HOG), Gabor wavelets, and Local Binary Patterns (LBP) to
capture structural and textural data [4]. These features are then
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processed using machine learning classifiers such as Support
Vector Machines (SVM), Naive Bayes, and K-Nearest
Neighbors (KNN) [3, 5]. This paper provides a comprehensive
evaluation of FER approaches, including an analysis of key
datasets, feature extractors, and classifiers. Furthermore, it
explores how the integration of various methods can address
existing challenges and enhance FER systems for diverse
practical applications.

1.1 Datasets for FER

A critical component of any FER system is the dataset
used for training and testing the models. Datasets provide a
collection of labeled facial expression images, each associated
with an emotional state [1, 6] Several datasets have been
widely used to benchmark FER systems:

JAFFE: The Japanese Female Facial Expression (JAFFE)
dataset consists of 213 images of 10 female subjects, each
displaying seven facial expressions: anger, disgust, happiness,
fear, neutrality, sadness, and surprise [3].
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Haoy Neutral  Angry

Surprise

Figure 1: Japanese Female Facial Expression (JAFFE) Database

Fer2013: About 30,000 face RGB photos of various
emotions, limited in size to 48 by 48 pixels, are included
in Fer2013. Its primary labels may be categorized into
seven types: O denotes anger, 1 disgust, 2 fear, 3
happiness, 4 sadness, 5 surprise, and 6 neutralities.
While the other categories contain around 5,000 samples
apiece, the disgust emotion has the fewest images 600

[7].
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Figure 2: Selected examples of the original FER2013 dataset

CK+: The Cohn-Kanade (CK+) dataset provides over
500 sequences of facial expressions of 123 subjects,
covering a range of emotions and offering high-quality
images for action unit coding [4, 8].

Figure 3: Samples from the CK+48 dataset
1.2 Feature Extraction Techniques

Feature extraction is a crucial step in FER systems as it
transforms raw pixel values into a set of characteristics that
the machine learning algorithm can process. Several
techniques have been used for feature extraction:

Histogram of Oriented Gradients (HOG): This technique
computes the gradient direction distribution in localized
portions of the image, capturing information about the shape
and appearance of facial components [1]. HOG features are
widely used due to their robustness to photometric and
geometric transformations [8-10].

Gabor Wavelets: Gabor wavelets are used on the facial
images to capture information regarding texture and
frequency. These are useful in capturing detailed facial
features representative of emotions [11].
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HOG
Normalization

—

Blockl Block2 Block3.

Cell Histogram
(9 bins)

Figure 4: HOG feature process
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Principal Component Analysis: PCA is primarily applied to
reduce the dimensions of the feature space by retaining only
the most important features and excluding the noise in the
data, thereby enhancing performance with reduced
computational cost [1, 4, 12].

1.3 Machine Learning Algorithms for FER

Once facial features are extracted, machine learning
algorithms are employed to classify facial expressions. Below
are some of the key algorithms commonly used in FER:

K-Nearest Neighbors (KNN): K-Nearest Neighbors (KNN)
is a non-parametric algorithm that assigns the label of a test
sample based on the majority vote from its 'k' closest
neighbors in the feature space. KNN uses a distance metric
(often Euclidean) to measure similarity between samples [13,
14].

Algorithm Steps:

1. Select the value of 'k' (number of neighbors).

2. Calculate the distance between the new input data point
and all points in the training dataset.

3. ldentify the 'k’ nearest neighbors based on the calculated
distances.

4. Assign the label based on the majority class among these
neighbors.

Mathematical Equation: The distance d between two
points x and y in an n-dimensional space is typically
calculated using the Euclidean distance formula:

d(x,y) =

Naive Bayes: A probabilistic classifier based on Bayes’
theorem; Naive Bayes assumes that the features are
independent given the class label. Despite this simplifying
assumption, Naive Bayes has proven effective for FER in
high-dimensional data, especially when datasets are small [15,
16].

Algorithm Steps:

1. Calculate the prior probability for each class.

2. For each feature, compute the conditional probability of
the feature given the class.

3. Use Bayes' theorem to compute the posterior probability
for each class.

4. Assign the class with the highest posterior probability to
the test sample.
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Mathematical Equations: Given a feature vector X= (x1,
x2, xn) and a class C, the probability of C given X is
calculated as:

P(C).P(X\C)

POV =555

Where:

P(CIX) is the posterior probability of class C given X.
P(C) is the prior probability of class C

P(XIC) is the likelihood of the features given the class.
P(X) is the evidence or the probability of observing X,
often ignored in the classification.

