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Sign Language (SL) Sign Language (SL) is essential for communication
within the Deaf and hard-of-hearing community. Thai Sign Language (TSL) possesses
a unique structure, distinct from Chinese and American Sign Languages. It operates
under its own grammatical rules, frequently utilizing simplified sentence structures for
effective communication. Recent research in TSL recognition has explored various
methodologies, including the interpretation of fingerspelling and the translation of
sequential signs into text. This study aims to interpret continuous TSL into simple
sentences to bridge the communication gap between Deaf and hearing individuals.
Given the vast vocabulary of the Thai language and limited research time, this study
introduces a TSL recognition system designed specifically for emergency scenarios,
with data sampled from the most common emergency requests. Real-time sign language
recognition (SLR) systems typically use computer vision to translate sequences of
hand movements and body postures into text or speech instantaneously. The proposed
system utilizes MediaPipe Holistic for hand tracking, integrated with Long Short-
Term Memory (LSTM), Recurrent Neural Network (RNN), and Gated Recurrent Unit
(GRU) architectures to facilitate robust sequence recognition. Developed using
OpenCYV, the system translates individual signs into text and displays them as simple

sentences following Thai grammatical rules (verb + noun or noun + verb).
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Chapter 1

Introduction

1.1 Background and Rationale

Each country has its own sign language (SL), which differs from others. Sign
language is represented by varying hand gestures, body movements, and facial
expressions. Due to the vastness of Thai Sign Language (TSL), this research defines
specific words and sentences that Thai native hearing-impaired individuals need for
emergency help, translating them into text to facilitate communication with people
who do not know sign language. There have been enormous advancements in
technology and research related to sign language in the past century. Recognition has
been widely researched and implemented in other languages, such as American Sign
Language (ASL) or Chinese Sign Language (CSL), using machine learning algorithms,
convolutional neural networks (CNNs), deep learning, and various other techniques.
People with disabilities in Thailand are estimated to account for roughly 3% to 6% of the
total population [1]. According to 2024 data, there are approximately 423,483 individuals
with hearing impairments. While Thai Sign Language (TSL) is recognized as the
national language for the Deaf community, some individuals may struggle with it due
to a lack of exposure or delayed access to education.

Some public resources and Thai Sign Language data are available at www.th-
sl.com, where approximately 3,000 words were gathered by the National Association
of the Deaf in Thailand [2]. However, Thai Sign Language (TSL) databases are
significantly smaller than those for American or Chinese Sign Languages. This
disparity can lead to accessibility issues and a lack of educational resources for the
Deaf community in Thailand. As is well known, the total number of words in a
language can exceed one million. The Oxford English Dictionary contains over
600,000 words, while the Royal Institute Dictionary the official prescriptive authority
for the Thai language contains approximately 40,000 entries. Due to the vastness of
the Thai lexicon, this research focused on sampling data from words used specifically

in emergencies to help the unimpaired understand them more effectively.



Key challenges in sign language recognition (SLR) systems include
maintaining real-time performance, particularly with continuous sign language.
A primary difficulty lies in accurately identifying hand movements from video data
amidst variations in signers, lighting conditions, background clutter, and spatial
complexity. Furthermore, developing continuous SLR systems presents a
significant computational burden, requiring high processing power to manage
temporal data. While most recent studies have focused on static gestures,
where Convolutional Neural Networks (CNNs) have excelled over the past decadethe
current frontier requires systems to interpret real-time sequences. Consequently,
modern dynamic SLR systems increasingly utilize deep learning models such
as Recurrent Neural Networks (RNNs) and Long Short-Term Memory

(LSTM)networks, which are specifically designed to process sequential video data.

1.2 Research Objectives

This system focused on high-accuracy recognition of Thai Sign Language for
emergency requests. It employed LSTM, RNN, and GRU models to detect individual
hand signs in real time, translated them into text, and labeled individual vocabulary

items as simple sentences following Thai grammar rules.

1.3 Scope of Research

1.3.1 Thai Sign Language (TSL) comprises a vast vocabulary. Due to the
time constraints of this research, the dataset sampling focuses specifically on TSL
signs used by the hearing impaired to request assistance during emergencies.

1.3.2 Sign language recognition systems typically require high-performance
computing and significant time for model training. This research focuses on
improving model accuracy and ensuring the system interprets signs into text that

adheres to Thai Sign Language grammar and structure.



Chapter 2
Related Theories and Research

2.1 Neural Network

Neural network design involves creating a computational architecture
analogous to the human brain to learn from data and perform complex tasks. This
process includes defining the network's structure (layers and neurons), selecting
activation functions (such as ReLU or sigmoid), initializing weights, training via
backpropagation, and validating performance before deployment. As an iterative
process, it allows the network to recognize intricate patterns and generalize to unseen
data. Essentially, a neural network architecture is the formal design of an Artificial
Neural Network (ANN), a mathematical model that defines how artificial neurons

(nodes) are organized, connected, and how information flows through the system [3].

2.1.1 Essential Components of Neural Network Architecture

1) Input layer: This layer receives raw input data, such as image pixel
values or numerical features from a dataset. Each neuron in this layer corresponds to a
single feature [4].

2) Hidden layers: These consist of one or more layers between the input
and output, where the network performs its computations. Each neuron processes data
from the previous layer using a weighted sum, a bias term, and an activation function.
Adding more hidden layers allows the network to learn increasingly complex patterns.

3) Weights and Biases: Weights represent the strength of connections
between neurons and are adjusted during training to minimize prediction errors.
Biases are constant values added to the weighted sum, allowing the model to fit data
more accurately [4].

