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Abstract—One-stage fingerspelling and includes 15 Thai
consonants, each represented by a single static hand sign. Data
collection was conducted in collaboration with an experienced
TSL instructor from the Special Education Department at
Rajabhat Maha Sarakham University, Thailand. A total of 14
students proficient in sign language and 40 non-signers
participated in the collection process. Images were captured
using a DSLR camera in typical indoor environments without
controlled conditions for clothing, lighting, or background to
ensure high visual diversity and environmental complexity. The
dataset comprises 7,200 RGB images, each accompanied by
XML-formatted annotations providing ground-truth hand
localizations and gesture labels. To establish a performance
baseline, a two-stage pipeline was evaluated. For the detection
task, the YOLOv3 model achieved a mean Average Precision
(mAP) of 97.87%, indicating reliable hand localization. In the
classification phase, various convolutional neural network
architectures were tested; DenseNetl21 and MobileNetV2
demonstrated the highest accuracy at 98%. To promote
reproducibility and standardized evaluation, the dataset is
publicly accessible via the Mendeley Data repository, providing
a foundational resource for the TSL research community.

Keywords—Deep learning, Hand detection, Sign language
recognition, Static gesture recognition, Thai fingerspelling

I. INTRODUCTION

The World Health Organization (WHO) reports that over
1.5 billion people experience some degree of hearing decline
during their lifetime, and at least 430 million require
rehabilitation services [1]. Consequently, improving
communication accessibility for individuals with hearing loss
has become an important research direction, particularly in
sign language recognition technologies. In Thailand, formal
education in sign language has been promoted through
specialized programs, including a bachelor curriculum in sign
language offered by Rajabhat Maha Sarakham University [2].
Located in the northeast region of Thailand, Mahasarakham
Province has developed into an important center for sign
language education and related research.

Most existing sign language datasets have been developed
for widely studied languages such as American and Chinese
sign languages. For example, large-scale American Sign
Language (ASL) resources, such as WLASL for word-level
recognition and object-based ASL alphabet datasets, have
been widely used in the research community [3], and Chinese
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sign language datasets have been introduced with extensive
vocabulary and multimodal video collections [4].

Thai one-stage fingerspelling refers to static hand signs in
which each image represents a single fingerspelling gesture.
In this setting, one image contains only one hand posture
corresponding to a specific Thai consonant, without temporal
motion information. Early work in this area includes the KKU
Thai Fingerspelling dataset (KKU-TFS) proposed by Pariwat
and Seresangtakul [5] in 2017. The KKU-TFS dataset
contains 15 one-stage Thai fingerspelling signs with a total of
375 images, where each class includes images collected from
five volunteers. The images have a resolution of 250 x 288
pixels and were captured under controlled conditions with a
plain blue background, which leads to limited background
complexity. Although this dataset supports initial research on
Thai fingerspelling recognition, the small scale and controlled
acquisition environment limit data variability.

Subsequent studies have also explored Thai hand sign
datasets under controlled acquisition settings. Nakjai and
Katanyukul [6] collected 25 single-hand postures, with data
captured from signers under consistent lighting, clothing, and
background conditions, resulting in a dataset of 1,375 images.
Furthermore, Phothiwetchakun and Rakthanmanon [7]
investigated Thai fingerspelling recognition focusing on one-
stroke gestures, including 15 Thai one-stage hand poses, and
reported a dataset containing 15,000 images. However, most
existing Thai fingerspelling datasets remain limited in terms
of scale, environmental diversity, or public accessibility,
highlighting the need for more comprehensive and diverse
image datasets.

These limitations also affect research reproducibility and
evaluation. Although several studies have explored Thai hand
sign recognition, many of these works utilize private or
proprietary datasets that are not publicly accessible.
Consequently, reproducibility, fair comparison, and
benchmarking across different recognition methods remain
challenging for the Thai sign language research community.