Under the independence assumption:

P\ = [ [Paxao)
i=1

Support Vector Machine (SVM): SVM s a supervised
learning algorithm that aims to find the optimal hyperplane
separating different classes with the maximum margin. SVM
is well-suited for high-dimensional feature spaces and
typically performs well on complex datasets with a high
number of features [1, 17].

Algorithm Steps:

1. Identify a hyperplane that separates the data points of
different classes.

2. Maximize the margin between the hyperplane and the
nearest data points of each class.

3. Assign new points to a class based on which side of the
hyperplane they fall.

Mathematical Equations: For a dataset with classes +1
and —1, SVM tries to find a hyperplane represented as:

w.x+b=0
Where:

w is the weight vector orthogonal to the hyperplane.
b is the bias term.

To maximize the margin, SVM solves the following
optimization problem:

min

wh 3 [lw||?subject to y;(w.x; + b) =

Where yi are the class labels (+1 or —1).

When the data is not linearly separable, kernel functions
(e.g., radial basis function) are introduced to map the data to a
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higher-dimensional space where a hyperplane can separate
them.

1.4 Comparative Analysis of Classifiers
Challenges and Advancements

While FER systems have made significant progress,
several challenges remain [18, 19]:

Pose and Head Orientation: Variations in head position
and facial pose are very different in real-world scenarios when
head movements are dynamic [20].

Lighting and Occlusion: Lighting changes and partial
occlusions (e.g., facial hair, glasses) can reduce the accuracy
of emotion classification systems.

Table 1: Comparative analysis of classifiers

- . Typical Use
Classifier | Advantages Disadvantages P
Cases
Simple,
intuitive, works | Computationally Small-scale
K-Nearest | well with | expensive  during | emotion
Neighbors | smaller testing, sensitive to | recognition
datasets, robust| irrelevant features | tasks
to noisy data
Fast, efficient, | Assumes
works well with | independence Quick emotion
Naive high- between  features, | classification
Bayes dimensional may struggle with | with small
data, good for| complex datasets
small datasets | dependencies
Effective in .
hiah High-
_g . Computationally performance
Support dimensional . . .
expensive, requires | emotion
Vector spaces, robust . . .
. - careful tuning of | recognition in
Machine to  overfitting,
parameters complex
handles  large
datasets
datasets

» Real-Time Processing: FER systems need to be
optimized for real-time applications, especially in
interactive environments where immediate feedback is
crucial [21].

= Recent deep learning methods, especially Convolutional
Neural Networks, have proved to yield much better
accuracy for improving FER performance. CNN learns
the hierarchical features automatically from raw pixel
data, which brought a big performance boost compared
to traditional methods of feature extraction [4].
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1.5 Future Directions

= Multimodal Emotion Recognition: Future FER systems
may integrate facial expression analysis with other
modalities such as voice, body language, and
physiological signals to improve accuracy.

= Cross-Cultural Recognition: FER systems must be
trained with more diverse datasets to handle cultural
differences in emotional expression.

= Unsupervised Learning and Transfer Learning: These
techniques could reduce the need for large labeled
datasets by enabling models to learn from unannotated
data or transfer knowledge across different emotion
recognition tasks.

Il. RELATED WORKS

Paper [22] reviews three main active features extraction
techniques, namely Gabor, LBP, and HOG, used in computer
vision for the emotion recognition tasks conducted on FE
datasets like JAFFE and CK+. By using the simple classifier
k-Nearest Neighbor, the responses come fast enough.
Moreover, this work proved the efficiency of Gabor filters in
the processing of binary images to enhance them, hence
making the model reliable for various applications such as
ATMs, passport verification, and security. This study
emphasizes that, while computationally burdensome, Gabor
filters recognize with higher accuracy compared to simpler
ones. Future work could consider alternative techniques for
feature extraction in order to maintain efficiency with no loss
of accuracy.

Following the work presented in Paper [22], in Study
[23] a facial expression recognition model was implemented
through HOG descriptors combined with the RF classifier. For
the JAFFE dataset, this was tested to show improvements to
the more traditional handcrafted approaches which are,
unfortunately, less consistent against diverse image variances
and partial faces. This research underlines the precision and
robustness of the methodology since, using the HOG
descriptor, only relevant characteristics are extracted that later
can be classified by RF. This evidences the potential of
combinations of HOG-RF on facial expression recognition
tasks.

