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The growing demand for multilingual text and script detection in

video scenes across media, education, and surveillance requires
accurate real-time recognition despite challenges such as dynamic
environments, diverse scripts, low-resource languages, complex
layouts, and ethical concerns. This review compares CNNs, RNNs,
transformers, and hybrid models in terms of performance,
advantages, limitations, and applications. A systematic review of
studies published from 2012 to 2024 was conducted using IEEE
Xplore, ACM Digital Library, and Google Scholar. Studies were
included based on relevance to deep learning-based multilingual
text detection, text recognition, or script recognition in video-scene
environments and the availability of quantitative evaluation results.
Findings highlight the potential of hybrid architectures, particularly
Mask TextSpotter v3, for end-to-end text spotting. However, cross-
study comparison is limited by variations in datasets, evaluation
protocols, and reporting practices. A total of 58 studies met the
eligibility criteria. Key trends include cross-lingual transfer
learning, multimodal integration, and contextual understanding,
while future directions include self-supervised learning, privacy-
aware recognition, and NLP-integrated systems. ©authors.
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1. Introduction

Video scene analysis as a technology has
therefore become invaluable especially in
today’s increasingly visual environment. Be it
in strengthening the safety of self-driving cars
or more effective content filtering and more
readily available subtitles for video content,
the extraction of meaningful information
from videos comes into highest demand
(Dong et al, 2022). Since the core
technologies of this field such as computer
vision, machine learning, and artificial
intelligence have emerged in recent years, this
field has expanded dramatically. As extended
uses, applications are found in surveillance
and security, analysis of sports performance,
and in providing richer media experiences
(Moeslund et al., 2017) .

In this review, different text processing
tasks are distinguished as follows. Text
detection refers to identifying and localizing
text regions within images or video frames.
Text recognition refers to converting detected
text regions into readable character
sequences. Script identification refers to
determining the writing system of the
detected text, such as Latin, Arabic, Chinese,
or Devanagari, whereas script recognition
refers to recognizing textual content across
different  writing  systems.  Language
identification refers to determining the
language associated with the detected or
recognized text. Although these tasks are
closely related and may be integrated within
end-to-end systems, they represent distinct
processing stages and should not be used
interchangeably.

Within this broader field, the detection and
recognition of text in multilingual and multi-
script environment are a challenging issue.
Issues such as font differentiations based on
language, script, and writing style or right to
left text orientation, background complexity,
and camera motion make this task complex.
Real-time processing conditions pose even
higher risks to the needless misinterpretation
of meaning and its subsequent detrimental
consequences for system performance,
especially when processing varies contexts of
language and vision (Merino- Gracia &
Mirmehdi, 2014; Sassu et al., 2021) .

Deep learning has recently transformed
video  scene  analysis, specifically,
multilingual text detection and script
recognition. Since deep neural networks are
capable of learning hierarchical feature
representations, DNNs have shown great
enhancements over conventional approaches
that barely enabled addressing the feature
complexity of video environments (X. Liu et
al, 2019). Recent architectures like
Convolutional Neural Network (CNNs),
Recurrent Neural Network (RNNs) and
transformers have contributed a lot to text
detection and recognition methods (Mehrish
etal., 2023; Mirza et al., 2020).

With the growing number of videos being
created in recent years, there are explosive
requirements on video scenes related to multi-
lingual text detection and script recognition in
various applications such as media,
educational, and surveillance. However,
challenges that remain, such as dynamic
environments and diversity of scripts, limited
languages and complexity of the layout for
challenges related to real-time processing,
scalability, and robustness. In many such
instances, traditional approaches simply don't
work—and in particular for occlusion, motion
blur or multiple-language text scenarios. As
such, the current limitations are being
addressed using deep learning techniques, and
a much more efficient, real-time scalable
solution to this problem, namely video scene
analysis on multilingual scenes, is achieved.

In this paper, we focus on the recent
developments in multilingual text detection
and recognition in video scene scripts using
deep learning. State-of-the-art architectures,
such as CNNs and RNNs, transformers and
hybrid  models  together  with  their
applications, advantages and limitations will
also be covered. It tackles some of the basic

challenges in the area, including low
resolution, motion  blur, cross-lingual
adaptation, and highlights new trends
including cross-lingual transfer learning,
multimodal data integration and self-

supervised learning. The aim of this study is
to present actionable suggestions for the
creation of a reliable, efficient and flexible
system for text recognition in multilingual
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video scenarios, which is synthesized from
the literature.