4) Activation Functions: An activation function is a mathematical tool
that determines a neuron's output. Its primary purpose is to introduce non-linearity,
enabling the network to learn complex patterns. Without it, even a deep neural network
would function like a simple linear regression model, unable to handle tasks like
image classification. Operationally, each neuron calculates a weighted sum of its

inputs and adds a bias; this result is then passed through the activation function to



determine whether the neuron "fires" and what information is transmitted to the next

layer. Standard Neural Network activation functions are listed below.
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Figure 2.1 Activation Function in Neural

(1) ReLU (Rectified Linear Unit)
The ReLU activation function is widely used in neural networks and

is defined by the formula:
f(x) = max(0, x) (2.1)

Where:
X is the input to the neuron
The function returns x if x is greater than 0

If x is less than or equal to 0, the function returns 0

It outputs the input directly if it is positive; otherwise, it outputs zero.
ReLU is favored for its computational efficiency, its ability to introduce non-linearity,
and its role in mitigating the vanishing gradient problem by providing a constant
gradient for all positive inputs. Positive Input: If the input value (x) is greater than

zero, ReLU outputs the input value unchanged. Non-Positive Input: If the input value



(x) is zero or negative, ReLU outputs zero. The most widely used activation function
for hidden layers, especially in convolutional neural networks (CNNs), due to its
computational efficiency and its ability to combat the vanishing gradient problem.
The simple conditional operation makes ReLLU very fast to compute on GPUs and

CPUs, speeding up both training and inference [4].

RelU Activation Function

10 { = RelU(x)

RelLU(x)
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Figure 2.2 Graph plot from ReLU activation function

(2) Sigmoid

A sigmoid function is a mathematical function producing an 'S'-shaped
curve—most commonly the logistic function—defined by the formula o(x)=1/(1 +
e”(-x)). It squashes any real-valued input into an output range of 0 to 1, making it
useful for converting outputs into probabilities. It is frequently used as an activation
function in neural networks for binary classification and in logistic regression to

model nonlinear relationships in data.

(2.2)

f(x)=1+e‘x



Where:
x: is the input variable.

e: is Euler's number, approximately 2.718.

The function takes any real number as an input and outputs a value that is
always in the range (0, 1). The sigmoid is a mathematical function that maps any real-
valued number into a value between 0 and 1. It is particularly useful in scenarios
where we need to convert outputs into probabilities. The sigmoid function is
commonly used as an activation function in machine learning and neural networks for
modeling binary classification problems, smoothing outputs, and introducing non-

linearity into models.

Sigmoid Function
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Figure 2.3 Graph of Sigmoid activation function

(3) Tanh (Hyperbolic Tangent)

Tanh (hyperbolic tangent) is a mathematical function commonly used as
an activation function in neural networks. It maps input values to a range between -1
and 1, producing an S-shaped curve. Unlike the sigmoid function, it is zero-centered,

which often facilitates faster convergence in deep learning.



eX —e™* (2.3)
10 =g
eX — X
tanh(x) — m (24)

Tanh is often used in hidden layers of recurrent neural networks (RNNs),
as its zero-centered output helps with gradient flow. Its ability to output values
between -1 and 1 helps to center the data, which can improve the learning process for
subsequent layers in a network. It is particularly effective when data has been

normalized to have a mean of zero.

Tanh activation function
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Figure 2.4 Graph of Tanh activation function



(4) The SoftMax function

The SoftMax function is a mathematical operation that transforms a
vector of raw scores (logits) into a probability distribution, where each value
represents the probability of a specific class. Used primarily in the output layer of
multi-class classification neural networks, it ensures all outputs are between 0 and 1 and

sumto 1.

2.2 Al Algorithms for Sign Language Recognition
2.2.1 Convolutional Neural Networks (CNNs): A specialized class of deep

learning models designed to process data with a grid-like topology, such as images,
videos, and time-series data.

1) Recurrent Neural Networks (RNNs) are deep learning models
designed to process sequential data, such as text or time series; they incorporate
'memory' through feedback loops, allowing information from previous steps to
influence current processing.

2) Support Vector Machines (SVMs) are supervised learning algorithms
that classify data effectively for classification and regression using "support vectors.

3) Hidden Markov Models (HMMs) are a popular choice for
implementation in Python, specifically via the hmmlearn library. It provides classes
for various HMM types—such as CategoricalHMM, GaussianHMM,
and GMMHMM-—which can be used to model the temporal evolution of sign
language gestures. These models are particularly effective for recognizing continuous
sign language.

4) YOLO, which stands for "You Only Look Once," is a prominent
real-time object detection algorithm in machine learning and computer vision. It
revolutionized object detection by simplifying the process and achieving a balance
between speed and accuracy.

5) Long Short-Term Memory (LSTM) is a type of recurrent neural
network (RNN)designed to learn long-term dependencies in sequential data by
using gated units to control information flow. These networks address the vanishing
gradient problem, which hinders standard RNNs from retaining information over long

sequences. LSTMs utilize an internal memory mechanism that allows them to



remember critical information across extended data sequences, making them ideal for
tasks like time series forecasting, natural language processing (NLP) and speech
recognition.

6) A Gated Recurrent Unit (GRU) is a type of recurrent neural network
(RNN) that enhances the speed performance of LSTM networks by simplifying the
structure with only two gates: the update gate and the reset gate.

7) Bidirectional Long Short-Term Memory (BiLSTM) is an extension
of LSTM that processes input sequences in both forward and backward directions. By
running two separate LSTMs on the same data, a BILSTM captures a richer context

by leveraging both past and future information.

2.3 Sign Language

Sign language is a visual language used primarily by individuals who are deaf
or hard of hearing. It utilizes hand gestures, facial expressions, and body movements
to communicate. To build a Sign Language Recognition (SLR) system, datasets are

typically categorized into two main types based on the nature of the signs they capture.

2.3.1 Static Sign in Sign Language

Static sign language consists of fixed hand poses and body gestures without
movement. Researchers study static signs to translate these visual inputs into text or
speech. This involves identifying specific hand shapes, numbers, or words through
precise handshapes and positions, such as the gestures used for letters. For example,
the American Sign Language (ASL) Alphabet is a system of 26 hand signs
corresponding to the letters of the English alphabet. It is most often used to fingerspell
proper nouns, such as names of people and places, or to spell out English words that

do not have their own unique sign, as shown in Figure 2.5.
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Figure 2.5 American Sign Language (ASL) Fingerspelling Alphabet

2.3.2 Dynamic Signs in Sign Language

Dynamic sign language (DSL) refers to the active motion of the hands, face,
and body that forms a sign, rather than a static pose. Examples of dynamic signs
are represented as processes rather than single points; for instance, the sign for
'thinking' involves the index finger moving from the temple outwards, while the sign
for 'hello' involves the hand moving away from the forehead. These contrast with
static signs, which consist of fixed handshapes without movement. The WLASL
dataset is one of the largest publicly available video collections for word-level

American Sign Language recognition.