Paper [24] further extends the search for the most
efficient feature extraction methodology in facial expression
recognition by a comparison approach that identifies features
with the highest impact. With the use of a well-trained face
expression recognition system on a controlled dataset, and the
application of several feature extraction techniques, each
transforming into the sparse representation domains, a total
number of 14 combinations were tested. The results indicate
that LPQ features yield the most reliable improvements to
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expression classification with 83%, HOG features with 82%,
and RAW features with 82%. This paper emphasizes the fact
that specific features might represent some expressions better.

Building upon the feature extraction insights, research
[25] investigates pragmatic approaches toward FER using
HOG and Gabor filters to capture the details of facial regions
such as the eyes, brow, and lips. For classification, Support
Vector Machines (SVM) are employed; this methodology tries
to address sensitivities related to facial deformations, which
gives a classification performance of 63.82%. The
contribution here is related to the fine-tuning approach toward
handling texture recognition and classification in the FER
area, providing specific benefits, notably in applications
related to object deformation management.

This paper [25] pushes the investigation one step further
by comparing machine learning algorithms in FER tasks using
SVM, Random Forest, and Convolutional Neural Networks on
the FER2013 dataset. Results show CNN has the highest
performance with 65% accuracy in the classification of FER
tasks. The study supports the wuse of deep learning
architectures, specifically CNNs, in handling complex
emotion classification challenges over simpler models.

Researchers [26] then address dynamic aspects of FER,
introducing FlowCorr and Dyn-HOG descriptors for
interpreting emotions. These descriptors analyze intra-class
similarity and inter-class variance, enhancing recognition
accuracy across datasets like CK+ and KDEF-dyn. This study
contributes to the dynamic descriptors' literature, indicating
that FlowCorr and Dyn-HOG offer competitive performance
against state-of-the-art methods in dynamic human-computer
interaction contexts.

The subsequent study [27] proposes a simplified
framework for pattern recognition by extracting fusion
features from salient facial areas. Utilizing LBP and HOG, it
applies dimensionality reduction with Principal Component
Analysis (PCA) and a softmax classifier for expression
classification [1]. By defining and normalizing salient areas,
the framework achieves high performance on CK+ and JAFFE
databases, demonstrating improved recognition rates and
streamlined model architecture.

This paper [28] further refines the FER field by
introducing a cascade framework (McRIHOG) for multi-
threaded FER across data categories. Tested on popular FER
databases, McRiIHOG extends the use of cascade learning to
broader applications in imaging industries. This model
illustrates the scalability of cascade frameworks and suggests
future research on minimizing feature representation error in
FER frameworks.
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Pioneering novel methods, paper [29] integrates
convolutional neural networks (CNNs) and HOG features in a
unique framework for Video-based FER (VFER). By
addressing issues like displacement, scale, and deformation
invariance, this method enhances feature comprehensiveness
and achieves superior performance on RML, CK+, and
AFEWS5.0 databases. The study calls for future research to

reduce parameter count without compromising accuracy,
underscoring the potential of hybrid CNN-HOG models.

Shifting focus to non-verbal communication, research
[30] combines shape and texture features to develop a
discriminative FER model using Local Phase Quantization,
LBP, and HOG. Achieving a 94.2% recognition rate on CK+
and 93.7% on KDEF, the study demonstrates the utility of
multi-feature approaches for accurate emotion recognition.
This work supports the integration of discriminative feature
distribution in FER to maximize recognition rates across
diverse datasets.

Continuing from the previous studies, paper [31]
introduces a face recognition algorithm using HOG features
paired with an SVM classifier, directly comparing its
performance against the standard Eigen-based PCA algorithm.
By extracting Histogram of Oriented Gradient features for
both test and training images, this approach achieves an 8.75%
improvement over PCA on the ORL database, showcasing its
effectiveness across seven other face datasets. It thus further
emphasizes the combinations of HOG-SVM in face
recognition, which are much stronger than the more traditional
PCA approaches.

Paper [32] presents a dual-method approach for FER
using Principal Component Analysis and Linear Discriminant
Analysis. It uses LDA for linear discriminant analysis after
reducing the facial features to lower dimensions, which
enhances the ability of the model to distinguish different
classes. This is tested on face databases such as FERET and
CAS-PEAL and proves that the combination of PCA with
LDA is effective in boosting both feature extraction
performance and overall classification performance.