Existing surveys have primarily focused
on general scene text detection and
recognition, including image-based
benchmarks and individual recognition tasks.
However, limited attention has been given to
the combined analysis of multilingual text
detection, script recognition, and video scene
environments. This review addresses this gap
by systematically analyzing deep learning-
based approaches from 2012 to 2024, with
emphasis on multilingual capabilities, video-
based challenges, datasets, evaluation criteria,
and emerging research directions.

The main contribution of this review is the
systematic  synthesis of deep learning
approaches for multilingual text detection and
script recognition in video scenes. Unlike
previous surveys that primarily focus on
general scene text detection or recognition,
this study provides an integrated analysis of
architectures, multilingual datasets,
evaluation metrics, application challenges,
and future research trends. The review also
establishes a comparative framework to
analyze model capabilities, limitations, and
research gaps in multilingual video text
processing.

The paper begins with an introduction
outlining the challenges of multilingual text
detection (MTD) and script recognition. The
Literature Review summarizes developments
in CNNs, RNNs, transformers, and hybrid
models. The Methodology section describes
the systematic review process and study-
selection criteria. The Results and Discussion
section presents models, datasets, evaluation
metrics, and key challenges, while the
Conclusion summarizes the major findings,
limitations, and future research directions.

2. Literature Review

In this paper, the latest developments in
multilingual text detection and script
recognition in video scenes are discussed. It is
focussed on the recent deep learning models,
architectural improvement and applications as
illustrated in figure 1. We developed key
techniques: CNNs (EAST, TextBoxes++),
RNNs (CRNNs for  spatial-temporal
modeling), transformers (DETR for dense

scenes), and hybrid models (Mask
TextSpotter v3).
To address issues of low-resolution,

motion blur, text orientation and occlusion,
innovative methods including ESRGAN,
deblurring  networks, and  attention
mechanisms are used. This can be used in
real-time production of subtitles, translation
in augmented reality, assistive technology and
document digitization. Thus, this analysis is
used to point out some of the strengths and
weaknesses of the existing methods as well as
to provide directions for future work.

The development of multilingual text
detection and script recognition approaches
has progressed through different stages
during the 2012-2024 period. Early research
mainly focused on CNN-based architectures
for feature extraction and scene text detection,
providing improved visual representation
compared with traditional approaches. Later
studies introduced RNN-based and CRNN
architectures to model sequential text
information and improve recognition in
dynamic environments. With the
advancement of transformer-based
architectures, researchers explored global
contextual modeling and improved handling
of complex text layouts. Recent studies have
further investigated hybrid architectures,
multimodal learning, transfer learning, and
self-supervised approaches to address
challenges related to multilingual scenarios,
low-resource scripts, and real-time video text
processing.

2.1 Deep Learning Techniques in Text Detection
in Video Scenes

This  section  introduces  detailed
description of the deep-learning-based
methods for text detection in video scenes:

Convolutional Neural Networks (CNNs):
Convolutional Neural Networks can be used
in text detection tasks in video scenes due to
their spatial representation capabilities. There
are several interesting models, such as EAST
(Lu et al., 2021; X. Zhou et al., 2017) and
TextBoxes++ (Liao et al., 2018). EAST is a
fully convolutional network, which relies on
pre-trained backbones such as VGG16 and
ResNet and hence is suitable for video
surveillance, but is not ideal for small fonts



and complex layouts (Lu et al., 2021; Mayank
et al., 2021; Xiang & Luo, 2020; X. Zhou et

2017). TextBoxes++ extends the SSD
framework to detect oriented and curved text
using specialized text-box layers and text-
aware non-maximum suppression (NMS),
although it can be computationally expensive.
(Liao et al., 2018; Lu et al., 2021; Xiang &
Luo, 2020; Xue et al., 2021). Each has its
unique strengths and weaknesses, as
described in Table 1.