2.4 Thai Sign Language

Historically, because the hearing impaired had to practice communicating
by guessing based on body language or lip-reading and responding vocally, Thai Sign
Language (TSL) developed a unique grammatical structure that differs from spoken
Thai. Additionally, the fingerspelling used in TSL is derived from American Sign
Language (ASL). When creating TSL fingerspelling, designers mapped ASL
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handshapes to Thai letters based on phonetic similarities as shown in the examples

below [5]:

Table 2.1 Thai Sign Language Fingerspelling

n (Letter) phonetically similar to K (Letter) n
€

# (Letter) phonetically similar to T (Letter) 7

& (Letter) phonetically similar to S (Letter) W

w (Letter) phonetically similar to P (Letter) W

% (Letter) phonetically similar to H (Letter) 1

=

U (Letter) phonetically similar to B (Letter) u
5 (Letter) phonetically similar to R (Letter) 7
7 (Letter) phonetically similar to W (Letter) g

@g

a (Letter) phonetically similar to D (Letter) @
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Table 2.1 Thai Sign Language Fingerspelling (continued)

7 (Letter) phonetically similar to F (Letter) W
v

a (Letter) phonetically similar to L (Letter) A
&

3 (Letter) phonetically similar to J (Letter) 3

-0

o (Letter) phonetically similar to Y (Letter) £ L
®

1 (Letter) phonetically similar to M (Letter) &l
®

U (Letter) phonetically similar to N (Letter) U
@

9 (Letter) similar phonetic with A (Letter) 9
&

3 (Letter) similar phonetic with ng (Letter) 3

-

Thai fingerspelling is based on the English (ASL) alphabet, but their
structures differ. Thai has unique signs for vowels and tones, giving Thai Sign

Language a linguistic structure similar to the spoken Thai language.
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2.5 Object Detection

Object detection in Al refers to identifying and localizing specific objects
within an image or video, typically by drawing bounding boxes around them and
labeling them with their respective classes. In sign language recognition systems,
object detection plays the critical role of identifying and locating hands and other
relevant body parts within a frame, allowing the system to understand visual cues.

For example, systems often use deep learning models to classify hand
gestures and body movements that represent specific signs in real-time video feeds.
A common model for this task is YOLO (You Only Look Once), which is known for
its speed and accuracy. When an image of a gesture is sent to a trained YOLO model,
its convolutional neural network (CNN) layers extract features to accurately identify

and classify the objects present.

2.6 Feature Extraction

In Sign Language Recognition (SLR), feature extraction identifies and
quantifies relevant information from raw visual data (images or videos). This process
represents signs for classification, with methods varying based on whether signs are

static or dynamic and which specific features are prioritized.

2.7 MediaPipe Holistic

MediaPipe offers various machine learning models, such as face detection,
multi-hand tracking, and object detection and tracking. It primarily acts as a mediator
for handling model implementation across different platforms, which allows
developers to focus on experimenting with models rather than managing system
complexities.

The MediaPipe Holistic Landmark task coordinates pose, face, and hand
landmarks to create a comprehensive map of the human body. This allows it to
recognize human faces, body movements, and actions. MediaPipe Holistic is a
specific Google Al solution that combines individual models for pose, face, and hand
perception into a unified pipeline, enabling simultaneous detection and tracking of all
three body parts. When an image or video frame is fed into a MediaPipe model, the

detected landmarks are stored in a data structure (such as a list of objects) containing x,
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y, and z coordinates. These represent the 3D coordinates in meters for each landmark
point. While most models output these three values, Pose landmarks also include
a visibility score. For simultaneous full-body tracking, the system identifies 543
landmarks in total: 33 for the pose, 468 for the face, and 21 for each hand. MediaPipe
Holistic integrates separate models for pose, hand, and face tracking. While the pose
model utilizes a fixed lower-resolution input (256x256) to maintain efficiency, this
resolution is often insufficient for the hand and face models, which can lead to reduced

accuracy in those regions [6].

2.7.1 Face Landmarks

Face landmark detection is a computer vision task used to identify and track
key points (or landmarks) on a human face, such as the corners of the eyes, the tip of
the nose, and the edges of the mouth. This process leverages machine learning models
to map facial structure and track movements in real-time, allowing for the analysis
of facial expressions and expressions [7], as shown in Figure 2.6, which visualizes the
468 3D landmark coordinates for face tracking using MediaPipe Holistic.

1) Face detection involves identifying the coordinates and dimensions
of human faces within digital images or video frames. This is typically achieved
through object detection frameworks, ranging from traditional Haar cascades to
modern deep learning architectures like Convolutional Neural Networks (CNNs).

2) Landmark localization involves using specialized machine learning
models to detect key facial points. Historically, methods ranged from holistic
approaches that model the entire face to Constrained Local Models (CLMs) focused
on local features. Currently, deep learning regression methods like CNNs are the
industry standard.

3) The system generates a set of facial landmarks within the detected
bounding box. These landmarks are represented in either 2D (X, y) coordinates.
Advanced frameworks, such as Google’s MediaPipe, also predict 'blendshape scores'

to infer detailed facial expressions alongside the 3D mesh.
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Figure 2.6 Visualization of 468 3D landmark coordinates for face tracking.

2.7.2 Pose Landmarks

MediaPipe Holistic is a comprehensive solution that integrates pose, face,
and hand landmark detection into a single model, offering full-body tracking from
continuous image streams. The pose landmarks, in particular, serve as the core
component of this system. The pipeline operates in the following sequential steps to
ensure high-resolution accuracy across the entire body [7], as shown in Figure 2.7,
which visualizes the 33 3D landmark coordinates for pose tracking using MediaPipe

Holistic.
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1) Initial Pose Estimation: MediaPipe Holistic first utilizes a pose
detection model to identify the presence of human bodies in the input image or video
frame and estimates initial pose keypoints.

2) Region of Interest (ROI) Derivation: Based on these initial pose
keypoints, it derives regions of interest for the face, hands, and the overall pose.

