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Abstract

Smile detection and recognition have been a key component of sentiment analysis, social robotics, human-computer
interaction, and mental health monitoring before the advent of deep learning. Understanding and accurately
identifying smiles can provide deep insights into human behavior, strengthen communication systems, and enhance
adaptive responses in Al interfaces. This paper is a comprehensive review of algorithms developed for smile detection
and recognition, and categorizes their main approaches into three traditional computer vision techniques: feature-
based, machine learning-based, and deep learning-based. These techniques rely on handcrafted features such as edges,
geometric features of the face, and texture, which give interpretability and limited adaptability. This paper explores
feature extraction methods such as geometric and histogram-based features (e.g., histograms of directed gradients).
In addition, this paper evaluates the effectiveness of traditional classifiers, including support vector machines that use
machine learning-based methods, leveraging algorithms such as support vector machines (SVMs), extracted features
to classify smiles with improved accuracy. Deep learning techniques, especially convolutional neural networks
(CNNs) and hybrid methods provide end-to-end learning capabilities, extracting features directly from raw pixel data
and enabling real-time performance. These frameworks, including recurrent neural networks (RNNs) for temporal
analysis, generative adversarial networks (GANs) for data augmentation, and graph neural networks (GNNSs) for
structural analysis, have also pushed the boundaries of smile detection in dynamic and challenging environments. It
also aims to provide a comprehensive overview of these classical methods, and analyze their strengths, limitations,
drawbacks, and performance across diverse datasets of the proposed databases by focusing on describing these
datasets and researchers’ methods of working on them as benchmarks for their research, and highlighting their
importance in the environments and their contributions to the development of smile detection algorithms in the field
of computer vision. Among these datasets are datasets such as CK+, FER2013, AffectNet, and Jaffe in developing,
training, and evaluating smile detection and recognition algorithm models. By comparing these methodologies, our
paper recommends directing future research towards more efficient, robust, and scalable solutions for smile detection
and recognition in diverse applications.

Keywords: Smile detection algorithm; Facial expressions; Deep and machine learning of facial expressions;
Computer vision real-time smile detection
1. Introduction

Facial expression analysis involves the process of detecting and recognizing smiles. Identifying and interpreting
smiles from visual data such as images or videos plays a critical role in various fields, including human-computer
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interaction, recognition and detection, where it enhances user experience through emotion-aware systems; healthcare
in monitoring mental health and treatment progress; and marketing by helping to analyze consumer engagement and
sentiment. As a universal indicator of positive emations, smiles are essential for understanding human behavior and
building empathetic and responsive systems. Computer vision is a branch of artificial intelligence that aims to enable
computers to understand and analyze images and videos in a way similar to humans. One common application of
computer vision is face detection and expression analysis, including smile detection. This type of application is used
in various fields such as security, marketing, human-machine interaction, and even mental health applications. Smile
detection is a classification task that determines whether a person in an image is smiling or not. This can be achieved
using machine learning and deep learning techniques. In machine learning, algorithms such as SVM (Support Vector
Machine) or Random Forests are used. This is done by manually extracting features from images, such as facial
contours, mouth shape, or other features associated with a smile. The model is then trained on these features to
determine whether a smile is present or not. [1]

The use of machine learning (ML) approaches involves training pattern recognition algorithms using handcrafted
features extracted from images. These include random forests and k-nearest neighbors (KNNs). This is why they are
used in future research: due to their superior feature optimization and refinement, they enable better smile detection
and classification with additional training data. Consequently, this technique significantly improves performance
compared to traditional methods. [2]. in deep learning, deep neural networks (DNNs) and convolutional neural
networks (RNNs) are used to automatically detect smiles without the need for manual feature extraction. The most
popular models used in this field are convolutional neural networks (CNNSs), which are very effective in image
processing. These networks are trained on large datasets containing images of smiling and non-smiling faces, where
the network automatically learns the distinctive features of a smile. Deep learning (DL) is an approach to
automatically extracting features and performing classification. This is why they are used in future research due to
their high accuracy. Deep learning models consistently outperform traditional methods and machine learning in smile
detection and recognition tasks. Especially with large datasets and complex scenarios involving diverse facial
expressions and varying lighting conditions, deep models achieve advanced results in smile recognition benchmarks.
[3]. Traditional methods often require redesigning feature extraction rules, are poor at achieving satisfactory results,
and are less effective in dynamic, realistic environments with diverse faces and expressions. By leveraging machine
learning and deep learning, future research can achieve unprecedented accuracy, adaptability, and scalability in smile
detection and recognition, paving the way for innovative practical applications [4].

This review is motivated by the growing interest in smile detection and recognition, driven by advances in artificial
intelligence algorithms as well as the increasing availability of large-scale standard datasets. Although various
algorithms have been proposed over the years, they vary greatly in complexity, accuracy, and applicability. This
diversity creates a need for comprehensive analysis to guide researchers in selecting appropriate methods for their
specific use cases. The aim of this paper is to provide a systematic review of smile detection and recognition
algorithms. It classifies the techniques into feature-based, machine learning, and deep learning approaches, compares
their application strengths and limitations, and highlights recent and recent hybrid approaches. While exploring the
evolution of traditional computer vision techniques to these techniques, which is the aim of writing this paper,
challenges are identified, the impact of algorithmic quality on datasets is evaluated, and insights into future trends
and a call for research and development in this important area are provided. We can summarize the contribution of
this comprehensive study of smile detection algorithms based on three main approaches mentioned in the abstract (1)
traditional computer vision, (2) machine learning, and (3) deep learning) as follows:

1. A systematic classification of the algorithmic approaches as to how they work strengths, weaknesses, and
challenges. The classification of algorithms based on these algorithms was used into three distinct categories: feature-
based, machine learning, and deep learning, such as using features and designed classifiers such as SVM or decision
trees and extracting features automatically through neural network layers.

2. This work highlights the development of smile detection and recognition methodologies, providing a detailed
assessment of the advantages and limitations of each approach.

3. An analysis of the techniques in terms of comparison between accuracy, performance, speed, and complexity of
traditional methods, machine learning, and deep learning.

4. The most important contribution of this work is to demonstrate how modern Al methods outperform traditional
methods in terms of capability, robustness, and capacity.

5. This research also focused on the balance of all the approaches used, as it was clear that using the feature-based
approach as a basic feature is fast, but its speed is limited to simpler data, on the one hand, and on the other hand, the
machine learning-based approach has better accuracy, but requires manual feature engineering intervention, and a
third aspect depends on deep learning and is highly accurate, but its computation process is very expensive, which in
turn made our paper focus on finding scenarios to solve each method appropriately.
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6. In terms of research gaps, our research highlighted smile detection and recognition algorithms that lack the ability
to deal with diverse lighting conditions and face orientation and improve performance in real time.