Table 1. Comparative Analysis

Feature EAST TextBoxes++
Approach End-to-end detection Extended SSD
framework
Orientation Limited to rotated Supports arbitrary
Handling bounding boxes orientations

Loss Function

Composite
(segmentation +
regression)

Regression with
specialized anchor
boxes

NMS General-purpose Text-specific
Real-Time High Moderate
Performance
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Figure 1. Literature Review Framework for Text Detection and Recognition
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Recurrent Neural Networks (RNNSs):
RNNs, especially LSTMs, are well adapted to
model the temporal dependencies existing in
video sequences, which benefits text
detection tasks in dynamic scenes. CRNN,
which combines the CNN with a bidirectional
LSTMs structure, is proficient in extracting
spatial-temporal features of text and highly
suitable for any task such as captions,

security, and live-stream text recognition (H.
Lietal., 2017; Y. Wangetal., 2018; Yu et al.,
2019). As CRNN achieves high performance
by handling challenging scenes like occluded
text, it is relatively computationally
demanding and needs proper optimization. Its
key strengths and challenges are reported in
Table 2.

Table 2. Key Strengths and Challenges of CRNNs in Video Text Detection

Aspect CRNN Approach
Combines spatial and temporal modeling for robust text detection.
Strengths Effective for handling occluded, blurred, or sequential text information.
Bidirectional LSTMs enhance context understanding in both time directions.
Computationally intensive due to recurrent layers and multi-frame processing.
Challenges - — - ——
Requires careful optimization for real-time or large-scale applications.
Applications | Automatic subtitle generation, real-time text recognition in videos, and content analysis.

2.2 Transformer-based Models

DETR (DEtection TRansformer) was
originally introduced as a transformer-based
framework for general object detection, using
a CNN backbone, transformer encoder-
decoder architecture, and object queries. Its
ability to model global relationships has
motivated  subsequent adaptations  for
specialized vision tasks, including scene text
analysis.  In multilingual video text
processing, DETR-based approaches require
task-specific modifications, such as text-
oriented detection heads, temporal modeling
strategies, or integration with recognition
modules, to address the characteristics of
video text scenarios. (Carion et al., 2020;
Liang et al., 2022; Yang et al., 2022; Q. Zhou
et al., 2023). Without object queries, DETR
achieves good performance in terms of
oriented and scaled text because of the
receptive field of self-attention. DETR-based
approaches have shown advantages in

modeling global contextual relationships and
handling complex visual layouts. Their
effectiveness depends on the dataset, training
strategy, and evaluation protocol used in each
study. DETR itself was originally designed
for single-image object detection and does not
inherently perform temporal reasoning across
video frames. For video text detection
scenarios, DETR-based approaches require
additional  temporal  modules, frame
aggregation strategies, or video-specific
adaptations to exploit information across
consecutive frames. Therefore, improvements
in handling occlusion and motion blur should
be attributed to these extended architectures
rather than the original DETR framework
alone. This makes it possible for use in
activities such as subtitled video and video
content recognition of content. The summary
of the strength and challenges of DETR for
VT detection are highlighted in table 3.

Table 3. Potential Role and Challenges of DETR-based Architectures in Scene Text and Video Text Analysis

Aspect

DETR Approach

Global context modeling using self-attention.

Robust to variations in text scale, orientation, and layout.

Strengths

Effective in dense and cluttered scenes.

Can provide global contextual modeling through self-attention; temporal reasoning requires
additional video-specific extensions.

Computationally intensive due to the transformer architecture.

Challenges

Requires significant training data for optimal performance in video-specific tasks.

Applications

Potential applications in scene text analysis and video text systems when combined with task-
specific adaptations.

Hybrid text spotting approaches, such as
Mask TextSpotter v3, integrate detection and
recognition components within an end-to-end
framework. These models have demonstrated
competitive performance in scene text

spotting benchmarks by combining visual
feature extraction, contextual modeling, and
character recognition. However, performance
improvements depend on the dataset
characteristics, evaluation metrics, and

5



experimental settings used in each study.
Therefore, comparisons between hybrid
models and previous approaches should be
interpreted based on reported quantitative
evaluations rather than general assumptions
of superiority.