3) Refined Pose Landmark Detection: While the face and hands are
then processed by dedicated models for more detailed landmark detection, the pose
component focuses on tracking and identifying 33 key body landmark locations. These
landmarks correspond to various body parts, such as:

(1) Nose, eyes, ears, shoulders, elbows, wrists.
(2) Hips, knees, ankles, heels, big toes, pinky toes.

4) Output: The result is a set of 3D coordinates for each detected pose
landmark, representing their position in image coordinates and in 3-dimensional world
coordinates. These landmarks can then be used for various applications, including

posture analysis, movement categorization and gesture recognition.



20 22 12 o SRS 1 21 19

18 17

32 29 31

30

Figure 2.7 Visualization of 33 3D landmark coordinates for pose tracking
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Table 2.2 Coordinate Indices of 33 Pose Landmarks

18

0 — Nose

8 - right ear

16 - right wrist

25 - left knee

1 - Left eye (inner)

9 - mouth (left)

17 - left-pinky

26 - right knee

2 - Left eye

10 - mouth (right)

18 - right pinky

27 - left ankle

3 — Left eye (outer)

11 - left shoulder

19 - left index

28 - right ankle

4 - right eye (inner)

12 - right shoulder

20 - right index

29 - left heel

5 - right eye

13 - left elbow

21 - left thumb

30 - right heel

6 - right eye (outer)

14 - right elbow

22 - right thumb

31 - left foot index

7 - left ear

15 - left wrist

23 - left hip

32 - right foot index

8 - right ear

16 - right wrist

24 - right hip

2.7.3 Hand Landmarks

Hand landmarks are a set of 21 key points on the hand, identified using

computer vision models to provide a precise, three-dimensional representation of hand

and finger poses. These landmarks are used in applications like gesture recognition,

augmented reality, and robotics. In MediaPipe Holistic, each hand is represented by

21 3D landmarks, which provide a detailed understanding of its geometry and pose.

The Holistic model processes the hands, face, and body simultaneously, combining

their respective landmark models to provide a holistic view of human motion. The "21

landmarks of the hand" refer to the 21 key points identified by computer vision models

like Google's MediaPipe Hand Landmarker [8], which track their precise location as

shown Figure 2.8.
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Figure 2.8 Distribution of 21 landmark points on the hand model

Table 2.3 Index of 21 Coordinates Derived from the Hand Model

0 - WRIST

1 - THUMB_CMC

11 - MIDDLE FINGER DIP

2 - THUMB_ MCP

12 - MIDDLE FINGER TIP

3 -THUMB IP

13 - RING_FINGER MCP

4 - THUMB_TIP

14 - RING_FINGER _PIP

5-INDEX_FINGER_MCP

15 - RING_FINGER_DIP

6 - INDEX FINGER PIP

16 - RING _FINGER _TIP

7 - INDEX FINGER DIP

17 - PINKY FINGER MCP

8 - INDEX FINGER TIP

18 - PINKY FINGER PIP

9 - MIDDLE FINGER MCP

19 - PINKY FINGER DIP

10 - MIDDLE FINGER PIP

20 - MIDDLE FINGER TIP
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2.8 Model Evaluation

Model evaluation is the process of using specific metrics to analyze a model's
performance. This involves assessing the model's accuracy, reliability, and ability to
generalize to new or unseen data. To evaluate a multiclass classification model,
a combination of metrics and visualizations is commonly used, such as the Confusion
Matrix, Accuracy, Precision, Recall, and F1-Score. These metrics are often calculated
on a class-by-class basis or as an average (macro/micro) to provide a comprehensive
measure of overall performance.

2.8.1 The accuracy score of a Long Short-Term Memory (LSTM) model
quantifies its ability to correctly predict outcomes in classification tasks. It is defined
as the ratio of correct predictions to the total number of observations.

2.8.2 Precision is a performance metric used to evaluate the reliability of a
model's positive predictions. The specific value for a given LSTM model varies

according to the task and dataset.

2.9 Literature Review

Research on Artificial Intelligence (Al)-based sign language recognition has
utilized various machine learning and deep learning algorithms, achieving accuracy
rates nearing 100%. The performance and recognition capabilities of Thai Sign
Language (TSL) systems depend heavily on the type and quality of training data.
Generally, these data types are categorized into sensor-based and vision-based
modalities. According to [9], the MNIST dataset was used to train a sign language
recognition model using deep learning and computer vision. This database provided
60,000 training and 10,000 testing images of the English alphabet; using a
Convolutional Neural Network (CNN), the model achieved 99% accuracy. Recent
research in static sign language recognition (SLR) focuses on the high-accuracy
identification of the American Sign Language (ASL) alphabet, primarily using deep
learning models such as YOLO and CNNs [10]. In 'American Sign Language
Detection using YOLOVS and YOLOVS,' the authors compare these two models for
ASL detection using image datasets. Real-Time Arabic Sign Language Recognition
Using a Hybrid Deep Learning Model, the authors present a system for the real-time
translation of Arabic Sign Language into text or speech [11]. The proposed hybrid
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model combines a CNN to extract spatial features from sign language data with an
LSTM to capture temporal characteristics for handling sequential data. The study
presents a convolutional neural network (CNN) architecture developed using the
TensorFlow framework to accurately recognize individual letters of American Sign
Language (ASL), where the model achieved a mean validation accuracy of 95.48%
and a test accuracy of 99.77% in identifying ASL characters [12]. Our research
focused on implementing sequence sign language recognition,
which incorporates temporal and spatial analysis. In[13], the authors propose the ST-
GAT-SL method for continuous sign language recognition using skeleton data to
mitigate background interference, where the OpenPose method is employed for
extracting the skeleton data. OpenPose is an open-source, real-time computer vision
library for multi-person 2D and 3D pose estimation. It uses deep learning to detect and
track keypoints for the body (e.g., shoulders, elbows, hips), face, hands, and feet from
images or video. Recent research utilized MediaPipe Holistic to track hand signs in
videos. The research papers summarized below describe methods for real-time sign
language recognition that use the MediaPipe Holistic framework for feature extraction,
most commonly in combination with Long Short-Term Memory (LSTM) networks for

sequence sign language classification.
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Table 2.4 Summary of research papers on Real Time Sign Language Recognition

using Mediapipe Holistic for Feature Extraction.