Contribution. To address these challenges, this study
introduces a Thai one-stage fingerspelling image dataset
designed to support both hand detection and static gesture
recognition tasks. The dataset includes RGB images and
corresponding XML annotation files that provide ground-truth
information for hand location and gesture class labels. It
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covers 15 Thai fingerspelling hand signs and contains a total
of 7,200 images captured using a DSLR camera. Compared
with previous datasets collected under highly controlled
conditions, the acquisition environment in this study was not
restricted. Volunteers were allowed to wear their own clothing
and perform gestures in typical indoor settings such as
computer laboratories. As a result, the images contain
complex and varied backgrounds. This design increases data
diversity and introduces realistic environmental variation,
which contributes to the development of more robust
recognition systems.

Furthermore, the dataset is publicly available online via
Mendeley Data and can be freely downloaded and used for
research purposes. The dataset is accessible online [8]. This
availability promotes reproducibility and fair comparison
across different Thai sign language recognition methods.

II. RELATED WORK

This section reviews previous research on Thai
fingerspelling recognition, with an emphasis on one-stage
static gestures using image-based approaches.

Pariwat and Seresangtakul [5] proposed a Thai
fingerspelling recognition method based on handcrafted
global and local image features combined with support vector
machine (SVM) classifiers. Their framework explicitly
integrates global and local features, where global geometric
descriptors capture the overall hand shape and posture, while
local texture and histogram-based features describe detailed
finger shape and appearance characteristics. These
complementary feature types are extracted from segmented
hand images to enhance discrimination among 15 static Thai
fingerspelling signs. Multiple SVM kernels were evaluated,
with the radial basis function (RBF) kernel achieving the best
performance. Experimental results indicated that the
integration of global and local features achieves higher
recognition accuracy than individual feature types used
separately and achieved an average accuracy of approximately
91.20% on the evaluated images.

Further, Nakjai and Katanyukul [6] investigated Thai
fingerspelling recognition using both traditional feature-based
methods and deep leaming approaches. The authors evaluate
histogram of oriented gradients (HOG) features combined
with artificial neural network (ANN) classifier and compare
the results with convolutional neural networks (CNNs) for
classifying 25 single-hand postures. The dataset was collected
under controlled conditions, including consistent lighting,
clothing, and background settings. Experimental results
showed that the CNN-based model achieves higher
recognition performance than the HOG-based approach, with
the CNN model obtaining a mean average precision of
91.26%, whereas the HOG—ANN method achieved 85.71%.
These results demonstrate the advantage of automatic feature
learning over handcrafted descriptors.

Phothiwetchakun and Rakthanmanon [7] proposed a hand
landmark—based approach for Thai fingerspelling recognition
that utilizes geometric features derived from hand keypoints
rather than depending exclusively on raw pixel information.
In their method, each cropped hand image is first processed by
a hand keypoint extractor (e.g., MediaPipe) to obtain a set of
21 spatial coordinates representing key anatomical points of
the hand. These landmark coordinates are then transformed
into feature representations that capture the relative spatial
structure and geometric relationships of the hand pose. Their

study employed a two-level clustering and classification
strategy to group similar hand landmark patterns and assign
them to one of the target fingerspelling classes. The result
demonstrated that landmark-based representations can reduce
sensitivity to background variations and emphasize the
essential shape information of the hand. With the two-level
classification strategy, the proposed method achieved an
accuracy of 86.71%.

Subsequently, Lata and Surinta [2] proposed an end-to-
end Thai fingerspelling recognition framework that integrates
hand detection and static gesture recognition using deep
CNNs. Their framework consisted of two main stages: first,
hand detection was performed using the YOLOvV3 object
detection architecture to localize hand regions; second,
recognition of one-stage Thai fingerspelling signs was
conducted using multiple CNN models. Specifically, they

evaluated five state-of-the-art CNN  architectures:
MobileNetV2, DenseNet121, InceptionResNetV2,
NASNetMobile, and EfficientNetB2. Evaluation was

conducted on three Thai fingerspelling datasets: their primary
TFS dataset, as well as the KKU-TFS and Unseen-TFS sets.
YOLOV3 achieved high precision for hand localization on the
TFS dataset; however, performance decreased on the smaller
KKU-TFS and Unseen-TFS datasets due to limited variability.
For the recognition stage, DenseNet121 achieved the highest
accuracy, with approximately 93.99% on the TFS dataset and
90.40% on the KKU-TFS dataset, outperforming other
architectures. Their results demonstrate the effectiveness of
the end-to-end deep learning framework for simultaneously
addressing detection and recognition tasks.