It highlights unsolved challenges such as variation in lighting, posture, and facial expressions.

7. As for directions for future research, our approach was proposed and suggestions and paths were explained,
especially hybrids that combine machine and deep learning, as well as traditional ones.

2. Related Work

A review and exploration of algorithms in smile detection and recognition was conducted with the aim of unifying
the current knowledge and comparing their methodologies in this evolving field. The fragmented nature of research
across multiple fields necessitated a comprehensive evaluation. This related work section provides an overview and
insight into the study of important methods that have contributed to the development of smile detection systems.
Recently, smile detection systems have relied on feature-based methods, which are based on manually extracting
facial features such as mouth curvature, facial shape, and eye contours. For example, developed a new method that
uses mouth motion as geometric features to detect smiles. Similarly, used local binary patterns (LBP) as texture
features to extract facial images to recognize different emotions, as well as smiles. These methods, although effective,
often suffer from lighting variations and facial expression poses, making them less robust in real-world applications.
To improve the accuracy of smile detection, researchers began applying classifiers such as support vector machines
(SVMs) and k-nearest neighbors (k-NNs) with the advent of machine learning and deep learning. They used support
vector machines trained to extract features from facial landmarks to detect expressions such as smiles and others,
which greatly improved the robustness compared to previous methods. Similarly, they used machine-learning models
with facial feature extraction techniques such as histogram of oriented gradients (HOG) and Gabor filters to enhance
the accuracy of smile detection. These methods were a significant step forward, as they performed better in a variety
of different conditions compared to traditional feature-based methods.

The emergence of deep learning has brought about a radical and major shift in smile detection and recognition, as
convolutional neural networks (CNNs) have made significant advances in facial expression recognition, including
smile detection. CNNs have been applied to the standard AffectNet dataset, and have shown remarkable success in
facial expression and smile detection. VGG-Face, a deep CNN model fine-tuned for smile detection, has been
introduced, demonstrating that deep learning can effectively learn complex features directly from raw image data. [4]

This work refers to techniques for improving the power and hybridization of multiple models and contributes to
improving the accuracy and power of smile detection further. Proposed an integrated model that combines recurrent
neural networks (RNNs), CNNSs, and recurrent neural networks (RNNSs) and gave positive and recent results for smile
detection and recognition. In [5], this research referred to long short-term memory (LSTM) units to analyze smile
dynamics from video clips. All these models are able to recognize smiles over time and deal with sequential
dependencies between frames. In [6], synthetic smile data was generated to augment the training datasets using
generative adversarial networks (GANs), which allowed the models to become more flexible to deal with differences
in smile expressions and different lighting conditions.

In [7] Graph Neural Networks (GNNs) have also been explored for smile detection by representing faces as graphs
where facial landmarks are nodes, and the relationships between them are edges. Used GNNSs to improve facial
expression recognition by analyzing the structural changes during smiles, offering more interpretability and accuracy.
Decision Tree (DT) [8] as a classifier is a flowchart represented as a tree model. A DT splits the database into smaller
sets of data until no more splits can be made, and the resulting leaves are the classes used for classification. The
strengths of this classifier lie on the potential to learn nonlinear relationships of data, on handling high-dimensional
data, and on the simple implementation. However, the main disadvantage of this classifier is overfitting, since it can
keep branching until it memorizes the data during the training step. Random Forest (RF) [9] is essentially an ensemble
classifier, consisting in a group of DTs. Each DT outputs a prediction, and the final prediction is based on majority
voting, meaning that the most predicted class will be the last prediction. It has the advantage of reducing overfitting
over just one DT, since it reduces the bias by averaging the predictions of the ensemble. However, it has the
disadvantage of becoming slower when increasing its complexity (e.g., by adding more DTSs to the ensemble). [10]
Real-time smile detection is crucial for applications such as emotion-aware systems and human-robot interaction.
Recent methods focus on improving both the speed and accuracy of smile detection in real-time environments. [11]
explored the use of YOLO (You Only Look Once) for real-time facial expression recognition, including smiles,
achieving a balance between accuracy and computational efficiency. Similarly, MediaPipe by Google [12] provides
a highly efficient solution for real-time facial detection and expression recognition, including smiles, making it a
popular tool in both research and industry applications. The development of datasets has been fundamental to training
and evaluating smile detection models. [13] CK+ (Cohn-Kanade Extended Dataset) and [14] FER2013 are two widely
used datasets for facial expression recognition, including smiles. [15] AffectNet, Larger datasets enable more accurate
modeling by providing a larger set of facial expression images with more detailed smile labels. In [16], in the JAFFE
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(Japanese Female Facial Expressions) dataset, the JAFFE dataset consists of 213 images of different facial
expressions from 10 different Japanese females. With 7 facial expressions (6 basic and 1 neutral), the images were
annotated with average semantic ratings for each facial expression by 60 annotators. These datasets provide diverse
examples of smiles, from subtle to broad, and are instrumental in improving model generalization and performance.
However, there is a common discrepancy of accuracy when testing in controlled environment databases and in wild
environment databases. This shows a clear difficulty in translating the good results in controlled environments (such
as CK+ and JAFFE) to uncontrolled environments (such as FER-2013 and SFEW) [17]. Every work that tested its
algorithms with various databases obtained a significantly worse result on the uncontrolled environment ones.

The field of smile detection and recognition has evolved significantly, with early methods based on handcrafted
features being surpassed by machine learning and deep learning techniques. Today, hybrid approaches combining
different algorithms and advanced techniques like GANs, RNNs, and GNNs are pushing the boundaries of smile
detection. The continuous evolution of these algorithms, along with the development of large-scale datasets, has made
smile detection more accurate, robust, and applicable in real-world scenarios such as human-computer interaction,
healthcare, and entertainment.

Because the number of databases used is very large and we cannot list them all, we have created a table that shows
their details. Below is a comprehensive Table 1 summarizing the relevant literature on smile detection and recognition
algorithms: researcher, year, publisher, dataset, and study objective.

Table 1: summarizing the relevant literature on smile detection and recognition algorithms: researcher, year,
publisher, dataset, and study objective

Dataset Characteristics Usage
GENKI-4K, VGG-Face, | 4,000 images with | Training and
GENKI-4K smile and non-smile | evaluating
labels, diverse | smile
poses, lighting, and | detection
backgrounds. models.

FER2013 35,000 grayscale | Deep learning-
images, 48x48 | based emotion
resolution, labeled | recognition
with seven | tasks.
emotions, including
smiles.

JAFFE 213  images of | Smile and
Japanese female | facial
subjects with | expression
various facial | recognition.
expressions,
including smiles.

VGG-Face 2.6 million Images | Fine-tuning
of 2,600 individuals | deep learning
for face and | models for
expression smile
recognition tasks. detection.