Paper Title

Key Methodology

Core Findings & Accuracy

MediaPipe-LSTM-
Enhanced
Framework for
Real-Time Dynamic
Sign Language
Recognition in
Inclusive
Communication

Systems [14]

Focuses on using
MediaPipe as a feature
extraction method with
LSTMs to address
challenges in continuous
sign language
recognition (CSLR),
such as processing

intricate sign sequences

This study aimed to increase
recognition accuracy for
continuous

sequences, demonstrating (or hav
ing demonstrated) the
effectiveness of the hybrid

approach for dynamic signs

MediaPipe's
Landmarks with
RNN for Dynamic
Sign Language
Recognition [15]

This paper addresses the
challenges of dynamic
sign language
recognition by
leveraging MediaPipe to
extract key points from
the hands, body, and
face across a sequence

of frames

This study used RNN models
such as GRU, LSTM, and
Bidirectional LSTM to handle the
frame dependency of sign
movement and achieved high
accuracy on a custom dataset

(DSL10-Dataset)

Dynamic Sign
Language
Recognition Using
Mediapipe Library
and Modified
LSTM Method [16]

This research presents a
framework integrated
with the MediaPipe
Holistic pipeline

for feature extraction

Classification accuracy for
individual signs reached
approximately 85%, while
sentences approached 80%. The
study utilized a modified model
focused on hand, body pose, and
facial landmarks as primary

features
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Table 2.4 Summary of research papers on Real Time Sign Language Recognition

using MediaPipe Holistic for Feature Extraction. (continued)

Paper Title

Key Methodology

Core Findings & Accuracy

Development
of Thai Sign
Language
Detection
and
Conversion

System into

This paper presents a system
leveraging the MediaPipe
framework to extract hand,
face, and gesture key points
from video data. The

authors developed a custom

dataset consisting of seven

An LSTM-based architecture was
designed to facilitate posture
analysis and Thai word
conversion. Following an
evaluation that yielded accuracies
0f 0.83 and 0.91 for

the LSTM and Bi-LSTM models

Network [18]

Thai with classes, with three images per | respectively, the superior model
Deep class was integrated into a mobile
Learning application

[17]

Thai Sign This research utilized Various Recurrent Neural Network
Language MediaPipe for the tracking of | (RNN) models, including GRU,
Recognition: | hand gestures LSTM, and Bi-directional LSTM,
an were applied to recognize dynamic
Application signs. Utilizing a custom-built

of Deep dataset (DSL10-Dataset), the
Neural researchers achieved 99%

accuracy




Chapter 3
Methodology

3.1 Research Plan

This research aims to develop a Thai Sign Language Recognition system
capable of interpreting sequences of hand signs, body movements, and facial
expressions. While current technology primarily focuses on isolated signs, such
methods are inadequate for real-world conversational use; continuous recognition is
essential for authentic, fluid communication, creating a significant communication
barrier for the Deaf and hard-of-hearing in settings such as hospitals, schools, and
offices. A real-time CSLR system can act as a direct bridge, reducing dependency on
human interpreters. This article focuses on implementing a CSLR system within a
limited timeframe; the sampling dataset consists of Thai sign language signs
specifically used in emergency situations, The research workflow is illustrated in the

diagram in Figure 3.1.

3.2 Research Strategy

Thai Sign Language (TSL) is a distinct, fully developed language that is
linguistically separate from spoken Thai and unique to the Thai Deaf community. It
possesses its own unique grammar and vocabulary. This article begins by defining a
research problem in dynamic or sequential Thai Sign Language recognition. Our
strategy was to conduct a literature review by examining systematic reviews and
recent articles to identify gaps in research methodology and specific datasets. After
conducting this review, we identified research gaps that fall into three parts, as
outlined below:

3.2.1 Insufficient large-scale datasets are a primary obstacle for Thai Sign
Language (TSL) recognition and translation.

3.2.2 Recent continuous Thai Sign Language models perform well in
controlled environments (e.g., dark backgrounds and long sleeves) but struggle in
'unconstrained' real-world settings with varied lighting and dynamic backgrounds.

Comparing recent developments in Thai Sign Language recognition, datasets and
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vocabulary sizes are still small compared to the vocabulary of spoken Thai. Gathering
more samples, implementing deep learning, and achieving real-time detection remain
significant challenges.

3.2.3 Because Thai Sign Language has its own grammatical structure and the
Thai Deaf community often utilizes simple sentence constructions, most recent

research focuses on translating individual signs rather than full sentences.

Table 3.1 Research Plan

Research plan

Year 2 Weeks 1-4: Scope, literature, and plan
Semester 1 - Define contributions and research questions.
- Draff dissertation/project outline.

- Design preliminary experiments and establish data access.

Weeks 5-7: Setup Tool and dependencies.
- Set up the primary tool and all necessary dependencies.

- Configure settings and establish a specialized baseline.

Weeks 8—13: Data Preparation
- Prepare the dataset and set up a reproducible environment.

- Run baseline experiments and collect initial results.

Weeks 14—15: Finalize and submit for research proposal
- Obtain scope, required data and technique research proposal.
- Prepare a concise presentation that summarizes research scope,

methodology, and key finding.
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Table 3.1 Research Plan (continued)

Research plan

Year 2 Weeks 1-3: Find appropriate analytical techniques
Semester 2 | - Research and select techniques for hand detection and temporal

analysis, then apply them to the sample dataset.

Weeks 4-13: Training model
- Cleaning data.

- Labeling sequence data.

- Selecting algorithms.

- Training the model.

Weeks 13—16: Evaluate performance

- Evaluate model performance and visualize data results.

- Implement real-time detection and interpret signs into text.
- Train the RNN model.

- Detect sign language as simple sentences.

- Summarize research findings.

- Submit the final paper.

Collect video
using open-cv

Detect in real time
and interpret into
text

Figure 3.1 Simplified Block Diagram of Research Methodology
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3.3 Data Collection

Estimating the exact number of words in the Thai language is challenging,
but the vocabulary is undoubtedly vast. Standard large-scale dictionaries typically list
between 400,000 and 600,000 words. In contrast, electronic databases like Lexitron

focus on common usage, containing roughly 53,000 Thai words [19].

