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Abstract. Children with hearing impairment or deafness often face difficulties in spelling and reading.
This research aims to develop a program that translates Thai fingerspelling sign language into Thai
consonants. The objective is to use this program as a teaching tool to help children with hearing
impairment understand and learn the Thai language more easily. The program created is a utilization of
Artificial Intelligence (Al) techniques, where the program captures real-time hand gesture images in
fingerspelling sign language and then translates the results into Thai consonants. It enables them to
accurately create hand signs and makes the learning process more engaging and interesting. The
program development begins with Hand Detection algorithm, which involves detecting the positions of
21 landmarks on the hand after using image processing techniques. After that, the hand gesture images
for all the Thai consonants are captured and saved to be used as ground truth datasets. Next, the ground
truth datasets are fed into the machine learning process to create a trained model. This enables the
program to match the hand gesture images accurately with the correct consonant flashcards, using
Google’s Teachable Machine. The results of testing the program revealed that the program has an
average accuracy of 79.50%. The program was deployed with 12 users, consisting of 2 teachers and 10
elementary school students from Setsatian School for the Deaf under the Royal Patronage of His Royal
Highness Crown Prince Maha Vajiralongkorn. After conducting the user satisfaction survey and
applying statistical analysis methods, the results revealed an overall satisfaction rating of "very
satisfactory," scoring 83.80% across all aspects. The program developed can be used as a teaching aid
for children with hearing impairments to facilitate their learning and academic progress.

Keywords: artificial intelligence, hand detection, machine learning, student engagement, student
satisfaction

1 Introduction

Sign language is an essential means of communication for hearing-impaired people. It is a
fundamental and effective way of sharing thoughts, feelings, and opinions. However, sign
language is not universal, with the diversity of over 7000 sign languages with variability in
motion position, hand shape, and position of body parts (Adeyanju et.al, 2021). Each country and
even regions within countries may have their own sign language with unique vocabulary and
grammar. For example, American Sign Language (ASL) is used in the United States, British Sign
Language (BSL) is used in the United Kingdom, Auslan is used in Australia, Thai Sign Language
(TSL) is used in Thailand, and so on. Any sign language usually has two schemes: sign and
fingerspelling schemes (Nakjai and Katanyukul, 2019). Signs in sign languages are composed of
specific handshapes, movements, locations, and orientations that convey words, phrases, and
concepts. Signs are the core components of sign languages and are used for everyday
communication. Fingerspelling involves manually spelling out the letters of a word using specific
handshapes or finger positions that correspond to individual letters of the written or spoken
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language. This is especially useful for spelling out words that might not have a corresponding
sign or for conveying proper nouns, names of people, places, technical terms, and unfamiliar
words that may not have established signs in the language. Additionally, the use of fingerspelling
can also aid in enhancing vocabulary and literacy development for individuals with hearing
impairments (Alawad and Musyoka, 2018), thereby increasing opportunities for inclusive
learning alongside their hearing peers.

The academic success of deaf students relies on their ability to read and comprehend the
meaning of a text. Thus, the development of literacy skills is considered a critical factor in deaf
students’ academic success. Difficulty in reading and writing among deaf students adversely
affects their learning processes, indicating the importance of literacy skill development for deaf
students (William, 2012). Sarchet et al. (2014) investigated reading ability and specific language
skills of deaf students in third through seventh grade. The results revealed that knowledge of
specific ASL structures, including fingerspelling, correlates with reading achievement. In their
study, children who scored better on reading tests were competent in associative skills, such as
the ability to write down words that were fingerspelled to them as well as the ability to translate
initialized signs. Looking specifically at performance on the fingerspelling tasks, fingerspelling
ability significantly correlated with reading comprehension.