First, after dimensional reduction was explored, the
research in [33] uses a Machine Learning approach to emotion
recognition by converting 600 digital images into grayscale,
obtains relevant statistical features, and optimizes those
through a best-first search algorithm. Afterward, it deployed
this optimized dataset across different ML classifiers, noted
higher accuracy with Boosting and Decision Tree algorithms.
This therefore brings out the fact that feature optimization is
very important in high-accuracy performance, especially with
the application of boosting techniques and decision trees.
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With the emphasis on specific facial expressions, [34]
presented a novel interpretation scheme for frowns by using
PSO with patch-based Gabor features. Indeed, this was more
powerful than point-based Gabor features which could be
extended for domains like patient monitoring, driver fatigue
detection, and intelligent tutoring. The technique, which
embeds mGA within PSO for local aspect analysis, performs
better than traditional PSO variants and classical GA, thus
finding applications in real-time uses for expression-specific
detection.

The paper [35] extends FER, introducing HOG features
into ESRs in order to enhance emotion recognition. It
describes an improved HOG-ESR methodology enhancing the
features extracted and reducing generalization error,
increasing the robustness of the system, especially under
challenging conditions, such as those seen outdoors with
variable lighting. The work has been tested on the FER2013
dataset, and it advocates for possible future research about the
use of image data under different light conditions with the
purpose of expanding the model adaptability across a different
environmental context.

In other words, all the papers discussed above have
contributed to the progress of face expression recognition
systems. Advantages and disadvantages are given about
different machine learning algorithms and features-extracting
methods. This evolution from the traditional approaches
employing PCA and LBP to higher-end hybrid models of
CNN-HOG, and even feature combination approaches like
HOG-ESR, signifies innovation in the area. As the FER
research goes on, further studies on improving parameter
efficiency, variety in lighting, and other environmental issues
should be designed in the future. Further areas of application
could be in extending applications in human-computer
interaction, security, and personalized education.

A look back at the earlier facial expression recognition
(FER) systems shows a progression from mostly feature
extractions to a combination of hybrid and deep learning
models. In their earlier efforts, Paper [22] combined Gabor,
LBP, and HOG filters with k-nearest neighbor (kKNN)
classifiers and established that Gabor filters were more
accurate, although they were computationally intensive. In
Study [22], this was taken a step further with the incorporation
of HOG descriptors and random forest (RF) improving
performance especially on the JAFFE dataset. Expanding on
the features comparison study, Study [24] employed several
extraction techniques and concluded that LPQ, HOG, and
RAW could be utilized satisfactorily for expression
classification which is consistent with the postulation that
some features work better for certain emotions. In research
[25] Gabor and HOG filters were used with SVM, and in
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Study [36] the focus shifted to comparing machine learning
algorithms on FR2013 dataset with CNN performing the best
among them in most accuracy measures. Moreover, in Study
[26], novel dynamic descriptors were presented, FlowCorr and
Dyn-HOG, to reflect facial expressions that varied with time.
works such as [27] focused on the simplification of the
recognition frameworks by fusing features using dimensional
reduction techniques and achieved high accuracies on CK+
and JAFFE databases.

Innovations continued with a multithreaded cascade
framework called McRIHOG in Study [28], followed by a
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CNN-HOG model in Study [29]. Thus, these models enhanced
feature comprehensiveness for Video-based FER tasks. Later,
features that combined LPQ and LBP with HOG realized high
accuracy on both CK+ and KDEF in Study [30]. More
recently, hybrid methods, such as the HOG-ESR model in
Study [35], which surmounted the lighting change difficulties,
shows the adaptability FER methods can assume. These
studies collectively show that FER is biased towards
traditional and modern approaches, feature improvement,
classification accuracy, and the adaptability of a system across
real-world conditions.

Table 2: Comparison of previous studies

Ref |year Database Featu.re Extraction Classification Algorithms Accuracy
Algorithms
. Gabor:  94.8%, LBP:
[22] 2023 CK+, JAFFE Gabor, LBP, HOG K-Nearest Neighbors (KNN) 88.2% HOG: 55.2%
[23] [2024 JAFFE HOG Random Forest High
- LPQ: 83%, HOG: 82%,
[24] 2022 CK+, JAFFE LPQ, HOG, RAW, Gabor |Ensemble Classifiers RAW: 82%%
[25] |2022 FER2013 HOG, Gabor Support Vector Machine (SVM) [63.82%
[36] |2023 FER2013 None SVM, Random Forest, CNN CNN: 65%
[26] |2020 CK+, KDEF FlowCorr, HOG Multi-class SVM Competitive with SOTA
[27] 2017 | CK+ JAFFE LBP, HOG Softmax State-of-the-art on CK+,
JAFFE
[28] 2015 | CK+ MMI, AFEW | Rotation-invariant HoG | " ultithreading Cascade, | ) ierformed SOTA
AdaBoost
[29] |2020 RML, CK+, CNN, HOG Support Vector Machine (SVM) |High performance
AFEWS5.0 ! PP g
. K+: 4.2%, KDEF:
[30] |2022 CK+, KDEF, JAFFE |LPQ, LBP, HOG Multi-class SVM ;:3 200 94.2%
70
Improved over PCA by
[31] |2016 ORL HOG SVM 8.75%
[32] 2018 | Cohn-Kanade, MMI |LVP, Gabor PSO, mGA-embedded PSO High performance  on
selected datasets
Tai Facial | T hi i 48 Decisi T R .
[33] |2020 alwan_ acial | Texture, histogram, binary |J48 Decision Tree, Random 97 05% with J48
Expression features Forest
[34] (2021  |FERET, CAS-PEAL |HOG, PCA, LDA PCA and LDA combined Improved feature
extraction performance
HOG, Ensembles with
' . Convolutional Neural Network | Improved accuracy on
2021 FER201 h R
[35] 0 013 Shared epresentations (CNN) FER2013 dataset
(ESRs)
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The balance between computational complexity and accuracy is crucial in FER systems, especially when considering their
deployment in real-world applications. This analysis highlights the trade-offs among the commonly used feature extraction and