3.3.1 A Survey of Key Phrases for Emergency Help

To identify the most common Thai vocabulary for emergency assistance,
a survey was conducted among 100 participants, including both hearing and hearing-
impaired individuals. The study focused on key words and phrases related to
emergency help of the 65 vocabulary words identified, only 18 were found in the TH-
SL Thai Sign Language Database www.th-sl.com, the primary digital repository
maintained by the National Association of the Deaf in Thailand. These 18 words
consisting of ten verbs, seven nouns and “I”’ as a pronoun, were used as sample data
for this study, with signs referenced directly from the TH-SL website as shown in
Table 3.2, The survey indicates that 100 individuals provided a gender response: 42
women, 21 men and 37 transgender individuals as illustrated in Figure 3.2.
Additionally the survey included 94 unimpaired and 6 impaired participants as

illustrated in Figure 3.3.
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Table 3.2 17 vocabulary words used as sample data, including their English meanings.

Verb

Noun

81 (Borrow)

g (Doctor)

Juay (Faint)

1sewe1u1a (Hospital)

Ilusl (Fire)

W (Money)

1U (Go)

InsAWA (Phone)

#7 (Hungry)

o311 (Toilet)

1118 (Lose)

#1329 (Police)

178 (Sick)

volny (Sorry)

\WWeu (Write)

%8 (Help)

12011 (Headache)
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Figure 3.2 Distribution of Participants by Gender
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Figure 3.3 Number of Participants by Impairment Status
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The Thai Sign Language (TSL) Database is a digital resource established as a
pilot project by the National Association of the Deaf in Thailand (NADT). Developed
as a digital platform, its objective is to provide a comprehensive database of TSL
elements and everyday vocabulary. As of August 1, 2025, the site features 3,754 words

and is hosted at th-sl.com [2], as shown in Figure 3.4, search results for the word

“SRAULNGY” on www.th-sl.com.

@ Wenffvmnne  Kufqunwn ey Mandamwiliolny wairhal & ailnymndin grawu

AWy : Search Results for: TOAUINEY

Figure 3.4 Search Results for the word "saauwnas" th-sl.com

3.4 Collecting Video Data for Sequential Thai Sign Language

Setting up an environment to collect sign language videos for research using
OpenCV requires configuring both your hardware (such as a webcam) and software
with the necessary OpenCV libraries. Collecting with diversity was the goal to
achieve high accuracy. Videos of each word were collected using an OpenCV
function: 50 videos per word, in an uncontrolled environment. In this experiment, we
captured individual image frames of clear hand signs using OpenCV rather than
recording video to save time during keyframe selection, collecting three frames per
individual video. During the initial phase of this experiment, we encountered two
primary challenges in our data collection process. The first occurred when utilizing
online datasets for Thai Sign Language; the poor quality, unreliability, and lack of

diversity in these datasets ultimately led to project failure. The second challenge arose
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during the processing of video data. We initially collected videos with a duration of 3
seconds at a frame rate of 15 fps. However, as illustrated in Figure 3.5, frame
extraction revealed that similar hand shapes and movements often recurred across
multiple sequential frame ranges within a single video. As shown in Figure 3.5,
relevant hand signs are absent from the initial and final frames, as well as several
intermediate frames during transitions. To minimize the time required for keyframe
searching, we gathered video data by selecting specific frames with clear hand signs.
Our results indicate that model performance was influenced by the number of
sequence frames per sample. The data were adjusted from 45 frame sequences to 15
and 9 frames, respectively. As shown in Figure 3.6, a sequence length of 9 yielded the
best results. Detecting the start and end of continuous signs in continuous sign
language (CSL) videos remains a significant challenge in computer vision and
machine learning, especially concerning segments of a video where no action is being

performed.
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Figure 3.5 An Example from extracted frames collected from a failure data set,
identified that similar sign language hand shapes or movements occur across

several sequential frame ranges within a video.

Frame 0 Frame 2 Frame 8

Figure 3.6 An example of a video collected using OpenCV consisted of 9 frames for

one video.

3.5 Feature Extraction

The MediaPipe Holistic is a machine learning (ML) solution by Google that
enables the real-time, simultaneous perception of human pose, face landmarks, and
hand tracking on a single device. The task outputs a total of 543 landmarks (33 pose
landmarks, 468 face landmarks, and 21 hand landmarks per hand) in real time [6].
This article utilizes skeleton-based feature extraction via MediaPipe Holistic by
extracting detailed landmark data from the hands and body, the face landmark models

were entirely removed; only hand and pose landmarks are being used for features in
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this experiment. When processing an image or video frame using a MediaPipe
Holistic task, the result object contains several landmark lists [8]:

e Face landmarks: Face landmarks in normalized image coordinates (X, y, z).

e Pose landmarks: Pose landmarks in normalized image coordinates (X, y, z,
visibility).

e Left hand landmarks: Left-hand landmarks in normalized image
coordinates (X, y, z).

e Right hand landmarks: Right-hand landmarks in normalized image
coordinates (X, y, z).

As shown in Figure 3.5, some video frames contain invisible landmarks.
Using a specific default coordinate such as (0, 0, 0) for hand landmark is a common
and practical method for handling missing data points in datasets. The feature set for
this experiment consists of 21 right-hand landmarks and 21 left-hand landmarks in 3D

coordinates per frame.

s Ml e TanIt array
po inn (data)

[ 0, 8155022e-01  0.2060300—41 -1,57739%e-07 3, 4010957e-01
1LS276400-01 ~3.93062010-81. B, 0092481001 £, 00L7B8Se-01
~L161271e-02 B.7654227e-R1  6,3063723e-01 -1, 999137602
3. 0050205e-01  5.902149%-31 -4, 116717002 5, 3107620e-0)
7,03651410-08 <38 Do-42 B, Tlo-01 &, 58540701
5.74159520-02 b ~7.1833021 02
B, JAR3SER-01 7 7.96%7)e-0)

4, ranisl0e-02

£, B2B36550-02

7

6.4449704e-9) JL M
-0 1.17)1454e-27 5. M)
6. 3275801

19294742
7. 096064 08 5.6
3. 8424105001 -

S.082ME50

4,008 00-02

AT -0 6.6 L -7, 8505560 -02
68957136001 -4 32 3. MEILIe-01
4. 900002 4002 L LM de-01 -