EmotionNet 1 million images | AU-based
annotated for action | analysis  for
units (AUSs) related | fine-grained
to emotions and | smile
smiles. detection.

YouTube Faces Videos of faces, | Smile
some annotated for | detection in
smiles and other | dynamic
expressions. environments.
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We also found during research and writing that the algorithms that were discussed in our research were based on
other databases that were not mentioned in our research. Because of their importance, we mentioned them in a Table
2. That shows the algorithm, databases, year of publication, and publishers.

Table 2: that shows the algorithm, databases, year of publication, and publishers

Algorithm/Approach | Researchers Year Dataset Aim of Work
Graph Neural Jiang et al. 2021 FERPIlus Propsed GNNmodels for
Networks(GNNs)[18] expression classification,

including smile detection,
emphasizing graph-based
feature for robust

recognition.
Histogram of Oriented | Dalal and | 2015 INRIA Developed HOG features
Gradients(HOG)[19] triggs Pedestrian for object detection by
Dataset capturing gradient

orientation, later adapted
for facial feature and smile
recognition tasks.

Haar Cascades [20] Viola and | 2015 Custom Introduced an AdaBoost
Jones datasets framework with Haar-like

features, initially for face
detection, which  was
adapted for smile detection
in facial regions.

Random Forest(RF) | Breiman 2020 Various image | Applied ensemble
[21] datasets methods  for  robust
classification, often

combined with HOG for
improving smile detection
accuracy.

Decision Tree(DT)[22] | Quinlan 2021 FEROIlus,CK+ | Used for decision- making
processes in  machine
learning pipelines, often
forming the base of other
ensemble techniques like

RF.
YOLO(You Onal Look | Redmonetal. | 2016 MS- Real-time object detection
Once) [23] COCO,FER framework optimized for
datasets face and smile recognition

through high-speed and
accuracy trade-offs.

3. Traditional Computer Vision Techniques

3.1 Feature-Based Algorithms: They are computational techniques that rely on identifying and analyzing specific
characteristics or attributes (features) of data to perform tasks such as classification, recognition, or detection. In the
context of computer vision, features typically refer to distinct patterns or structures in images, such as edges, corners,
textures, or keypoints that are used to describe and distinguish objects or regions. Feature-based algorithms were
widely used before the advent of deep learning and remain useful in scenarios where computational efficiency and
interpretability are critical [15]. The consist of:

a. Haar Cascades: based on the work of Paul Viola and Michael Jones in 2001, is a machine learning approach to
object detection, including smile detection. It relies on Haar-like features, which are patterns similar to edge, line,
and rectangle configurations used to detect specific objects or expressions within an image. It works on several
feature extractions including: (1) Haar-like features analyze pixel intensity in rectangular regions, (2) Training
with AdaBoost: A classifier is trained sequentially using labeled positive (images with smiles) and negative
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(images without smiles) samples, (3) Detection: It scans the image at different scales and locations to detect smiles,
using multiple stages (or layers) of classifiers in the early stages quickly detecting non-smiling regions, and later
stages performing more precise analysis. The advantages of Haar Cascades for smile detection are: (1) Efficiency:
Fast computing makes it suitable for real-time applications; (2) It struggles with variations in lighting or head,
making it less accurate than modern deep learning techniques. Haar Cascades is Effective for detecting smiles but
limited in generalizability. This Fig.1. illustrates Haar Cascades.[16]

Figure 1. Haar Cascades [32].

b. Histogram of Oriented Gradients (HOG):is a powerful feature descriptor used in computer vision and image
processing, designed to capture the structure and shape of objects within an image. To detect a smile, a gradient
feature identification mechanism identifies the characteristic patterns associated with smiles, such as the
curvature of the lips or the elevation of the cheek areas. The first main mechanism is: (1) Gradient calculations:
HOG calculates the gradient (i.e. change in intensity) for each pixel in the image. Gradients emphasize edges,
making them ideal for detecting realistic smile features. (2) Direction classifications: Gradients are divided into
cells (small rectangular regions) and classified into direction bins based on their direction to detect a smile. This
step highlights the typical curved regions of the lips for a smile. (3) Block Normalization: Groups of adjacent
cells are normalized to make the feature descriptor invariant to lighting variations. This ensures that smiles are
detected consistently under different conditions. (4) Feature Vector Creation: The gradient information from all
cells is combined into a single feature vector, representing the smile pattern in the image. the second is
classification with Support Vector Machines (SVM) is: (1) HOG is often paired with SVM for classification:
HOG Features: Extracted from labeled training images (smiles vs. non-smiles): (2) SVM Training: Learns a
decision boundary to classify new images based on the HOG feature vector: (3) Detection: When presented with
new input, the SVM predicts whether a smile is present. Active Shape Models (ASM) and Active Appearance
Models (AAM) Used to locate and track facial landmarks. Smiles can be detected by analyzing the shape and
movement of the lips.[17] See Fig. 2.

Input image Histogram of Oriented Gradient

Figure 2. Explain Histogram of Oriented Gradients (HOG).

213
DOI: https://doi.org/10.54216/]CIM.160115
Received: November 14, 2024 Revised: January 21, 2025 Accepted: February 21, 2025



https://doi.org/10.54216/JCIM.160115

Journal of Cybersecurity and Information Management (JCIM) Vol 16, No. 01, PP. 208-230, 2025

Advantages to (HOG): are (1) Robustness: It is effective in capturing edge and texture information. (2) Efficiency:
It can work with relatively small datasets compared to deep learning models. (3) Stability: It is resilient to variations
in lighting and slight changes in pose due to normalization. Disadvantages: Although deep learning has now overtaken
HOG + SVM, it remains a staple method, especially for resource-constrained applications. To gain deeper insights.
Applications in Smile Detection: HOG with SVM is widely used for tasks such as real-time emotion detection in
controlled environments and smile recognition for surveillance systems.

C.

Edge Detection and Contour Analysis: Edge detection and contour analysis for smile detection Edge detection
is a very important technique in image processing that is used to identify the boundaries of objects by detecting
large changes in pixel density. Edge detection can highlight the contours of facial features, especially the lips,
which are key indicators of a smile. The main techniques are: (1) Canny edge detector: It is one of the most popular
edge detection algorithms due to its ability to detect edges clearly while reducing noise. It is done by applying
Gaussian smoothing to find the density gradients and to reduce the noise, which leads to identifying the areas of
large changes in density. (2) Smile detection: is the use of a Kani detector to highlight the edges around the lips,
where a smile is characterized by the curvature of the lips, so the edge detection algorithm can detect them
effectively. Then, line analysis is used to trace the shape of the lines that reveal the distinctive shape of the lips as
they curve upward. Its advantages are to detect certain features and work well on them to detect the lip borders,
and what is very necessary for smile recognition is: (1) Light sensitivity: as poor lighting can cause the edge to be
detected incompletely and incorrectly. (2) Face position: If the face is not directly in front of the camera, the
detection may miss the edge of the lip border or distort it due to inaccurate positioning, and noise and complex
backgrounds can interfere with the accuracy of lip edge detection. (3) Simple and effective: Edge detection is
computationally efficient and can work in real-time applications. Its most important applications are: (1) Real-
time smile recognition. (2) Healthcare to track therapeutic or diagnostic emotional conditions. [18] See Fig. 3.