classification techniques discussed in the referenced papers.

2.1 Insights from the Analysis

1. Gabor Filters: Achieve the highest accuracy for FER tasks on controlled datasets but suffer from high computational
demands, making them less practical for real-time or resource-constrained environments.

2. HOG Descriptors: Offer a good trade-off between complexity and accuracy, particularly when combined with classifiers like
Random Forest or SVM. This makes them suitable for applications requiring reasonable accuracy and faster computations.

3. LBP: Provides the least computational complexity but compromises accuracy on datasets with high variability, limiting its

use to simpler applications or as a complementary method.

4. CNNs: Represent the gold standard in accuracy due to their ability to learn complex feature hierarchies [37]. However, their
computational requirements limit their practicality in low-power or real-time systems without specialized hardware (e.g.,

GPUs).

5. LPQ and Hybrid Models: Combining LPQ or HOG with advanced classifiers offers a balanced approach, achieving robust
performance while managing computational costs better than Gabor or CNNs alone.

Table 3: Comparison of methods

Technique Accuracy Computa_tlonal Strengths Weaknesses
Complexity
High (e.g.. 94.8% on High (due to convolution | Accurate feature | Computationally intensive;
Gabor Filters Clg+) g 94870 operations on multiple | representation; robust against | less efficient for real-time
scales) noise and lighting variation. | applications.
Efficient feature extraction; | Sensitive to noise; lower
Moderate (e.g., 82% . . .
HOG Moderate invariant  to geometric | performance on  complex
on JAFFE) .
transformations. datasets.
Fast and computationally | Limited ability to capture
LBP Moderate @9, Low inexpensive; works well on | spatial  relationships; less
88.2% on CK+) o ; .
texture-rich images. effective for diverse datasets.
. Effective for capturing fine- | Computationally heavier than
0,
LPQ High (e.g., 83% on Moderate grained details; robust to | LBP but less robust than
CK+) . : L
small distortions. Gabor for large variations.
SUM with | High (e.g.. 63.82% | , . Handles. high-dimensional Requw.es careful pargmeter
High data well; performs better on | tuning; computationally
HOG on FER2013) . . . I
well-defined features. expensive during training.
Random High (e.g., improved Robust to overfitting; | Less efficient than simpler
Forest  with | JAFFE Moderate handles feature importance | classifiers  for  real-time
HOG performance) effectively. processing.
. . Automatically extracts | Extremely resource-intensive;
CNN. (Deep | Very High (e.g., | Very High (dL.je to deep hierarchical features; state- | requires large labeled
Learning) 65% on FER2013) | layer computations)
of-the-art accuracy. datasets.

111. CONCLUSION

The achievements in FER indicate that machine learning
contributions in this arena play a huge role in enhancing the
classification of emotions from a wide dataset range under
difficult conditions. Feature extraction methods such as HOG
and Gabor filters proved competent, while machine learning
algorithms, especially SVM and KNN, have been highly
responsible for pushing the limits of FER. Despite these
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successes, real-time processing, changes in lighting, and
cultural differences remain challenges to be dealt with. Thus,
future studies should look toward multimodal methods that
combine audio, gestures, and physiological signals with the
hope of coming closer to a more genuinely holistic
understanding of human emotions. Second, expanding the
datasets across cultures and exploiting transfer learning can
further improve the robustness and applicability of models to a
variety of environments. Cumulatively, these enhancements
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ensure FER systems play an
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imperative role in

applications related to security, health care, and personalized
interaction in intelligent systems.
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