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Abstract—This paper presents the Multi-language Video Sub-
title Dataset, a new benchmark resource created to advance
research in multilingual optical character recognition (OCR)
and computer vision. The dataset contains 4,224 subtitle images
systematically extracted from 24 real-world videos collected
between October 2020 and January 2021. It comprises 157
character classes, including Thai script components (consonants,
vowels, and tone marks), punctuation marks, Thai and Ara-
bic numerals, and Latin alphabetic characters. The dataset
demonstrates extensive variation in typographic features such
as font family, character size, geometric curvature, and spatial
arrangement, with text often appearing against visually complex
backgrounds. These characteristics capture the diverse and
challenging conditions encountered on modern video platforms,
underscoring the demand for more advanced multilingual text
recognition models. The Multi-language Video Subtitle Dataset
provides a robust basis for developing and assessing deep learning
approaches aimed at enhancing the accuracy and efficiency of
subtitle recognition across multiple languages.

Index Terms—connectionist temporal classification, convolu-
tional neural network, deep learning, feature extraction, long
short-term memory network, text recognition, transformer, word
beam search

I. INTRODUCTION

Image-based text recognition is a fundamental task in com-
puter vision and pattern recognition that focuses on extracting
textual information from visual media such as images and
video frames. This technology supports numerous real-world
applications, including real-time translation systems, assistive
tools for visually impaired users, multimedia content indexing,
and large-scale document digitization [1], [2]. Among these
applications, subtitle recognition in video sequences remains
particularly challenging due to substantial variability in lan-
guage scripts, typographic styles, background complexity, and
temporal inconsistencies inherent in dynamic video content.
The presence of multilingual subtitles, frequent motion blur,
and low-resolution frames further compounds this complexity,
necessitating robust and context-aware recognition models
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capable of maintaining high accuracy under adverse visual
conditions [3], [4].

Modern scene text and subtitle recognition represent a sig-
nificant departure from traditional optical character recognition
(OCR) approaches. Traditional OCR methods, which assume
clean and well-structured scanned documents, struggle under
uncontrolled imaging conditions such as variable illumination,
geometric distortion, motion blur, and background clutter.
Consequently, the field has transitioned from rule-based tech-
niques and handcrafted features to deep learning architectures.
Convolutional neural networks (CNNSs), recurrent neural net-
works (RNNs), and transformer-based attention models have
become core components of end-to-end learning frameworks
that capture both spatial and contextual dependencies in com-
plex visual environments [1], [2], [5], [6].

Multilingual subtitle recognition presents additional com-
putational challenges, requiring effective handling of diverse
script systems including Latin, Thai, Arabic numerals, punc-
tuation marks, and specialized characters [3]. Recent studies
have explored solutions through language-agnostic encoder
architectures, self-attention mechanisms, and large-scale mul-
timodal training datasets [7]. However, significant challenges
remain in real-world video applications, where subtitle text
frequently overlaps with dynamic scene content, experiences
occlusion from complex backgrounds, or appears in mixed
multilingual formats.

The growing demand for high-precision, real-time subtitle
recognition has accelerated the development of specialized
datasets. Singkhornart et al. [3] and Gonwirat et al. [8]
introduced multilingual subtitle corpora that enable robust
cross-linguistic model training, whereas Degtyarenko et al.
[4] proposed a subtitle detection and recognition framework
optimized for deployment on mobile devices.

To further advance research in computer vision and OCR,
this work presents the Multi-language Video Subtitle Dataset,
a multilingual resource comprising text images extracted
from real-world video subtitles. The dataset includes Thai
characters, English alphabets, and Arabic numerals, system-
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atically collected to represent authentic conditions in video
environments. By capturing natural diversity in typographic
styles, script composition, background complexity, and spatial
arrangement, it offers a valuable benchmark for developing
and evaluating advanced subtitle recognition models.

II. RELATED WORK

Recent research in text image super-resolution and recog-
nition has introduced specialized deep learning frameworks
designed to improve accuracy and robustness in complex scene
environments.