III. THAI ONE-STAGE FINGERSPELLING IMAGE DATASET
(ONE-STAGE-TFS)

To support the automatic recognition of Thai hand signs,
collaboration was established with experts in Thai Sign
Language (TSL). Rajabhat Maha Sarakham University,
located in Maha Sarakham Province, Thailand, offers a
specialized program in sign language within its Special
Education Department, providing access to experienced
instructors and proficient students. Under the guidance of an
expert TSL instructor from this department, a data collection
process was designed focusing on Thai one-stage
fingerspelling, which comprises 15 Thai consonants, each
represented by a single static hand sign.

The data collection was conducted between July and
December 2021 using a DSLR camera. A total of 14
undergraduate students from the Special Education
Department who were proficient in TSL participated as
primary contributors. Their gesture images were recorded first
to establish reference samples for each of the 15 fingerspelling
signs. These reference images subsequently served as visual
guides for an additional 40 students from other departments
with no prior background in sign language. These participants
were instructed to replicate the fingerspelling gestures to
enhance the diversity of the dataset and simulate real-world
variability.

The captured images include upper-body views and may
contain either one or both hands according to the gesture pose.
The acquisition environment was not strictly controlled;
participants were dressed in their own clothing and performed
gestures in typical indoor settings such as computer
laboratories. As a result, the dataset contains both simple and
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Fig. 1. Challenges in hand detection within the One-Stage-TFS dataset:
examples of contributor images captured against (a) simple backgrounds and
(b) complex backgrounds.

complex backgrounds, with variations in hand position and
spatial location across images, as illustrated in Fig. 1.

The Thai One-Stage Fingerspelling (One-Stage-TFS)
dataset comprises 7,200 RGB images that represent 15 Thai
consonant hand signs. This dataset provides diverse visual
conditions and participant variability, which support research
on both hand detection and static fingerspelling recognition
tasks.

The One-Stage-TFS dataset was developed to capture Thai
sign language gestures, with a specific focus on one-stage
fingerspelling consisting of 15 Thai consonants: Bor Bai Mai
(/b/), Dor Dek (/d/), For Fun (/f/), Hor Heep (/h/), Kor Kai
(/k/), Lor Ling (/1/), Mor Mah (/m/), Nor Noo (/n/), Or Ang
(/o/), Por Phan (/ph/), Rao Ruea (/1/), Sor Suea (/s/), Tor Tao
(t/), Wor Waen (/w/), and Yor Yak (/y/). The contributors
were divided into two groups: (1) 14 students from the Special
Education Department at Rajabhat Maha Sarakham
University who were proficient in Thai sign language, and (2)
50 students from other departments who had no experience in
sign language. Data collection was conducted in three phases.

In the first phase, the 14 proficient students demonstrated
the 15 one-stage consonant gestures. Upper-body images of
each participant were captured, and the frames could contain
one or both hands depending on the pose, although each

(a) /b/

|

() I/

Fig. 2. Examples of one-stage consonant images (a-c) from the One-Stage-
TFS dataset, contributed by students from the Special Education Department
with experience in Thai sign language.

consonant gesture was represented by a single hand. Example
images from this group are presented in Fig. 2.

In the second phase, the images obtained in the first phase
were shown to the 40 students without sign language
experience. These participants were instructed to reproduce

(a) b/

(d) b/

_‘7 - ’ f!
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Fig. 3. Examples of one-stage consonant (a-1) contributed by students
without experience in Thai sign language.