Setsatian School for the Deaf under the Royal Patronage of His Royal Highness Crown Prince
Maha Vajiralongkorn is the first school for the deaf in Thailand. It is a government school under
the Department of Empowerment of Persons with Disabilities, Ministry of Education. Currently,
there is teaching and learning of fingerspelling integrated with sign language at the elementary
school level, which is for children aged between 6 and 10 years old. The current teaching method
for fingerspelling involves the teacher demonstrating hand movements for students to observe,
and then presenting images of corresponding letters for students to look at. This process is
repeated over and over until the students memorize it and can establish the correct mapping
between fingerspelling postures and printed letters. Since students need to practice and perform
fingerspelling sign language gestures frequently, teachers are required to assess the gestures until
they are accurate. This results in limited practice time for each individual student and
consequently hinders the effectiveness of learning. The school aims to promote students' ability to
learn and practice accurate fingerspelling, laying a foundation for spelling, reading, and writing at
higher grade levels. The purpose of this research is to introduce real-time Al-driven software
tailored to engage learners, for use as instructional and training materials in Fingerspelling. The
goal is to facilitate accurate learning and enjoyable memorization, aiming to enhance students'
interest and willingness to learn. By hypothesizing that integrating software could significantly
boost learning enthusiasm, the research aspires to amplify students' engagement in the learning
process. The remainder of the paper is organized as follows; Section 2 provides the review of
related studies. Section 3 presents the methodology to develop the program and program usability
assessment. Section 4 the results of the program, program accuracy and user satisfaction scores
are presented. The conclusions are presented in Section 5.

2 Related Studies

British, American, Russian, Arabic, French, Chinese, and Japanese sign languages rely mainly on
still postures (either in a one-hand or two-hand scheme) with only a few exceptions for movement
signing. On the contrary, TFSL uses single-hand fingerspelling with an extension using
movement and multi-posture signings for the consonants and a two-hand scheme for the vowels
and intonation marks. Thai Fingerspelling sign language (TFSL) was developed in 1953 by Lady
Kamala Kraireuk, who adapted the ASL fingerspelling system to suit the Thai language's
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phonological and linguistic characteristics. It is developed to represent 42 consonants, 4
intonation marks and 20 vowels. Noted that there are 44 consonants in Thai language. Two
consonants do not have the TFSL because they are not commonly used in everyday life. This
research focuses on 42 Thai consonants because it is a significant basic lesson for the children.
The TFSL for 42 Thai consonants can be categorized into 3 groups based on the number of
postures or the number of hand movements: single-posture, two-posture, and three-posture. The
diagram of the postures representing the consonants are shown in Fig. 1.

1- posture consonant 2- posture consonant 3- posture consonant
ull|sd| 2@ lwg-Blgm-Gine-d |wsa-d
o: b | ¢ | w: o8 | w: - | : 0 € | 8: =~
H s Q51 |ol: (3-8 | w: 2

- |zy: iy '—-;i{f-|m: )] — pit

=5 |v1:“"-‘3“7 = | /=g

Fig. 1. TFSL for consonants diagram (adapted from Tumsri and Kimpan, 2017).

A one-posture consonant means the consonant can be represented using a single posture or
movement. A two-posture consonant and a three-posture consonant mean that these consonants
require two and three postures, respectively, to represent them. In Thai consonants, there are 15
one-posture consonants, 24 two-posture consonants, and 3 three-posture consonants. These
consonants are produced through single use or by combining 25 different postures (Nakjai and
Katanyukul, 2019).

Learning and understanding sign language is a complex matter due to the variety of gestures and
communication styles, making communication between regular individuals and those with
hearing impairments challenging. Hence, there are numerous research works that attempt to
develop technologies to facilitate easier communication between regular individuals and those
with hearing impairments. Recent advancements in Al have created opportunities for research
groups to incorporate Al into sign language recognitions (SLR). There are various ways to apply
Al in sign interpreting operations. More recently, further attention has been directed toward
intelligent-based SLR systems, as they are now being applied in numerous applications. These
applications include robotics, interpreting services, real-time multi-person recognition systems,
games, virtual reality environments, natural language communications, online hand tracking for
human communication in desktop environments, and human-computer interaction.