Feng et al. [9] proposed the text prior guided-dual attention
network (TPG-DAN), a super-resolution framework designed
to enhance degraded scene text images. The architecture
incorporates a text prior module that directs network attention
toward textual regions, thereby improving feature representa-
tion quality in compromised text areas. The framework em-
ploys dual complementary attention mechanisms: a sequence
attention module for modeling character-level sequential de-
pendencies, and a local attention module for refining fine-
grained spatial details within character boundaries. Experi-
mental validation on the TextZoom benchmark demonstrated
improvements in recognition accuracy across varying diffi-
culty levels (easy, medium, and hard subsets). Their proposed
method achieved significant gains in recognition accuracy on
the benchmark dataset and exhibited strong generalization
on the ICDAR2015 and Street View Text datasets, which
demonstrates effectiveness across diverse real-world scene
conditions.

Ying et al. [5] introduced the sequence-based scene text
super-resolution (STSR) framework to address the limitations
of conventional super-resolution methods in reconstructing
structured textual content. The proposed architecture integrates
a novel bi-directional text sequential block, which explicitly
models bidirectional character dependencies within text se-
quences. To enhance text integrity preservation, a special-
ized text sequential loss function was formulated to maintain
semantic consistency while optimizing recognition accuracy
during training. Experimental evaluations on the TextZoom
dataset demonstrated that STSR achieved superior perfor-
mance relative to baseline methods in both perceptual quality,
measured by structural similarity index measure, and scene
text recognition accuracy.

Li et al. [1] introduced TrOCR, a transformer-based OCR
framework that employs a pure transformer encoder-decoder
architecture, eliminating dependence on traditional CNN-RNN
hybrid designs. The framework utilizes a vision transformer
(ViT) encoder to extract hierarchical visual features from
image patches, combined with a transformer decoder for
sequential text generation. The model employs large-scale pre-
training on synthetic and real-world datasets comprising both
printed and handwritten text, followed by task-specific fine-
tuning to enhance cross-domain generalization capabilities.
Comprehensive evaluations on established benchmarks includ-
ing IAM Handwriting Database, SROIE, and ICDAR datasets
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Fig. 1: Examples of Thai Language Text Recognition OCR
Dataset.

demonstrated state-of-the-art recognition accuracy with en-
hanced robustness to visual degradations such as noise, motion
blur, and low-resolution inputs.

In the domain of Thai text recognition, publicly available
datasets remain limited in both scope and diversity. One
of the most widely used resources is the Thai Language
Text Recognition OCR Dataset [10], available on the Kaggle
platform. This dataset consists of synthetically generated text
images containing both Thai and English scripts, designed
to simulate scene text conditions commonly encountered in
real-world applications. Image synthesis is performed using
the text_renderer tool, which provides extensive configuration
options for parameters such as character spacing, text curva-
ture, and text orientation (horizontal or vertical), as illustrated
in Fig. 1. These features support the generation of visually
complex text images with diverse typographic styles and
background variations, making the dataset highly suitable for
training robust models capable of generalizing to realistic Thai
textual content.

The Handwritten Scripts from Thai Ancient Archives
dataset focuses exclusively on historical Thai handwriting
presented on uniform white backgrounds, as illustrated in Fig.
2a. Although it is valuable for cultural heritage preservation,
this dataset is not designed for modern scene text recogni-
tion tasks. These limitations underscore the urgent need for
comprehensive, multilingual, and visually diverse datasets that
more accurately represent the complexities of real-world Thai
text recognition across both printed and handwritten modalities
[11].

Additionally, the BEST2019 dataset, developed by the
National Electronics and Computer Technology Center
(NECTEC), serves as a benchmark resource for Thai hand-
writing recognition research. It provides sentence-level hand-
written samples with detailed Unicode annotations, specifically
addressing linguistic and structural challenges inherent in Thai
script [12]. While the dataset offers significant value for
advancing handwriting recognition methodologies, it remains
constrained by monochromatic backgrounds (typically white)
and contains only Thai script, which limits applicability in
multilingual or natural scene contexts. Fig. 2b presents exam-
ple images from the BEST2019 dataset.
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Fig. 2: Examples of Thai handwritten datasets: (a) Thai
Ancient Archives and (b) BEST2019.