(k) /w/

Fig. 4. Examples of one-stage consonant images from the One-Stage-TFS
unseen set.

the gestures based on the reference images. Sample images
from this phase are illustrated in Fig. 3.

In the third phase, the procedure from the second phase
was repeated, with students without sign language experience
selected randomly. These participants reproduced the hand
signs, and the captured images were designated as the unseen
set. Example images from this phase are illustrated in Fig. 4.

In this dataset, ground-truth annotations were assigned to
each image using Labellmg software to specify the hand
location and corresponding hand sign label. Researchers who
focus only on Thai fingerspelling recognition can extract the
hand sign labels and bounding box information directly from
the XML annotation files. For tasks involving both hand
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detection and gesture recognition, the images and XML
annotations can be used simultaneously during model training.
An example of an annotation file is illustrated in Fig. 5.

1~ <annotation> sbject » annotation » object » bndbox »
2 <folder>@5_BOR</folder> v object {1}

3 <filename>BOR_BAI_MAI_101.jpg</filename> v annotation {6}

4~ <source> folder : 85_BOR

5 <database>TSL Database</database> filename : BOR_BAI_MAI_101.jpg
6 <annotation>TSL</annotation> ¥ 'source; {3}

7 <image>HSU</image> database : TSL Database

8 </source>

<segmented>@</segmented>

<size>
<width>1080</width>
<height>720</height>
<depth>3</depth>

</size>

<object>
<name>bor</name>

<pose>Unspecified</pose>

<truncated>@</truncated>
<difficult>0</difficult>

<bndbox>

annotation : TSL
image : MSU
segmented : @

v size {3}

width : 1080
height : 720
depth : 3

v object {5}

name : bor

pose : Unspecified
truncated : @
difficult: @

resolution of pixels, collected from a significantly larger
group of 54 participants. In comparison with the KKU-TFS,
these images were captured in authentic indoor settings
without constraints on clothing, illumination, or background
composition, thereby introducing complex visual noise and
real-world variability. Furthermore, the inclusion of XML-
formatted bounding box annotations supports a broader
research scope, encompassing both hand detection and static
gesture recognition. A comparison of the characteristics of the
KKU-TFS dataset and the proposed One-Stage-TFS dataset is
summarized in Table L.

21 <xmin>220</xmin>
22 <ymin>248</ymin> v bndbox {4}
23 <xmax>380</xmax> xmin : 220
24 <ymax>526</ymax> ymin : 248
25 </bndbox> xmax : 380
26 </object> ymax : 526
27 </annotation>
(a) XML file format (b) XML tree
Fig. 5. Example of XML annotation in the One-Stage-TFS dataset,

including image size, hand location, and hand sign label: (a) XML file format
and (b) XML tree structure.

The directory structure of the One-Stage-TFS dataset
available in the Mendeley Data repository is presented in Fig.
6.

TABLE L. COMPARISON BETWEEN KKU-TFS AND THE PROPOSED
ONE-STAGE-TFS DATASET
Details Datasets
KKU-TFS One-Stage-TFS
Number of Classes 15 15
Images per Class 25 480
Total Images 375 7,200
Participants 5 54
Acquisition Controlled Uncontrolled
Condition environment (blue | indoor
background, black | environments with
clothing, hand diverse
only) backgrounds and
lighting
Detection No Yes (XML
Annotation bounding boxes)
Public Availability Not publicly Yes (Mendeley
available Data)

One-Stage-TFS Dataset
|
[ Trainingset [ Testsat [= Unseenset
- [E;g Bor Bai Mai — EE;; Bor Bai Mai — E;S Bor Bai Mai
™ Annotati % Annotatio Images
S o = vl
Images Images Dor Dek
!!! uPG) = upPg) Eig ’
e
E;g DorDek — E;g Dor Dek e
b Annotati I Annotations L
£l oy BML -
: E Images
B e B
L E"_e: — — E‘-p e
L, Annotations L. Annotations
= ML)
= =y

Fig. 6. Example of XML annotation in the One-Stage-TFS dataset,
including image size, hand location, and hand sign label: (a) XML file format
and (b) XML tree structure.