Figure 3. Edge Detection and Contour Analysis. [36]

3.2 Machine Learning-Based Approaches

Machine learning-based approaches for smile detection and recognition involve using algorithms that learn patterns
from labeled data to identify and classify smiles in images or videos. These methods rely on training a model with
examples of smiling and non-smiling faces, enabling the system to generalize and accurately detect smiles in new,
unseen data. Also is a supervised machine-learning algorithm that classifies data by finding an optimal line or
hyperplane that maximizes the distance between each class in an N-dimensional space.

a.

Support Vector Machines (SVM): Support vector machines (SVMs) are one of the most widely used machine-
learning algorithms for smile detection and recognition. They are a supervised learning model that finds the
optimal level of separation between classes (e.g., smiling vs. non-smiling). SVMs are used in applications
like handwriting recognition, intrusion detection, face detection, email classification, gene classification, and in
web pages. This is one of the reasons we use SVMs in machine learning. It can handle both classification and
regression on linear and non-linear data. When applied to smile detection, SVMs for smile detection work in the
following stages: (1) Feature extraction: Key facial features, such as lips and cheeks, are extracted, and these
features often contain valuable information for distinguishing smiling from non-smiling faces. (2) Feature
extraction: SVMs are often combined with different feature extraction methods to improve their performance.
(a) HOG (Histogram of Oriented Gradients): This technique extracts gradient-based features that highlight the
edges and shapes of facial regions (especially lips). (b) (Principal Component Analysis) PCA: Principal
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component analysis is used to reduce dimensionality, select the most relevant features for smile detection and
ensure that the SVM focuses on the most informative parts of the image (3) Model training: The SVM classifier
is trained using labeled datasets (images of smiling and non-smiling faces). It learns to distinguish between the
two classes by identifying patterns in the extracted features. (a) Positive class: Images that contain smiles. (b)
Negative class: Images that do not contain smiles (neutral or non-smiling expressions). (4) Classification: When
a new image is presented, the SVM uses the learned hyperparameter to classify the image as a smile or not. The
decision-making process of the SVM depends on how well the image features match the features learned from
the training data.[18] See fig. 4.
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Figure 4. SVM algorithm for face detection and classification.

The advantages of SVM in smile detection are: (1) Effective with small datasets as SVM can perform well with
limited amounts of data compared to deep learning methods. (2) High accuracy: Using appropriate feature extraction
methods, SVM can achieve high accuracy in detecting smiles, especially in controlled environments. (3) Robustness:
It is less prone to overfitting when tuned with regularization, which is critical for generalizing smile detection across
different images. The performance of SVM is highly dependent on the quality of the features and feature extraction
methods such as HOG or PCA must be chosen carefully. While SVM s effective for smaller datasets, it becomes
computationally expensive as the dataset grows, especially when used with high-dimensional features such as HOG.
SVM has difficulty performing well on images with different lighting, head poses, or occlusions, unless combined
with more complex techniques such as deep learning. Some applications of SVM are: (1) Emotion recognition
systems: SVM is used in systems that require real-time smile detection, such as customer feedback systems or virtual
assistants. (2) Healthcare: SVM-based smile detection is used in therapeutic settings to monitor emotional states or
interactions between patients. [19]

SVM can be of two types: (1) Linear SVM: Linear SVM is used for linearly separable data, which means if a dataset
can be classified into two classes by using a single straight line, then such data is termed as linearly separable data,
and classifier is used called as Linear SVM classifier.

(2) Non-linear SVM: Non-Linear SVM is used for non-linearly separated data, which means if a dataset cannot be
classified by using a straight line, then such data is termed as non-linear data and classifier used is called as Non-
linear SVM classifier.

By integrating feature extraction methods such as HOG and PCA with SVM, smile detection systems can achieve
effective performance, especially in well-controlled environments. However, for more challenging, real-world
scenarios, hybrid models combining deep learning and machine learning may be necessary.

(b) Decision Trees and Random Forests: Decision trees and random forests are supervised learning algorithms that
partition data into subsets based on feature values, creating a tree-like structure where each node represents a
feature and each branch represents a decision rule. They are also machine-learning algorithms that can be
effectively applied to smile detection by learning patterns in facial features to classify smiles from neutral
expressions [20]. These algorithms are popular because of their ability to handle complex classification and
decision-making tasks in a clear and interpretable manner. They use features such as lip curvature, mouth
position, or cheek contour. Based on these features, the tree decides whether an image represents a smile or a
neutral expression. The decision tree is trained using a dataset containing labeled images (smiles and neutral
faces). It repeatedly splits the data at each node based on the feature that best separates the data (using metrics
such as Gini impurity or information gain). See Fig. 5.
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Figure 5. Decision Trees and Random Forests [49].

Its advantages are: (1) its interpretability is one of its main strengths, as it is highly interpretable and each decision in
the tree can be traced back to a specific feature, making the model easier to understand and debug. (2) Efficiency on
small datasets, as decision trees can be trained on smaller datasets with relatively lower computational requirements.
Decision trees are prone to overfitting, especially when the tree becomes very deep. Pruning techniques are often
required to avoid overfitting A single wrong or noisy data point can significantly impact the performance of the tree.
Random forest is an ensemble learning method that combines multiple decision trees to improve performance. It
creates an ensemble (forest) of decision trees by training each tree on a random subset of the data and using random
features in each split. Each individual tree in the random forest makes its prediction (smiles or not), and the final
prediction is made by averaging the results of all the trees (for regression tasks) or by majority voting (for
classification tasks). When detecting a smile, random forests can use multiple facial features (e.g., lip curvature,
mouth width, and cheek height) where complex patterns are learned from different subsets of features. This helps
improve the generalization and accuracy of the smile detection model. [21]

Some of the advantages include: (1) Improved accuracy: By combining multiple decision trees, random forests reduce
the risk of overfitting and can improve the generalization of the model to new, unseen data. (2) Robustness: Random
forests are more robust to noise and outliers than individual decision trees. Random forests can provide insight into
the importance of different features in detecting smiles, allowing for the selection of the best features for the features.
(3) Random forests outperform individual decision trees in accuracy, but are less interpretable due to the combination
of multiple trees.