Vision-based SLR techniques here later (VSLR), which is an application of intelligent based
SLR systems, are used to develop programs to translate sign language to letters or words. There
are research works that apply VSLR techniques to various countries' sign languages especially
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ASL. The application of these techniques to Thai sign language is more limited. And, using
VSLR techniques for TFSL is more complex compared to other languages due to the presence of
many multi-posture consonants. For example, research studies by Saengsri et al. (2012), Nakjai
and Katanyukul (2019, 2021), and Pariwat and Seresangtakul (2021). The primary applications of
VSLR techniques with TFSL are for communication between hearing individuals and those with
hearing impairments. There is very little research that uses VSLR to be used as teaching and
learning materials.

VSLR technigues can be categorized into five stages: image acquisition, image pre-processing,
image segmentation, feature extraction, and classification. Adeyanju et.al (2021) describes stages
of VSLR as follows. Image acquisition is the first stage in SLR that can be acquired through self-
created or available public datasets. Researchers have used different devices including a camera
or webcam, data glove, Kinect, and leap motion controller. Among these devices, a camera or
webcam is the most widely used by many researchers because it provides better and natural
human-computer interaction without additional devices, unlike data glove based. Data glove has
proven to be more accurate in data acquisition but very costly and inconvenient for the users.
Kinect is wildly used and effective. It provides both color video and depth video stream
simultaneously, however it is expensive. The leap motion controller is a low-cost device with
better accuracy than Kinect, but it can operate in a limited range.

The second stage is preprocessing to eliminate unwanted noise and enhance the quality of the
image. This can be accomplished by resizing, color conversion, removing noise, or a combination
of techniques from the original image. Image preprocessing techniques can be classified into
image enhancements and image restoration.

The third stage is image segmentation. In this stage, the regions of interest in the images are
segmented and extracted from the entire image. There are two basic approaches used for
segmentation: contextual and non-contextual segmentation. Contextual segmentation employs the
relationships between the image features, such as edges, similar intensities, and spatial proximity.
A non-contextual segmentation ignores spatial relationships between image features, but group
pixels based on global attribute value (Shama et al., 2021). There are various techniques in
segmentation such as Thresholding, Edge detection, Region based, Clustering based, and
Acrtificial neural network (ANN)-based segmentation techniques. ANN-based segmentation
techniques are currently famous because they do not require a complex program to work, and
they are less prone to noise. However, computational time in training is higher than other
techniques. The background of the image also affects the quality of segmentation. In this research
area, backgrounds are divided into 2 types: simple backgrounds and complex background. The
simple background entails the use of a single color such as green, blue, or white. This can help
hand segmentation work more easily, and the system can recognize accuracy at a high level.
However, it is not practical due to the complexity of the backgrounds in real-life situations.

The fourth stage is features extraction, which transforms the input image region into feature
vectors for recognition. It aims at finding the most distinctive features in the acquired image. The
output is the compact feature vector, which is extracted by removing an irrelevant part to increase
learning accuracy. The features extracted output supports the classification stage by checking for
features that can effectively be distinguished between classes and help achieve high recognition
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accuracy. The features extraction techniques are used as hand detection algorithms in VSLR.
There are several approaches and algorithms used for hand detection: Histogram of Oriented
Gradients (HOG), Convolutional Neural Networks (CNNs), YOLO (You Only Look Once),
MediaPipe Hands. MediaPipe Hands, developed by Google, is particularly notable for its ability
to robustly detect and track human hands in images and videos, making it a valuable tool for
applications ranging from gesture recognition and sign language interpretation to augmented
reality and human-computer interaction. It employs a deep learning model trained on a large
dataset of annotated hand images. This model can detect hands in a variety of poses and
orientations, making it adaptable to different scenarios and user movements. One of the standout
features of MediaPipe Hands is its suitability for real-time scenarios. It leverages a combination
of machine learning and computer vision techniques to achieve impressive performance without
sacrificing speed. This is essential for applications where quick and accurate hand tracking is
crucial. Furthermore, MediaPipe Hands not only identifies the presence of hands but also
provides detailed information about hand landmarks — key points on the hand's surface — which
can be used to infer gestures and movements.