III. THE MULTI-LANGUAGE VIDEO SUBTITLE DATASET

A. Background

The exponential growth of video content on platforms such
as YouTube and Facebook has transformed these channels into
primary communication media, particularly among younger
demographic groups. Consequently, traditional television net-
works have increasingly adopted these platforms to distribute
high-quality content to broader, digitally engaged audiences. A
substantial portion of this content incorporates subtitles, which
serve several critical functions related to accessibility and con-
tent comprehension. Subtitles provide essential accessibility
features for individuals with hearing impairments by delivering
textual representations of audio information. In addition, they
help overcome language barriers for non-native speakers and
mitigate audio quality limitations that may arise in various
viewing environments.

To support research in this domain, the proposed dataset
focuses on extracting subtitle text from real-world videos
available on YouTube and Facebook, with an emphasis on
multilingual content in Thai and English. The subtitle images
often include a combination of Thai characters, English letters,
and Arabic numerals, typically presented against visually
complex and diverse backgrounds. These conditions introduce
significant challenges for recognition models, including issues
related to font variability, text curvature, inconsistent character
sizes, and low contrast. The inherent complexity of this dataset
demonstrates the need for high-quality annotated resources
that enable the development of robust deep learning models

capable of accurately recognizing subtitles under real-world
conditions.

To support research in this area, the proposed dataset
focuses on extracting subtitle text from real-world videos
available on YouTube and Facebook, specifically targeting
multilingual content in Thai and English. The subtitle images
frequently contain a combination of Thai characters, English
letters, and Arabic numerals, often presented against visually
complex and varied backgrounds. These conditions pose sub-
stantial challenges for recognition models, including issues
related to font variability, text curvature, inconsistent sizing,
and low contrast. The complexity of this dataset highlights
the need for high-quality, annotated resources that facilitate
the development of robust deep learning models capable of
accurately recognizing subtitles under real-world conditions.

This dataset provides a comprehensive resource for re-
searchers in computer science and related fields to advance
subtitle text recognition studies, with objectives focused on
improving both recognition accuracy and computational ef-
ficiency. It provides a robust foundation for implementing
and evaluating diverse deep learning architectures, thereby
driving progress in multilingual text recognition research under
realistic operational conditions.

B. Data Description

The subtitle images were systematically collected from
YouTube and Facebook between October 2020 and January
2021, focusing on videos containing embedded subtitle con-
tent. During the initial phase, data acquisition targeted subtitle
text located in the lower region of video frames. However,
further analysis revealed that many videos, particularly those
from news broadcasting channels, contained additional graph-
ical text elements distributed across multiple screen regions.
As a result, the collection scope was expanded to include
lyric videos and other content with multi-line textual elements
positioned in central screen areas.

The Multi-language Video Subtitle Dataset is a comprehen-
sive resource containing multilingual subtitle text extracted
from 24 online videos. The videos were decomposed into
individual frames, yielding 4,224 images at a resolution of
1280 x 720 pixels per frame. Among these, 2,700 images
containing subtitle text were manually annotated to ensure
high labeling accuracy. The dataset includes bilingual textual
content in Thai and English, dual numeral systems (Thai
and Arabic), and special characters, resulting in 157 distinct
character classes, as summarized in Table I. All images are
provided in RGB JPG format and are publicly available via the
Mendeley Data repository: https://data.mendeley.com/datasets/
2j8d88h2g3/2 [13]. Each image filename follows a standard-
ized naming convention that includes a unique identifier and
the corresponding ground truth label.

In addition to linguistic diversity, the dataset exhibits sub-
stantial variation in typographic and visual characteristics.
Subtitle text appears in different fonts, sizes, colors, and line
arrangements, often combining Thai and English characters
with numerical content. It is rendered against backgrounds
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TABLE I: Character types and characters in the Multi-
language Video Subtitle Dataset.