To clarify the contributions of the proposed One-Stage-
TFS dataset, a comparative analysis with existing benchmarks
is provided. A prominent earlier resource is the KKU Thai
Fingerspelling (KKU-TFS) dataset, introduced by Pariwat
and Seresangtakul [5] in 2017. The KKU-TFS dataset consists
of 375 images representing 15 one-stage signs collected from
five volunteers. These images were recorded under strictly
controlled conditions, featuring a uniform blue background
and participants in black attire with the camera focused
exclusively on the hand region.

In contrast, the proposed One-Stage-TFS dataset offers a
substantial advancement in both scale and environmental
diversity. It comprises 7,200 RGB images at a higher

IV. EXPERIMENTAL DESIGN AND METHODS

A. Evaluation Metrics
To evaluate the performance of the proposed dataset for

both tasks, different metrics are employed for hand detection
and static fingerspelling recognition.

1) Hand Detection Metrics: Hand detection is considered
an object detection problem. Let TP, FP and FN denote the
numbers of true positives, false positives, and false negatives,
respectively. Based on these quantities, the evaluation
metrics are defined as follows.

The spatial agreement between predicted and ground-truth
bounding boxes is measured using Intersection over Union
(IoU) [9]:

Area(BpredNBgt)

IoU = (1

Area(BpredUBgt)

where B,.q and By, represent the predicted and ground-truth
bounding boxes, respectively. A detection is considered a true
positive if the ToU exceeds a predefined threshold.

The precision, recall, and F1-score metrics [10-13]. are
defined as follows:

TP

Precision = 2)
TP+FP
TP

Recall = 3)
TP+FN
Precision * Recall

F1 = . -leciston Xecd” (4)
Precision+Recall
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Detection performance across different confidence
thresholds is summarized using Average Precision (AP),
defined as the area under the Precision-Recall curve, as shown
in (5). The overall detection performance is represented by
mean Average Precision (mAP) [9], as defined in (6)

AP = fol Precision(R) dRecall 5)
mAP = %2?:1,4131- (6)

where N denotes the number of object classes. Since this
study focuses on hand detection, N = 1.

2) Static Fingerspelling Recognition Metrics: Static
fingerspelling recognition is formulated as a multi-class
classification task involving 15 fingerspelling classes. The
commonly used evaluation metrics include accuracy,
precision, recall, and Fl-score. The accuracy metric is

computed as follows:
TP+TN

Accuracy = ———
Y = TPTIN+FP+FN

0
when FP denote false positives.

Furthermore, a confusion matrix is employed to analyze
misclassification patterns among the hand sign classes.

B. Baseline Experiments and Results

To provide reference benchmarks for future research using
the One-Stage-TFS dataset, baseline experiments were
conducted for two tasks: (1) hand detection and (2) static
fingerspelling recognition.

Lata and Surinta [2] proposed an end-to-end Thai
fingerspelling recognition framework (see Fig. 7) that
performs both hand detection and gesture recognition in a
single pipeline. In their approach, YOLOv3 is used to localize
the hand region, and the detected hand is subsequently fed into
convolutional neural network (CNN) models, including
MobileNetV2, DenseNet121, InceptionResNetV2,
NASNetMobile, and EfficientNetB2. For the detection task,
YOLOV3 achieved a high performance with a mean Average
Precision (mAP) of 97.87%. For the recognition task,
DenseNet121 and MobileNetV2 achieved the highest
classification accuracy of 98%. These results are used as
baseline performance when evaluating and comparing the
proposed method. Example outputs of the end-to-end
framework are illustrated in Fig. 8. These results establish
baseline benchmarks for the One-Stage-TFS dataset and
provide reference performance for future research and model
development.

To evaluate the effectiveness of the One-Stage-TFS
dataset, experiments were conducted on both hand detection
and static fingerspelling recognition tasks using the provided
training, testing, and unseen sets.