€. 14B36%4c- 01 e
67 Me-01

§. 77837 e-01 1 %
400 NTe-02 5.8 - 5. Meavie-0] -0,
S.9163505e-01 6519426101 <1.05195440-02 5, 7863212

. 894572601 -6.218146¢e22)

priot(lanidata))

Figure 3.7 Example of input shape detected landmarks from one image frame.
The coordinates comprise of 21*(x, y, z) points for left-hand and 21*(x, y, z)
points for right-hand
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3.6 Model Architect

Our approach involves building models to recognize hand signs from frame
sequences. These models are designed to learn temporal dynamics (movement over
time) by utilizing LSTMs, RNNs, and GRUs within deep learning frameworks. As
shown in Figure 3.8, the finalized model is based on an LSTM architecture with two
additional hidden layers following the input. In our experiments, each sample
consisted of nine time steps derived from video captures. As illustrated in Figure 3.7,
the input for each time step corresponding to a single image frame consisted of 126

values extracted from detected hand landmarks.

LSTM Layer Dense Layer Output layer

Input Layer

64 Units 64 Units 18 classes

..............

L
®
|

i e e

..............

Figure 3.8 Neural Network Architecture composed of an LSTM layer and two
additional hidden layers
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3.7 Improve Model Accuracy

3.7.1 Improve Feature Extraction Pipeline

1) Normalize landmark data: The raw coordinates from MediaPipe
Holistic are sensitive to the signer's position and distance from the camera. Normalize
these landmarks by:

(1) Translating to a Reference Point: Use a central point (e.g., the
center of the torso) to make data independent of the signer's location.

(2) Scaling by Body Dimensions: Scale coordinates relative to a
fixed dimension, such as the distance between the shoulders, to account for camera
depth. This ensures the model is robust to scale variations.

2) Add landmark features: MediaPipe Holistic provides landmarks for
the face, hands, and pose. Model accuracy can be improved by feeding it a richer
feature set that includes not only raw (x, y, z) coordinates but also derived features.

3) Handle missing landmarks: MediaPipe may fail to detect landmarks
in some frames due to occlusion or poor lighting. Implement a robust strategy for
handling missing data, such as:

(1) Interpolating missing values from surrounding frames.

(2) Replacing them with default values or zeros.

3.7.2 Augment and Enhance the Dataset

A larger, more diverse dataset is crucial for improving model generalization
and reducing overfitting. To create a robust dataset, capture data from various sources
that reflect real-world conditions, including:

1) Varying lighting and backgrounds.
2) Multiple signers with different signing styles.

3) Various repetitions of each sign.

3.7.3 Optimize the LSTM Model Architecture

1) Stacking LSTM layers: Increasing the number of LSTM layers allows
the model to learn more complex temporal patterns and higher-level abstractions.
2) Use bidirectional LSTMs (BiLSTM): Bidirectional LSTMs process

the sequence data in both forward and backward directions. This is particularly
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effective for sign language, where context from both before and after a key gesture is
important for accurate interpretation.

3) Introduce an attention mechanism: For longer, more complex sign
sequences, an attention layer helps the LSTM focus on the most relevant frames and
landmark features. This prevents the loss of critical early information and enhances

overall model performance.

3.8 Model Training

The model is trained using a labeled dataset of sign language videos. During this
process, it adjusts its internal weights and biases via backpropagation. Data augmentation
techniques for Long Short-Term Memory (LSTM) models particularly in the context
of time series data aim to increase the size and diversity of the training set to improve
generalization and reduce overfitting. Beyond jittering (noise injection), common
techniques include flipping and rotation. These involve inverting or rotating the time
series along its axis, provided the transformation is applicable to the data type, such as in
certain sensor data or image sequences where the specific temporal order may be less

critical.
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Experiment and Results

4.1 Experimental Setup

This section describes the experimental evaluation of a Sign Sequence
Recognition System using Deep Learning on a custom dataset of Thai Sign Language.
For video sequence processing, models must capture both spatial information within
frames and temporal information across frames. This study utilizes two methods for
spatial feature extraction, combined with Recurrent Neural Networks
(RNNs) or Transformers for temporal analysis. Each model is trained, evaluated, and
compared to determine the optimal configuration. The training environment was hosted
on a macOS virtual machine (VM) using Anaconda to manage the Python-based Deep
Learning environment. The specific experimental setup and hardware configurations are

summarized in Table 4.1.

Table 4.1 A table summarizing software and hardware requirements

Environment Anaconda for Apple Silicon (arm64), Python 3.13
Host Jupyter Notebook

CPU Apple Silicon Chip M2 Pro CPU with 12-core design
GPU Apple Silicon Chip M2 Pro GPU with 16-core design
RAM 16 GB

Data Storage 512GB

Operating System Mac OS Tahoe Beta 26.0.1

Required Dependencies TensorFlow, MediaPipe, Sk-lern, Keras

4.2 Experimental Results

This research focuses on tuning the architectural and training parameters of
an LSTM model, specifically the number of units and layers, to optimize performance
and mitigate overfitting. Furthermore, we incorporate various algorithmic

enhancements to refine the learning process.
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4.2.1 Algorithms

1) Long Short-Term Memory (LSTM), a specialized type of Recurrent
Neural Network (RNN) is used to process temporal sequences of frames. The LSTM's
ability to retain information over long sequences is critical for interpreting motion-based
cues in dynamic signs. The primary components of an LSTM network are the sequence
input layer and the LSTM layer. The sequence input layer feeds time-series data into the
network, while the LSTM layer learns long-term dependencies between time steps [20].

2) Gated Recurrent Units (GRU), the GRU utilizes a simpler architecture
compared to LSTM networks, making it computationally efficient and faster to train.
Despite its simplicity, it provides strong performance on tasks involving time-series and
sequential data [21].

3) Recurrent Neural Networks (RNN), standard RNNs address sequential
data by incorporating loops that allow information from previous steps to be fed back into

the network, maintaining a "memory" of prior inputs [4].