Character Types Characters
Thai Consonant NTTIAANIIAT T UL Y
gnmamaaansuyUnew
ANNVEIRIAVIRAWD T
Vowel
Tone
Punctuation mark | q o ¢f
Numeral cuamc b dddo
Roman Character ABCDEFGHIJKLM
NOPQRSTUVWXYZ
abcdefghijklm
nopqrstuvwsxyz
Arabic Numeral 1234567890
Special character LU () -8B &2 ” 7 (space)

ludmrilier en wowalanwssmnsonno e nsmas

andumuikto “wulauwduduy inniasl

435,520,000 uan

HOW COULD | JUST GLEEFULLY COMPLY PLACIDLY?

[ UL "'Lu. \"'
MiQURMAUINE]
Brerilin
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Fig. 3: Sample images from the Multi-language Video Subtitle
Dataset.

ranging from simple, uniform surfaces to visually complex
scenes containing dynamic elements. These characteristics
closely replicate real-world conditions and establish the dataset
as a valuable benchmark for developing and evaluating robust
OCR models. Figure 3 presents example images from the
Multi-language Video Subtitle Dataset.

C. Distribution of Characters and Subtitle Images

Basic character statistics were calculated based on the
generated subtitle images and labels, as shown in Fig. 4 and
Fig. 5.

Fig. 4 illustrates the distribution of subtitle images rela-
tive to the number of characters per image. More than 80
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Fig. 4: Number of subtitle images (y-axis) relative to the
number of characters per image (x-axis).
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Fig. 5: Distribution of subtitle image width (blue color) and
height (red color) in pixels (z-axis) relative to the number of
subtitle images (y-axis). Viewing in color is recommended for
better clarity.

subtitle images contain between 10 and 40 characters, which
corresponds to the typical subtitle length. In contrast, only a
small number of images contain fewer than 10 or more than
40 characters, highlighting the need for balanced training to
ensure models can effectively recognize both short and long
subtitles.

Fig. 5 presents the frequency distribution of image dimen-
sions. The red line, representing image height, shows a distinct
peak at lower pixel values, indicating that most subtitle images
have relatively small heights. The blue line, representing image
width, exhibits a broader distribution, with values extending
up to 1,200 pixels. In addition to image size variability,
character sequence lengths also differ considerably, ranging
from single-character instances to sequences of approximately
80 characters. Notably, about 80 images (1.9% of the dataset)
contain subtitle text sequences between 10 and 40 characters
in length, which corresponds to the typical range for subtitles.

IV. EXPERIMENTAL DESIGN AND METHODS

A. Evaluation Metrics

1) Character Error Rate (CER): The Character Error Rate
was employed as the primary evaluation metric for recognition
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performance [14], [15]. It quantifies the proportion of incor-
rectly recognized characters relative to the total number of
characters in the ground truth text and is defined as:

I+S+D
CER = ~ ey
where I denotes the number of inserted characters, S denotes
the number of substituted characters, D denotes the number
of deleted characters, and N denotes the total number of
characters in the reference (ground truth) text.

The CER metric provides a fine-grained evaluation at the
character level, enabling more sensitive detection of recogni-
tion errors than word-level metrics. This metric is language-
independent, enabling consistent application across diverse
linguistic systems regardless of whether explicit word bound-
aries are present. Character Error Rate (CER) is particularly
effective for evaluating short text recognition tasks, such as
license plate identification or numerical code extraction, where
even small errors can significantly reduce overall accuracy.
Furthermore, it provides a clear and interpretable measure by
quantifying the average proportion of character-level errors,
a quality that has contributed to the widespread adoption of
this metric as a benchmark in both OCR and handwriting
recognition research.

2) Word Error Rate (WER): The Word Error Rate (WER)
is a widely used evaluation metric in text image recognition
that operates at the word level. It measures the proportion of
incorrectly recognized words relative to the total number of
words in the ground truth text [14], [16]. The WER is formally
defined as:

I+S+D
WER = N 2)
where I is the number of inserted words, S is the number of
substituted words, D is the number of deleted words, and N
denotes the total number of words in the ground truth text.

WER provides several advantages for evaluating recognition
performance. It measures output quality at the word level
rather than the character level, making it particularly valuable
for natural language sentences where semantic accuracy is
essential. Since isolated character errors may not alter lexical
meaning [14], WER offers a more meaningful assessment
in such contexts. Additionally, its extensive use in speech
recognition enables direct comparison of text recognition
performance across different domains.