applications of smile detection are: (1) Emotion recognition systems: Decision trees and random forests are often
used in real-time smile detection systems, where facial features such as lip curvature and cheek height are key
indicators. (2) Human-computer interaction: These algorithms can be used to recognize smiles in gaming applications
and video calls to respond interactively. (3) In treatment or diagnostic and care settings, facial expression and smile
detection can help monitor emotional states. Both decision trees and random forests provide effective methods for
smile detection by learning facial feature patterns. While decision trees provide clear interpretability, they also
provide better accuracy and robustness by aggregating multiple decision trees. These algorithms can be particularly
useful when combined with other feature extraction methods (e.g., HOG and PCA) to improve performance in both
controlled and real-world scenarios. [22]

4. Deep Learning-Based Approaches:

Deep learning-based smile detection and recognition methods rely on advanced machine learning techniques,
especially neural networks, to automatically interpret and analyze smile patterns in facial videos or images. These
methods use hierarchical feature extraction, and deep neural networks, such as convolutional neural networks
(CNNs), learn complex representations of data directly from raw inputs such as pixel values. This enables high
accuracy and efficiency in smile detection and recognition.

These methods can be scaled and improved using large datasets, making them suitable for a variety of real-world
applications, including social robotics, user experience enhancement, and sentiment analysis. These key techniques
include convolutional neural networks, transfer learning, and region-based object detection models, which together
form a powerful framework for automatic smile analysis. They consist of: (1) Convolutional Neural Networks
(CNNs): (a) Convolutional neural networks are widely used in smile detection and recognition due to their ability to
automatically learn features directly from pixel data, eliminating the need for handcrafted features. (b) The main
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layers in CNNs (e.g., convolutional layers, pooling layers, and fully connected layers) extract hierarchical features
such as edges, textures, and patterns that are critical for identifying smiles. Examples of architectures are (AlexNet,
VGG, and ResNet). (2) Transfer learning: pre-trained models (e.g., VGGFace, MobileNet, and ResNet) are adapted
to smile detection by fine-tuning on specific smile datasets. [23] See Fig. 6.

Softmax

[ —

Full
Convolution Pool layer  connection
Input image layer layer

Hidden Output
layer layer

Figure 6. Here is a conceptual illustration of a deep learning-based approach for smile detection and recognition,
showing the flow from input (image of a face) through a Convolutional Neural Network (CNN) to the output.

The advantages include: (a) Time and resource efficiency: Reusing knowledge from large-scale datasets such as
ImageNet. (b) Improved performance: Pre-trained models provide robust feature representations. (c) Fine-tuning
typically involves freezing lower-level layers and training higher-level layers to specialize in smile detection tasks.
(d) Focusing specifically on facial regions, reducing noise from irrelevant parts of the image. (e) Improving accuracy
by targeting regions most relevant for smile analysis. (3) Region-based convolutional neural networks (R-CNN). R-
CNN and its variants (Fast R-CNN, Faster R-CNN, and Mask R-CNN) integrate object detection and classification.
Its operation involves the following steps: (a) Regions of interest (ROI) are proposed from the image to isolate facial
regions. (b) The extracted regions are then classified as smiling or non-smiling. [22]

5. Hybrid and Advanced Techniques:

Hybrid and advanced smile detection techniques combine multiple deep learning methodologies and introduce new
architectural frameworks to enhance the accuracy, efficiency, and adaptability of smile analysis systems. These
approaches integrate temporal and structural modeling to address challenges such as micro expression recognition,
data overload, and complex facial dynamics. Especially in challenging scenarios such as dynamic environments,
micro expressions, or low-data-demanding situations, these hybrid and advanced techniques leverage temporal,
generative, and structural insights to enhance the accuracy and robustness of smile detection and recognition systems.
Leveraging innovations such as recurrent neural networks (RNNs) with long short-term memory (LSTM) modules,
generative adversarial networks (GANS), and graph neural networks (GNNSs), these approaches go beyond traditional
frameworks. They focus on capturing sequential dependencies in video-based smiles, synthesizing diverse training
data, and representing facial features as graph structures, enabling more robust and accurate smile detection under
diverse conditions. (1) Recurrent Neural Networks (RNNs) with Long Short-Term Memory (LSTM) modules:
Recurrent neural network descriptions, especially those enhanced with Long Short-Term Memory (LSTM) modules,
are effective in analyzing sequential data by preserving information over time. Its advantages include: (a) It is suitable
for recognizing smiles, especially video-based ones. (b) It deals with variations in the duration of a smile since its
onset. (2) Generative Adversarial Networks (GANs): GANs consist of two networks - (a) a generator that generates
synthetic data, and (b) a discriminator that evaluates its validity, to recognize subtle differences in the expression of
any smile while generating various training examples. Its advantages include: (a) It improves the robustness of models
in different conditions. (b) It enables the detection of subtle differences in smiles, such as polite or sincere smiles. (3)
Graph Neural Networks (GNNs): Graph neural networks process data organized in the form of graphs, where nodes
and edges represent entities and their relationships, respectively, and analyze structural changes in the graph during
the formation of a smile. Its advantages include: (a) Captures spatial relationships between facial features. (b)
Effective in modeling complex geometric transformations during smile expressions. (¢) Particularly useful for
detecting asymmetric or subtle smiles. [23] See Fig. 7.
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Figure 7. Here is a conceptual diagram illustrating hybrid and advanced techniques for smile detection and
recognition. It includes components such as RNNs with LSTMs, GANs for synthetic data, and GNNs analyzing
facial landmarks.

6. Al Frameworks for Smile Detection:

Al frameworks for smile detection and recognition are libraries and software tools designed to facilitate the
development, training, and deployment of models for analyzing and identifying smiles in images or videos. These

frameworks provide pre-trained models, algorithms, and auxiliaries for tasks such as facial feature detection,
expression recognition, and real-time analysis.

These frameworks provide a comprehensive set of tools and libraries for performing smile detection and recognition,

and cater to a variety of needs ranging from lightweight solutions to advanced deep learning-based analysis. These
frameworks include:

(1) OpenCV: which provides pre-trained models for fast smile detection, and is a popular library for computer vision
tasks (open-source computer vision library), providing tools for image and video analysis. One of its applications in
smile detection is that it provides pre-trained Haar Cascade classifiers for smile detection, enabling fast and efficient
implementation. It supports real-time smile detection using lightweight models. It also has the advantages of (a) Easy
to use and integrate into applications. (b) Open source and highly customizable [24]. See Fig. 8.
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Figure 8. Opencv python [71][72]

(2) Dlib: which specializes in facial feature detection for smile dynamics analysis, is a powerful machine-learning
library with computer vision tools, including face recognition and feature detection. Its applications in smile detection
include: (a) Detects facial features (such as mouth corners and eyes) for smile dynamics analysis. (b) Tracks facial
regions to ensure accurate smile analysis even in videos. It also has the following advantages: (a) accurate facial
feature detection. (b) Lightweight and works well with deep learning frameworks [25]. See Fig. 9
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Figure 9. Identification of facial landmarks using Dlib. a Facial landmark.
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(3) DeepFace: A deep learning-based framework that supports advanced facial analysis such as recognition, age
estimation, and expression detection. These frameworks simplify the implementation of smile detection systems by
providing accessible, efficient, and scalable solutions. Its applications in smile detection include: (a) Recognizes and
analyzes facial expressions, including smiles, with high accuracy. (b) Efficiently integrates pre-trained models for
smile recognition tasks. Its advantages include: (a) advanced accuracy in expression detection. (b) Support for
multiple backends, including TensorFlow and PyTorch, for scalability [26]. See Fig. 10.