4.2.2 Data Splitting

In this research, we focus on optimizing LSTM model performance and
preventing overfitting by tuning both architectural and training configurations, such as
the number of units and layers. Furthermore, we enhance the learning process through
various algorithmic approaches. The dataset was partitioned into training, validation,
and test sets using an optimal 60/20/20 ratio. The model was trained across1 different
epoch values to determine the best fit. Based on the training and validation loss graphs
(Figures 4.1-4.3), we analyzed the learning curves to identify the optimal stopping
point, with 600 epochs yielding the best performance. As illustrated in Figure 4.3,
both training and validation losses decrease, indicating ideal learning. The model
demonstrates effective learning from the training data and generalizes well to unseen

data, with both curves converging and stabilizing at a low loss value.

4.2.3 Training Parameters

The model was trained with the following parameters:
1) Activation Function: This model utilizes the SoftMax activation

function to handle multiclass classification.
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2) Epoch: the model's performance was monitored via a learning curve,
which plots training and validation loss (e.g., categorical cross-entropy) over the
course of the training epochs to diagnose model fit.

3) The number of units in the LSTM and dense layers significantly affects
model performance by controlling capacity, complexity, and computational cost. Optimizing
these units is a critical component of hyperparameter tuning, as an inappropriate

configuration can lead to underfitting or overfitting.

Training and Validation Loss

— Tramng ios
— Vahdation s

Epochs

Figure 4.1 Training and Validation Loss Trained model with 100 epochs

Training and Validation Loss

2004 Trmrang joms
= Vakaaten loss

Epochs

Figure 4.2 Training and Validation Loss Trained model with 300 epochs
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Training and Validation Loss

Figure 4.3 Training and Validation Loss Trained model with 600 epochs

4.2 .4 Experimental Results

We applied various numbers of epochs for model training. By visualizing the
training and validation loss graphs, we learned from the curves to find the good
number of epochs to perform the model in our experiment. Specifically. The result
indicated that 600 epochs is a good number to perform the model in our experiment. A
training and validation loss graph for an LSTM model, also known as a learning curve,
is a crucial tool for diagnosing the performance of a deep learning model. This graph
typically plots the loss values (e.g., mean squared error for regression, categorical
cross-entropy for classification) of both the training and validation datasets over the
course of training epochs. In Fig. 6, shows the training and validation loss results
from the trained model. Our experiment results, shown in Table 4.2,0ur experiment
results, shown in Table I11, compare the performance of LSTM, RNN and GRU using

30 and 50 videos per sample.
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Table 4.2 Experimental results comparing the performance of LSTM, RNN, and GRU

using 30 and 50 videos per sample

30 samples 50 samples
Model Computation | Accuracy | Computation | Accuracy
time (sec) time (sec)
LSTM 54.17 0.82 82.18 0.85
RNN 25.00 0.70 35.89 0.72
GRU 53.04 0.79 81.55 0.84

In our approach, the classification accuracies using 30 videos per class for

LSTM, RNN, and GRU were 0.82, 0.70 and 0.79 respectively. Increasing the sample

size to 50 videos per class improved the results to 0.85, 0.72 and 0.84 as shown in

Table III. To optimize the architecture, we systematically adjusted the number of

layers for LSTM, RNN and GRU models, alongside the dense layers, using a dataset

of 50 videos per class, these findings are presented in Table I'V. Implementation of a 2-

layer LSTM combined with a 1-layer dense network yielded the highest accuracy,

achieving 0.90.

Table 4.3 Results of Experimental Models

Model Architect Training Total Accuracy
time Parameter
LSTM 2Layer & Dense Layer 1 Layer 60.48 450,104 0.90
GRU 2Layer & Dense Layer 1 Layer 26.61 117,752 0.73
RNN 2Layer & Dense Layer 1 Layer 60.70 362,360 0.83
LSTM 2Layer & Dense Layer 2 Layer 63.36 475,928 0.83
GRU 2Layer & Dense Layer 2 Layer 27.57 139,064 0.74
RNN 2Layer & Dense Layer 2 Layer 60.35 362,360 0.80
LSTM 3Layer & Dense Layer 1 Layer 83.36 607,352 0.86
GRU 3Layer & Dense Layer 1 Layer 35.38 151,352 0.74
RNN 3Layer & Dense Layer 1 Layer 90.27 461,816 0.79
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4.2.4 Model Evaluate

We evaluate the classification performance of our model using F1-score and
recall, The confusion matrices for the implemented LSTM, RNN, and GRU models
are displayed in Figures 4.4-4.6.

Table 4.4 F1- score and recall from an experiment

Algorithms F1-Score Recall
LSTM 2 Layer & Dense Layer 1 Layer 0.89 0.90
RNN 2 Layer & Dense Layer 1 Layer 0.74 0.73
GRU 2 Layer & Dense Layer 1 Layer 0.83 0.83
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Figure 4.4 Confusion matrix of predictions on the validation set generated by the
LSTM model
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After real-time hand sign detection, this article structures individual

vocabulary into sentences following Thai grammatical rules (Verb + Noun or Noun +

Verb) using an RNN model. The vocabulary includes terms such as “lU”, “lsaifou”,

“Isanenuna”, “Bu”, “msdnn”, “Qu”, and “@ne”. The raw dataset, summarized in Table

4.5, was used to train the RNN. In real-time detection, individual hand signs were
interpreted as simple sentences, achieving an 81% accuracy rate in sentence
classification. As shown in Figure 4.7, the proposed model detects individual hand
signs capturing two actions within ten seconds and translates them into a single, simple

sentence following Thai grammar structures.

Table 4.5 Raw Training data set combined from individual vocabularies following Thai
grammar rule

UMY

el
b
Zob
=

Tulsanenuna

TulsaSeu gulnsdny ns@Envivne

Figure 4.7 The proposed model detects individual hand signs capturing two actions
and translates them into a single, simple sentence following Thai grammar

structures



Chapter 5

Conclusion

Initial failures in this research were attributed to the limitations of a public
dataset, where a sparse number of examples and frames negatively affected model
accuracy. To address this, a custom dataset for Thai Sign Language, focusing on
emergency scenarios, was collected. The proposed system utilizes MediaPipe Holistic
for landmark extraction and employs deep learning architecture specifically LSTM,
RNNs and GRU for training. Finally the model integrates RNNSs to detect on-screen
text, translating individual vocabulary into coherent sentences that align with Thai
grammar structures. The implementation achieved a high accuracy of 90% using LSTM

for detecting individual hand signs and 81% for classifying complete sentences.
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