For hand detection, the input images and corresponding
XML annotations were used to train object detection models
to localize hand regions under varying background and
lighting conditions. Performance was evaluated using mean
Average Precision (mAP) and Intersection over Union (IoU).
For hand detection, the input images and corresponding XML
annotations were used to train object detection models to
localize hand regions under varying background and lighting
conditions. Performance was evaluated using mean Average
Precision (mAP) and Intersection over Union (IoU). In
addition to conventional detectors, recent advanced

Input image

Hand detection

Static fingerspelling
recognition

ﬁ

|

o/, d/, /8, ..., Iy/]

Fig. 7. Overview of the end-to-end fingerspelling recognition framework.

Classification Output

Fig. 8. Examples of hand detection and recognition results using the end-
to-end Thai fingerspelling recognition framework [2].

algorithms such as YOLOV9 [14] and DINO [15] can be used
to improve detection efficiency and localization accuracy.
YOLOV9 offers enhanced gradient flow design for real-time
object detection, while DINO, a transformer-based detector,
provides strong performance in complex scenes through
improved denoising anchor box strategies.

For static fingerspelling recognition, cropped hand images
obtained from the detection stage served as input to the
classification models to identify one of the 15 Thai consonant
gestures. Recognition performance was evaluated using
overall accuracy, precision, recall, and F1-score. The unseen
dataset was utilized to evaluate model generalization to new
participants and environmental conditions. This experimental
design enables a comprehensive evaluation of both
localization and recognition capabilities under realistic and
diverse scenarios.

Recent advances in hand gesture and sign language
recognition have explored attention-based and spatiotemporal
modeling techniques. Chae et al. [16] proposed an online hand
gesture recognition framework incorporating a semantically
interpretable attention mechanism, which enhances feature
discrimination by emphasizing meaningful hand regions. Han
et al. [17] introduced an STGCN-LSTM model that integrates
spatial-temporal graph convolutional networks with long
short-term memory units and uses phonological features of
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sign language to capture both structural and temporal
dependencies. Furthermore, Almufareh et al. [18] presented
an Arabic sign language recognition approach combining
vision transformers with temporal analysis. Their results
demonstrate the effectiveness of transformer-based spatial
modeling for gesture understanding. These methods illustrate
the growing importance of attention mechanisms, graph-based
modeling, and transformer architectures for robust hand
gesture and sign language recognition.

V. CONCLUSION

This paper introduces the Thai One-Stage Fingerspelling
(One-Stage-TFS) image dataset, a comprehensive benchmark
designed to support research in hand detection and static Thai
fingerspelling recognition. The dataset comprises 7,200 RGB
images capturing 15 Thai consonant hand signs collected from
54 participants, including 14 experts and 40 individuals
without prior signing experience, recorded under diverse
indoor conditions. Each image is annotated in XML format
with ground-truth coordinates for hand localization and
gesture labels, providing a unified framework for both
detection and classification tasks. To establish performance
benchmarks, a two-stage pipeline was implemented. In the
detection phase, the YOLOv3 model achieved a mean
Average Precision (mAP) of 97.87%, demonstrating robust
localization across varied visual environments. For the
recognition phase, several convolutional neural network
(CNN) architectures were evaluated, including MobileNetV2,
DenseNet121, InceptionResNetV2, NASNetMobile, and
EfficientNetB2. Notably, DenseNetl21 and MobileNetV2
yielded the highest classification accuracy at 98%. The One-
Stage-TFS dataset is publicly available via the Mendeley Data
repository to promote reproducibility and standardized
comparison. This work serves as a foundational reference for
future advancements in Thai sign language recognition and
the development of assistive technologies.

Future research will expand the One-Stage-TFS dataset to
encompass dynamic gestures [19], transitioning from static
poses to spatiotemporal motion sequences. To capture these
continuous transitions, subsequent efforts will prioritize
video-based acquisition. A planned expansion comprising
approximately 3,000 video samples of 42 Thai alphabet
gestures aims to support advancements in sequential
recognition.
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