Figure 10. Deepface model [79].
. Real-Time Detection and Recognition Techniques:

Real-time smile detection and recognition techniques are computational methods and frameworks designed to analyze
and identify smiles instantly from live video streams or dynamic environments. These methods prioritize speed and
efficiency while maintaining accuracy, enabling seamless smile detection in interactive and time-sensitive
applications. It consists of: (1) YOLO (You Only Look Once): It is a real-time facial expression-based object
detection framework known for its balance of accuracy and speed. Its applications include: (a) it is dedicated to facial
expression recognition tasks exclusively, including smile detection. (b) It classifies expressions in a single forward
pass of the network, enabling real-time performance. Its advantages include: (a) High-speed detection suitable for
live applications. (b) It maintains accuracy even in dynamic environments [27]. See Fig. 11.

you only look
ONCE |

Figure 11. YOLO running on sample artwork and natural images from the internet. It is mostly accurate although it
does think one person is an airplane.

Class probability map

(2) MediaPipe by Google: A cross-platform framework developed by Google for building multimodal machine
learning pipelines, including face detection and tracking. Its applications include: (a) It provides efficient real-time
face and smile detection across different platforms, (b) It uses lightweight models optimized for mobile and embedded
devices. Its advantages include: (a) High efficiency and accuracy, (b) It supports cross-platform deployment on
mobile, web, and desktop [28]. See Fig. 12.
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Figure 12. MediaPipe by Google [82].

These technologies enable and are widely used to seamlessly detect and recognize smiles in real-time, making them
ideal for applications such as interactive systems, live video analysis, and social robotics.

8. Datasets for Training Models

Smile detection and recognition training datasets are collections of annotated images, videos, or facial landmarks
that are used to teach machine-learning models to recognize smiles and other facial expressions. These datasets
typically include diverse samples representing different individuals, ethnicities, lighting conditions, and facial
movements. Using such datasets, models learn to detect patterns associated with smiles, such as mouth movement
and surrounding facial muscles.

These datasets are essential for training robust and accurate models that can recognize smiles in a variety of real-
world scenarios. Notable datasets for training smile detection models include (1) CK+: (Extended Cohn-Kanade
Dataset): This is a widely used dataset for facial expression analysis, containing annotated images and videos of facial
expressions. It includes labels for facial expressions, including smiles. It is (1) ideal for training and validating models
for detecting expressions and smiles, (2) high-quality images, and (3) includes still frames and video sequences . See
Fig. 13. Dataset illustrating.

Figure. 13. Examples from the CK+ dataset illustrating the strong temporal links present within neighboring
frames among different expressions, (a) sadness, (b) happiness, (¢) contempt, (d) anger and (e) fear.

(d)

e)
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(2) FER2013: (Facial Expression Recognition 2013) is a Kaggle-hosted dataset of grayscale facial images for
emotion recognition. It contains expressions, including happiness (smiles), making it suitable for training smile
recognition models. Its advantages include (1) useful for comparison due to its inclusion in Kaggle challenges, (2)
large dataset with over 35,887 images, (3) diverse facial expressions in challenging real-world conditions. See Fig.
14. Fer2013 used for facial expression recognition. Grayscale facial images containing 7 different emotions (anger,
disgust, fear, happiness, neutral, sad, and surprise).

Disgust ' Surprise || Neutral

Figure 14. Fer2013 dataset is a common dataset used for facial expression recognition. The dataset contains 35,887
grayscale facial images containing 7 different emotions (anger, disgust, fear, happiness, neutral, sad, and surprise).

(3) AffectNet: A large-scale, large-scale dataset and the largest facial expression recognition dataset with a focus on
emotion detection, covering a wide range of expressions including smiles. Its advantages include (1) annotated images
for basic and complex expressions, including happiness (smiles) and variations in pose, lighting, and occlusions, (2)
well-suited for training deep learning models that require large-scale data, (3) over a million images annotated with

facial expression tags [29].
ra m [ q

Angry (Disgust)  Disgust (Angry) Fear (Sad) Angry (Sa) Neutral (Angry)  Happy Happy Sad (Angry) Surprise (Fear)

i

Happy (Surprise) ~ Fear (Surprise)  Surprise (Fear) Angry (Fear) Fear (Fear) Disgust (Disgust) ~ Angry (Angry) Contempt (Happy)

Angry (Disgust) ~ Happy (Neutral) Sad (Angry)  Happy (Contempt) Non- fmr (Surprise) Llnarm:n (Sad) None (Fear) None (Happy)

Figure 14. Samples of queried image from the web and their annotated tags. The queried expression is written in
parentheses.
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(4) JAFFE: (Japanese Female Facial Expressions): The JAFFE dataset consists of 213 images of different facial
expressions from 10 different Japanese female subjects. Each subject was asked to do 7 facial expressions (6 basic
facial expressions and neutral) and the images were annotated with average semantic ratings on each facial expression
by 60 annotators. JAFFE contains facial expression samples from Japanese female subjects, designed for sentiment
analysis and expression dataset containing facial images that capture and provide annotated samples for various
emotions, including smiles, making it valuable for targeted smile detection tasks. Its advantages include: (1) high-
resolution images, (2) small but well-annotated dataset, ideal for initial experiments. These datasets are useful for
training and evaluating machine-learning models for smile detection and recognition, as they provide a variety of
expressions, image quality, and scenarios to improve model performance [30]. See Fig. 15.

Figure 15. Examples of facial expression images from the JAFFE database.

9. Evaluation Metrics

Evaluation metrics are quantitative measures used to evaluate the performance, effectiveness, and reliability of an
algorithm, model, or system. These metrics provide insights into how well the algorithm achieves its intended goals,
allowing for comparison, improvement, and verification. Their purpose is to ensure that the model meets the required
performance criteria in specific applications or scenarios. They consist of several types that vary depending on the
context, such as classification accuracy, error rates, and computational efficiency. Their importance is that they guide
improvements by identifying the strengths and weaknesses of the algorithm or system. Evaluation metrics consist of:

1. Performance metrics: Measure the ability of an algorithm to perform the required task (e.g., accuracy, precision,
recall) because accuracy alone can be misleading for imbalanced datasets, so accuracy and recall must be
analyzed together to gain accurate insights.