The last stage is classification. After the pre-processing, segmentation, and extraction of
features from the images have been completed, it is necessary to use a predictor algorithm to help
give valuable meaning to the extracted features. Machines are trained to learn and machine
learning improves their performance to match the features of the new sign image with the stored
features in the database for recognition of the given sign language. Machine learning is a subfield
of computer science, and it is also classified as an Al method (Voyant et al., 2017). The artificial
intelligent techniques used for sign language recognition include supervised or unsupervised.
Supervised machine learning took in a set of known training data and used it to infer a function
from labelled training.

data, whereas unsupervised machine learning is used to draw inferences from datasets with input
data with no labelled response. Google’s Teachable Machine is a web-based tool developed by
Google that allows users to easily create and train custom machine learning models without
requiring extensive coding or machine learning expertise. It's designed to help individuals
understand the basics of machine learning through hands-on experience. Google’s Teachable
Machine primarily uses supervised machine learning. Users provide labeled examples to train the
model, and the model learns to associate patterns in the data with specific classes or labels. With
Google's Teachable Machine, users can train models to recognize patterns in different types of
data, such as images, sounds, or gestures. The process usually involves providing the tool with
labeled examples of data, allowing the model to learn the associations between input data and
corresponding output categories.

3 Research Methodology

The research methodology is composed of 6 main steps as follows.
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3.1 Program Development Concept

The process of developing the functional part of the program consists of three phases: the training
phase, the testing phase, and the prediction phase. The flow diagram of functional part of the
developed program is illustrated in Fig. 2.

Training phase |
Hand gesture image
captured from webcam Labels

; i

g 1

| i

2 v

Image Image Processing
acqui_;kmgn | (Image preprocessing | Feature extraction " Feature classification ‘
and segmentation stage)
Hand Detection Google's Teachable Machine
S— ;
ifier: Nei letwor
i Mg e [T rained Cfassgfu.;; M.u:;i Network M’adcﬂ
eras.

Testing and Prediction phase |

Hand gesture image
captured from webcam
A

Image Image Processin, v
acquisition [—|  (Image preprocessing | Featurc cxtraction | = Label matching with
and segmentation stage) hand posture image

Hand Detection

Fig. 2. Program Flow diagram.

In the training phase, a trained classifier named Keras.h5 is created. It is a neural network
model capable of recognizing hand gesture images associated with Labels. The trained model is
then tested with another set of hand gesture images to evaluate the accuracy of model before
program deployment. Finally, the program is tested by the actual users, which is the prediction
phase to evaluate the performance of the trained neural network model.

3.2 Training Phase of Program Development

The training phase follows 5 stages of VSLR techniques mentioned in the second session. In this
research, the TFSL image dataset is a self-created dataset. Thus, the process starts with creating
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the dataset. After that, this dataset is used to train neural network model to create the trained
classifier or trained neural network model. Therefore, there are two parts in this phase as follows.

3.2.1 Data collection for sign language dataset starts with capturing the hand gesture image of
all 42 TFSL using webcam. Three individuals are used to perform the hand gesture of these
consonants with different angle and distance referred from the webcam. There are 300 images,
500 images, and 800 images created for each one-posture consonant, two-posture consonant, and
three-posture consonant respectively. Hand detection process is created using OpenCV and
CVZone library of Murtaza (2022), which use MediaPipe Hands library. The process starts with
using computer vision to detect a hand from an input image and keeps focus on the hand’s
movement and orientation. OpenCV is used to perform operations associated with computer
vision. After that MediaPipe Hands library is used to perform the actual hand detection and
tracking on input images. Using MediaPipe Hands, 21 landmarks according to hand and finger
joints as shown in Fig. 3 are extracted. These landmarks are embedded in the hand posture image.
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Fig. 3. Hand Landmarks from MediaPipe Hands and their indices.

3.2.2 Creation of trained model The dataset of hand posture images and landmarks obtained
from the previous section is put into Google’s Teachable machine. Google’s Teachable Machine
primarily uses a technique called transfer learning along with pre-trained neural network
architectures to create machine learning models for image and audio classification tasks. Transfer
learning involves taking a pre-trained model that has been trained on a large dataset and adapting
it for a specific task with a smaller dataset. In this research, it is employed to create machine
learning models for image classification from the TFSL dataset. The output obtained from this
step is a trained model, which will be used as a trained classifier in the next phase, called
Keras.h5.