3) Word Accuracy (WA) and Character Accuracy (CA):
Recognition performance can also be evaluated in terms of
accuracy rather than error rates [17], [18]. Word Accuracy
(WA) and Character Accuracy (CA) are defined as the com-
plementary measures of WER and CER, respectively, and are
expressed as follows:

WA= (1-WER) x 100% 3)
CA = (1-CER) x 100% (&)

These metrics provide a more intuitive interpretation by
directly reporting the percentage of correctly recognized words
or characters. While WER and CER emphasize the proportion
of errors, WA and CA focus on correct predictions, which
makes them easier to interpret in evaluation contexts.

B. Experimental Design

Deep learning methods, such as convolutional neural net-
works (CNNs) and long short-term memory (LSTM) networks,
have been proposed to evaluate model performance using
the Multi-language Video Subtitle Dataset [13]. In 2022,
Singkhornart and Surinta [3] introduced a CNN-LSTM ar-
chitecture where the output utilized connectionist temporal
classification (CTC) as the loss function to compute the loss
value and decode the predictions. The modified VGG19 was
employed as the CNN backbone, resulting in a character error
rate (CER) of 9.36%.

Gonwirat et al. [8] proposed the FusionCNNs-LSTM ar-
chitecture to extract more robust temporal features from the
subtitle images. Their approach integrated the fusion of VGG-
sl and VGG-s2 architectures, where s represents the stride
number, using an additive operation. They also compared two
decoding algorithms, CTC and word beam search (WBS), for
decoding the output. Their experimental results indicated that
WBS outperformed the CTC algorithm, with the FusionCNNs-
LSTM achieving a CER of 5.29% on the test set.

Additionally, Jarutan et al. [6] proposed a text recognition
framework focusing exclusively on English letters and Ara-
bic numerals. Their method combines two CNN models via
concatenation, followed by a BiGRU network. The BiGRU
output is then processed using the connectionist temporal clas-
sification (CTC) loss. Since this framework does not always
achieve a CER of zero, the authors incorporated a language
model, specifically a Seq2Seq model, to post-process the CTC
output, generating predicted text with a lower CER.

V. CONCLUSION

The Multi-language Video Subtitle Dataset was developed
to address the scarcity of high-quality resources for multi-
lingual subtitle recognition research. It represents real-world
operational conditions where Thai, English, and numerical
characters frequently co-occur within visually complex back-
ground environments. The dataset introduces challenges in
font variability, character length, spatial placement, and mixed-
language composition, thereby providing a rigorous testbed for
evaluating recognition models under realistic conditions.

This resource provides systematic benchmarking of deep
learning architectures and encourages the development of
recognition frameworks capable of generalizing across het-
erogeneous linguistic and visual contexts. Future research
directions include expanding the dataset by incorporating
additional languages and increasing the volume of annotated
imagery, which will further enhance the overall utility of
the resource. Moreover, textual information with audio or
video context represents a promising avenue for improving
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the robustness and accuracy of multilingual OCR systems in
practical multimedia applications.

The complex characteristics of the dataset calls for advanced
recognition methodologies. To enhance feature robustness, a
multi-layer adaptive spatial-temporal feature fusion network
(ASTFF) [19] can be employed to extract spatial-temporal
features before passing them to the decoding algorithms.
For decoding itself, beam search explores multiple candidate
sequences simultaneously and retains the sequences with the
highest cumulative probabilities. Compared with greedy de-
coding in CTC, beam search offers several advantages for
text recognition by considering sequence-level probabilities,
thereby improving accuracy, particularly for longer or more
complex text sequences [20].

In addition to decoding optimization, additional methodolo-
gies have been developed to address the diverse challenges
of multilingual text recognition. Techniques such as LISTER
[21], CLIPTER [22], class-aware mask-guided networks [23],
TrOCR [1], and DLoRA-TrOCR [24] have been proposed
to handle varying text lengths and challenging conditions,
including handwritten, blurred, and noisy text. These methods
not only aim to improve recognition accuracy but also focus on
computational efficiency, with particular emphasis on reducing
processing costs.
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