2. Efficiency metrics: Evaluate resource usage such as time and computational power (e.g., processing time,
memory consumption) as computational efficiency affects scalability and usability in resource-constrained
systems.

3. Robustness metrics: Robustness ensures reliability in realistic scenarios with incomplete inputs. Where the
stability of the algorithm is evaluated under different conditions (e.g., lighting changes, occlusions). Evaluation
metrics are chosen based on the specific application and trade-offs between factors such as speed, accuracy, and
real-world application. The F1 score is critical to determining overall performance in scenarios that require trade-
offs.

Here is a Table 3 listing and explaining common evaluation metrics for algorithms, including accuracy, precision,

recall, F1-score, computational efficiency, and robustness.
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Table 3: listing and explaining common evaluation metrics for algorithms.

proportion of actual

Recall=

negatives are

Importance in
Metric Description Formula/Measurement When to Use Smile  Detection
and Recognition
Accuracy [30] | Measures the Use when | - Provides an
proportion of correct Accuracy= classes are | overall sense of
predictions to the | .. Posigi’ves +True Negatives balanced, as it | how  well the
total predictions. Total does not | algorithm performs.
differentiate - Does not account
between types | for class
of errors. imbalances or the
cost of
misclassifications.
Precision Indicates the Use when false | - Ensures  the
[31] proportion of true L positives are | algorithm is not
L - Precision= i
positive  predictions True Positives costly  (e.g. | falsely  detecting
among all pOSitiVG True Positives+False Positives spam smiles (important
predictions. detection). for applications
requiring high
specificity, like
healthcare
diagnostics).
Recall [32] Measures the Use when false | - Measures the

algorithm's  ability

Precision +recall

positives  correctly True Positives costly  (e.g., | to detect all smiles,
identified by  the | i e positives+False Nagatives disease even subtle or hard-
algorithm. detection). to-detect ones.
- Crucial for real-
time or assistive
applications.
F1-Score [33] Harmonic mean of Use when | - Useful in
precision and recall, Precision xrecal. | there’s a need | scenarios  where
balancing the two | F1-Score=2 X ——————— | o balance | false positives and

varying  conditions
like lighting, angles,
or occlusions.

containing variations.

diverse
environmental
conditions.

metrics. precision and | false negatives
recall, carry different
especially with | implications, such
imbalanced as customer
classes. feedback analysis.
Robustness Evaluates how well Crucial for
[34] the algorithm Empirical testing with datasets tasks I_|ke smile
performs under detection under

False Positive
Rate (FPR)
[35]

The percentage of
non-smile cases
incorrectly classified
as smiles.

- Helps identify over-
sensitivity in detection, which
could lead to irrelevant outputs
in marketing or user feedback
systems.

False Positive
Rate (FPR)

The percentage of
non-smile cases
incorrectly

classified as smiles.
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10. Comparison of Techniques

Technique comparison refers to the evaluation and differentiation of algorithms or models based on specific criteria
to determine the most appropriate approach for a particular problem or application. It highlights the strengths,
weaknesses, and optimal use of each technique (e.g., supervised or unsupervised deep learning). The data used refers
to the type or criteria used to train and evaluate the technique and is important in choosing the most appropriate
method for specific tasks. For example, comparing a convolutional neural network (CNN) to a support vector machine
(SVM) in image classification can reveal that CNNs are better at extracting features in complex image data, while
SVMs excel on small datasets with fewer features. By systematically comparing techniques, researchers and

practitioners can make informed decisions tailored to specific goals and constraints.

Comparing algorithms based on the specified criteria:

Table 4: Comparing Algorithms Based on the Specified Criteria.

Here is a detailed Table 4.

Algorithm Category Performanc | Dataset Applications Advantages | Limitations
e Used
Support Supervised | High accuracy for | UCI Machine | Image Effective | Computational
Vector Learning small to medium- | Learning classificatio | in  high- | ly expensive
Machines sized datasets, | Repository, n, Text | dimension | for large
(SVM) [28] especially for | MNIST categorizatio | al spaces; | datasets;
binary n robust to | kernel
classification overfitting | selection is
tasks. critical.
Random Ensemble High accuracy for | Kaggle Fraud Handles Not  suitable
Forest [29] Learning classification and | Datasets, UCI | detection, large for  real-time
regression;  less | Repository Healthcare datasets applications
prone to predictions well; due to slower
overfitting  than interpreta | predictions.
decision trees. ble
through
feature
importanc
e.
Convolutiona | Deep Excellent ImageNet, Facial Highly Requires large
I Neural | Learning performance for | CIFAR-10, recognition, | accurate datasets and
Networks image and video | COCO Autonomous | for image- | computational
(CNN) [26] data; state-of-the- vehicles related resources;
art for tasks like tasks; prone to
object detection. automatic | overfitting on
feature small datasets.
extraction.
K-Nearest Instance- Moderate ucCl ML | Recommend | Simple Computational
Neighbors Based performance, Repository, ation and ly expensive
(KNN)\[22] Learning dependent on | OpenML systems, interpreta | during
dataset size and Pattern ble; no | inference;
choice of k. recognition | training sensitive to
phase irrelevant
required. features
K-Means Unsupervis | Good for | Customer Customer Simple Struggles with
Clustering ed Learning | partitioning data | datasets, segmentatio | and fast; | non-spherical
[20] into groups, but | Transaction n, Market | scales to | clusters;
dependent on | data analysis large sensitive to
initialization and datasets. outliers.
number of
clusters.
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Recurrent Deep Effective for | IMDB Language Captures Training is
Neural Learning sequence data, but | Sentiment modeling, temporal computationall
Networks may face | Analysis, Time-series | dependenc | y  expensive;
(RNN) [30] vanishing gradient | Time-series predictions ies; struggles with
issues. datasets suitable long-term
for dependencies.
sequential
tasks.
Naive Bayes | Probabilisti | Performs well | UCI ML | Spam Simple, Assumes
[19] c Learning | with small | Repository, detection, fast, and | feature
datasets and text | Spam datasets | Sentiment effective independence;
data; fast training analysis for text- | may not
and inference. based perform  well
problems. | with correlated
features.