3.3 Testing Phase of Program Development

The testing phase is to evaluate the trained model on the validation set to assess its performance.
In this phase, the trained model named Keras.h5 will take features from another hand posture
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image dataset performing by the same individuals through the same process as in the data
collection steps. After that, it yields predicted labels, which are consonants. The testing will be
conducted with every consonant, each repeated 10 times, utilizing various angles and distances
from the webcam. Subsequently, instances where the consonant card images are correctly
matched to the TFSL gestures are recorded. The average percentage of accuracy for all
consonants is then calculated.

3.4 Prediction Phase of Program Development

This phase is also referred to as program deployment. The process is composed of the same steps
as mentioned in the testing phase but in this phase, it is done by the actual users. The actual users
in this research are the hearing-impaired students who study in elementary grade and teachers
from Setsatian School. The actual users have various sizes of hand, TFSL skills and stability of
hand gesture, concentrations. These factors may affect the accuracy of the programs.

3.5 Graphic User Interface (GUI) Design

After completing the testing phase of program development, we can ensure that the program
functions correctly according to our design. The program will then be used to create a GUI,
enabling real users to easily use it, and providing an engaging user experience. One computer,
one monitor, and one keyboard are required when using the program. The equipment setup, the
hand image (input) and flashcard (output) displayed on the monitor are shown in Fig. 4(a) and
Fig. 4(b) respectively.

(a) Equipmeht Setup (b) Input and Output

Fig. 4. GUI design (a) Equipment Setup (b) Input and Output.
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To use the program, the user performs TFSL in front of webcam. The user captures the image by
pressing “s” button on keyboard to send the image into the program and ends the program by
pressing “a” button on keyboard. Then, the program shows the flashcard corresponding to the
TFSL on monitor. For multi-posture TFSL, the user press “s” button for each posture and press
“a” button when finish all of postures.

3.6 Software Usability Assessment

After program deployment, the developed software usability is assessed. The evaluation is
divided into 3 aspects: Aspect 1 represents the program's functionality, Aspect 2 pertains to the
GUI, and Aspect 3 relates to the program's benefits. These are used to create 8 assessment topics
in the questionnaire rating scale 1-5, as shown in Table 1. The rating scores are defined as
indicated in Table 2. Criteria are also established to interpret the meaning of the average
assessment scores obtained from participants evaluating program usage in each topic. The criteria
are in Table 2.

Table 1. Topics of each aspect in the questionnaire.

Aspect 1 Aspect 2 Aspect 3
1. Precision 3. Ease of use 6. Text and image 8. Program benefits
2. Response 4. The interestingness size on the screen in enhancing
time in usage, featuring 7. Displaying the Thai consonant
novelty and captivating results through learning
engagement flashcards to
5. Interestingness of enhance
display screen comprehension
components

Table 2. Score Interpretation.

Score Level 1 2 3 4 5

Range of 1.00-1.49 1.50-2.49  2.50-3.49 3.50-4.49 4.50-5.00

Average Score

Meaning _need some\_/vhat mo_de_rately very ext_remely
improvement  satisfied satisfied satisfied satisfied

The experiment participants totaled 12 individuals, consisting of male and female
schoolchildren, with 10 individuals aged between 6 and10 years. All participants were of Thai
nationality and ethnicity, born with normal hearing, without any other disabilities, and were
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studying at the elementary level of the case study school. This age and educational level were
chosen as they were currently learning Thai consonants according to the school curriculum. The
teaching staff involved in the experiment comprised 2 teachers responsible for this class. In the
program deployment phase, as shown in Fig. 5, the researcher will explain and demonstrate the
program to non-hearing-impaired teachers. Subsequently, the teachers will convey the usage
methods to students using sign language, along with demonstrating program usage. Afterward,
the teachers will initiate the software usage trial, followed by the students. Participants in the trial
will perform TFSL posture for every consonant twice and observe the flashcards of the letters
displayed on the screen by the program.

Fig. 5. Demonstration of program usage and program deployment test.