11. Applications

The different areas where smile detection and recognition are being applied are particularly focused on sentiment
analysis, marketing, customer feedback, assistive technologies, healthcare (therapy and diagnosis), enhancing
accessibility and driving innovation in understanding human emotions. Table 5 summarizes the areas where smile
detection and recognition are being applied, with explanations for each:

Table 5: summarizes the areas where smile detection and recognition are being applied.
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Domain Description/Application | Examples Benefits Challenges
Smile detection is used | -Sentiment -Improved user experience | -Cultural
to infer emotional states | analysis in social | through adaptive interfaces | variations in
of individuals by | media . expressing
analyzing facial _Enhancin l—JEther;c(;at?oLrj]r;derstandlng of emotions
expressions. It helps in human—cor%\ uter -Subtles  smiles
Emotion understanding user interactionsp -Facilitates empathetic Al vs.genuine
Analvsis reactions and emotional interactions 9
y responses in real-time. -Real-time _Improves human-comouter -Privacy concerns
feedback in virtual inte[r)action' P
meetings '
-Enhances user experience
in gaming, virtual reality,
and online meetings.
Businesses utilize smile | -Real stor analytic | -Objective measurement of | -High variability
recognition to gauge - customer emotions in individual
. - -Advertising .
customer  satisfaction . . - expressions
effectiveness -Data-driven insights for
. and engagement. By : . ) .
Marketing and : studies improving products and | -Environmental
analyzing customer . .
customer - . services factors affecting
feedback expressions  companies | -Customer _ accuracy
can assess the | satisfaction -Enhanced  targeting  of
effectiveness of products | surveys marketing strategies -integration with
services, and marketing existing systems
campaigns.
. Smile deduction aids in | -Smart home | -Increases accessibility and | -Ensuring
Assistive ; R - -
. creating more intuitive | devices ease of use reliability ~ and
Technologies . -
and responsive assistive accuracy
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devices for individuals | responding to user | -Enhanced user-device | -addressing
with  disabilities. It | emotions interaction diverse user needs
enhances . . . - and expressions
A -interactive tools | - improves usability of
communication and for individuals | devices for individuals with | -Maintaining user
interaction between . : . g
users and technology by \_Nlth _ speech phy_smgl or sensory | privacy
recognizing and | impairments limitations.
responding to facial | -Emotion  aware
Cues. robotics
Healthcare In  healthcare, smile | -Mental health | -Objective assessment of the | -Ensuring  data
(Therapy  and | recognition assists in | monitoring tools patient's feelings increases | security and
Diagnostics ) mqnitoring pati_ent Wt?ll- “Therapeutic the effectiveness of | patient privacy
being, diagnosing feedback systems treatment -Handlin
mental health conditions / - Earl detection  of sensitiveg
and providing feedback | -Diagnostic tools emotionzﬁ and | emotional data
during therapy seeions.It | for  neurological svcholoaical problems
enables changes and | conditions psy gicalp -Integrating with
patient progress clinical
objectively. workflows

Smile detection and recognition technologies have diverse applications across multiple domains, each benefiting from
enhanced emotional understanding and interaction capabilities. While the advantages are significant, addressing the
associated challenges is crucial for the effective and ethical implementation of these technologies.

12. Future Directions for Smile Detection and Recognition

The field of smile detection and recognition is evolving rapidly, with opportunities for significant advancements to
improve accuracy, robustness, and ethical deployment. Below are some potential improvements and emerging trends.

1- Combining multiple types of data (e.g., audio, video, and physiological signals) can enhance the accuracy and
reliability of smile detection systems.

2- Combining facial expressions with audio cues, such as laughter or tone of voice, provides richer emotional context.
For example, detecting a laugh alongside a smile can improve differentiation between genuine and polite smiles.

3- Incorporating data from wearable devices (e.g., heart rate variability, skin conductance) assesses emotional states

more holistically.

4- In scenarios like video conferencing, integrating spoken or written text with visual expressions can add valuable
context to smile interpretation.

5- Providing users with clear explanations of how smile recognition systems work and how their data is used. Here
is a detailed Table 6 summarizing the future directions for smile detection and recognition:

Table 6: summarizing the future directions.

Future Direction Description Benefits Challenges
Use of Mulita- | Combining multiple | -Improved -Increased
Model Data data types (e.g., | accuracy for | computational
audio, video, | ambiguous or | complexity.
p_hysmloglca_ll subtle smiles. _Synchronizing
signals) to improve - L2
. . -Holistic data from diver’s
smile detection. .
understanding of | sources.
emotions. .
-Privacy concerns
with sensitive
modalities.
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More Robust | Adapting -Enhanced -Balancing
Algorithms for Real- | algorithms to handle | reliability in real- | computational
World Setting diverse a | world efficiency  with
challenging applications. accuracy.

environments.

-Broader adoption

-Managing biases

in resource- | due to
constrained environmental
environments. variability.
Inclusion of Ethical | Embedding ethics | -Builds user trust | -Balancing ethical
considerations into  development | and compliance | goals with
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Future directions in this field aim to detect and recognize smiles and create accurate, adaptable, and ethically sound
systems. Together, these directions lead to the development of smile detection technologies for comprehensive
applications. By leveraging multimodal data and integrating ethical frameworks, these technologies can achieve wider
adoption and impactful applications while respecting user rights and societal norms.

13. Conclusion

This review of traditional computer vision techniques for smile detection and recognition highlights the fundamental
role of these methods in understanding, analyzing, and accurately detecting and recognizing smiles from facial
expressions. Despite the development and progress made in machine and deep learning, traditional methods remain
important due to their interpretability, efficiency, and historical contributions to the field. these algorithmic
approaches often rely on hand-crafted feature extraction techniques, such as HOG (Histogram of Oriented Gradients),
Haar Cascades, and classifiers such as Support Vector Machines (SVM), k-nearest neighbors (k-NN), decision trees,
and random forests, which are essential for classifying smile and non-smile expressions. The advantages of these
methods are numerous, including efficiency, as these methods are less computationally intensive compared to deep
learning, making them better suited for resource-constrained environments, and interpretability, as these handcrafted
features provide clear insights into the aspects of the image that contribute to smile detection. With fewer parameters
to modify, traditional algorithms are easier to implement and debug. Traditional methods suffer from variations in
lighting and angles across diverse datasets and complex real-world scenarios, and these methods perform imperfectly
with these datasets. Their influence continues in hybrid systems that combine traditional features with machine
learning models or as benchmarks for newer data-driven approaches. Moreover, their efficiency and simplicity make
them applicable to edge applications and low-resource environments. The future prospects for these methods are to
combine traditional feature extractors with lightweight neural networks to improve performance in diverse conditions,
extend traditional methods to unseen domains or in combination with audio and text analysis, and advantage the
transparency of traditional methods to ensure smile detection systems. Our conclusion is that traditional computer
vision techniques for smile detection and recognition remain the cornerstone of the field. They provide valuable
insights into feature design and algorithmic simplicity, providing a strong foundation for continued innovation. As
the field evolves, these methods continue to serve as complementary standards and tools in the broader landscape of
smile detection and recognition techniques.
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