In the evaluation phase, the researcher explained the objectives and meanings of each topic in the
questionnaire to the teachers in detail. The teachers then translated and conveyed this information to the
students participating in the software usage experiment using sign language. The translation was done topic
by topic. Once the students completed the evaluation for one topic, the next topic was translated and
conducted in the same manner until all 8 topics were completed.

4 Results and Discussion

The accuracy of the trained model reported by Google's Teachable Machine is 100%. However,
when tested in the testing phase, it was found that the average accuracy for all consonants

decreased to 79 .5 0% . This drop can be attributed to the use of still images for training the
model, while real-time motion images were employed for the testing phase. Regarding the
satisfaction assessment of the program usage, the results, obtained from 12 real user participants,
are presented in Table 3 and visually represented in Fig. 6. From Table 3, overall average score of
all assessment topics is 4.19, indicating that users are highly satisfied. When considering
satisfaction in each aspect of the program, it was found that the average scores for functionality,
GUI, and benefits of the program are 3.75, 4.32, and 4.42 respectively. These scores exceed 3.50
for all aspects, indicating that the users are very satisfied in all aspects. In terms of the
functionality of the program, the assessment received the lowest scores, particularly in precision
topic. Students gave an average score of 3.70, while teachers gave an average score of 3.50. The
precision of the program when displaying the results has the lowest score, which could potentially
be influenced by hand stability, hand size, and unfamiliarity with the program. The display will
continuously change according to the user's hand movements until the hand comes to a stop. This
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causes users, especially students, to take longer time to press the answer submission button and
consequently results in low scores in the assessment of response time. In the GUI aspect, it was
found that both students and teachers are very and extremely satisfied, indicating that the program
is user-friendly, engaging, and captivating for learners. The visual components are appealing, and
the presentation of consonants in the form of flashcards makes it easier for students to
comprehend. In this regard, there is an additional recommendation that suggests the desire for
larger image sizes of the flashcards.

Table 3. Average assessment score.

Aspect Aspect 1 Aspect 2 Aspect 3
Topic 1 2 3 4 5 6 7 8
Teachers

(2 persons) 3.50 4.50 450 4.00 4.00 5.00 4.50 4.50

o+ @-° Teachers Students ===@== All participants
1. Precision
. 5.
8. Program benefits 400

in enhancing Thai 2. Response time

consonant learning .00 ~ 0
2.00 X
7. Displaying the results 1.00
through Flash cards to 0.00 §93. Ease of Use

enhance letter... \

. . . %*d  4.Interestingness in usage,
> ;ez:tosr:ztﬁs zgr:er:r? re \w/ featuring novelty and
captivating engagement

5. Interestingness of
display screen components

Students

(10 persons) 3.70 3.70 500 3.70 440 3.90 4.0 4.40

3.67 3.83 492 375 433 4.08 4.50 4.42

All
participants

3.75 4.32 4.42

Fig. 6. Radar chart of average assessment score.

The program benefit aspect obtained the highest average score of 4.42, it indicates that overall
users are highly satisfied with using the program to derive benefits in learning the Thai
consonants. When looking at user groups, the student group provides an average score of 4.40,
signifying they are very satisfied to use the program to enhance their TFSL skill. Meanwhile, it
can be observed that teachers exhibit extreme satisfaction in utilizing the program for beneficial
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purposes, scoring up to 4.50. Teachers also provided additional comments that the program seems
to be very beneficial in encouraging children to become more interested in learning consonants
and can be used as a teaching aid to help children better understand Thai consonants.

5. Conclusion

According to the experimental results, the developed software can be effectively implemented
through the designed functions. It can accurately capture students' hand gestures and translate
them into corresponding flashcard images. Additionally, when assessing the practical usage with
actual users, who are students encompassing all aspects including program functionality, GUI
usage, and benefits, it was found that the satisfaction level was very high across all dimensions.
The overall average score of satisfaction is 4.19 or 83.8%. The program for translating TFSL into
Thai consonants can serve as an educational tool for children with hearing impairments,
contributing to improved learning outcomes.
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