The model further has the advantage of
allowing segmentation branch accuracy to
pixel levels, which enables precise
segmentation, especially in more complicated
text patterns. Although computationally
demanding, Mask  TextSpotter  v3
demonstrates strong capability in end-to-end
scene text spotting by combining text
detection, segmentation, and recognition.
However, its reported evaluations are
primarily based on scene text spotting
benchmarks, and its direct applicability to
multilingual video environments requires
additional adaptation and validation, as

shown in Table 4.
Table 4. Key Strengths and Applications of Mask
TextSpotter v3
Description
Combines the precision of segmentation with
the contextual understanding of transformers
and RNNs.
Effective in detecting text with varying
orientations, scales, and layouts.
Excels in recognizing text sequences and
handling overlapping or cluttered text regions.
Increased computational complexity due to the
integration of multiple components.
Requires significant training resources for
video-specific tasks.
Scene text spotting, text recognition, and related
visual text analysis tasks. Adaptation may be
required for multilingual video-scene
applications.

Aspect

Strengths

Challenges

Applications

Advanced Methodologies and Models for
Overcoming Challenges in Video Text
Detection: Such challenges as low resolution,
motion blur, and text orientation are solved
through methodologies, for example, multi-
scale detection in FPN and the use of
ESRGAN in  low-resolution  frames
enhancing (ALTUN & TALU, 2019; He et
al., 2023; Lin et al., 2017; Shocher et al.,
2020; X. Wang, Yu, et al., 2019). For motion
blur, deblurring networks along with multi-
frame integration solve such cases, whereas
CNNs which are rotation invariant handle
dynamic scenes, and spatial transformation
and attention-related mechanisms can
improve robustness to geometric variations
and complex visual conditions (Cheon et al.,
2022; Finnveden et al., 2021; Zhan & Lu,

6

2019). CRAFT and other curved text
detection approaches have demonstrated
effectiveness in handling irregular text
shapes. More sophisticated approaches like
DB and ABCNet also enhance accuracy for
challenging scenarios of orientation variation
and different resolutions (Baek et al., 2020;
Dueire Lins et al., 2019; Y. Liu et al., 2020,
2021). All these improvements greatly
enhance robustness and precision in video
text detection.

In multilingual video text analysis, several
related but distinct tasks are involved. Text
detection refers to locating text regions within
video frames, whereas text recognition
focuses on converting detected text regions
into readable character sequences. Script
identification determines the writing system
of the detected text, while language
identification determines the associated
language. Recent vision and language models
are often used as supporting components
rather than complete video text recognition
systems. Their relevance lies in providing
visual representations, multilingual language
understanding, or cross-modal alignment that
can be integrated into end-to-end text
detection and recognition frameworks.

2.3 Script Recognition in Multilingual Contexts

Feature Extraction Techniques: Some of
the script recognition systems use these CNNs
such as ResNet and DenseNet to extract,
features from the video frames viably. New
techniques like the Advanced CNNs perform
well in learning script specific features across
the languages it is trained from the stroke
level features to script level features CNN-
based feature extraction methods have been
widely adopted in script identification and
scene text recognition because they can learn
hierarchical visual representations from text
regions. Attention mechanisms further
improve feature selection by emphasizing
informative spatial regions and character-
level features, particularly in complex text
environments involving variation in scale,
orientation, and background conditions (Xu et
al., 2020). It is important to understand that
transfer learning approaches have been very
useful in the training of CNNs, as the
proposed models are fine-tuned from pre-
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trained models, and in few-resource language
this reached almost state of the art results due
to limited annotated data EfficientNet
provides a scalable convolutional feature
extraction  framework  that  balances
computational complexity and model
capacity. However, its effectiveness for
multilingual script recognition depends on
task-specific training data, script diversity,
and evaluation protocols.  Therefore,
EfficientNet should be considered a general
visual backbone rather than a dedicated script
recognition method. Feature extraction
remains important even today, especially for
retaining the feed-forward text character in
video recognition systems.

Script  recognition  and  language
identification are related but distinct tasks. A
script represents the writing system used to
represent text, whereas language
identification determines the linguistic
identity of the text content. Therefore,
different languages may share the same script,
and some languages may be represented using
more than one script depending on historical,
regional, or application-specific contexts. In
multilingual video text analysis, models and
datasets should be classified according to
whether they address script identification,
language identification, text detection, or text
recognition.

Sequence Modeling Approaches:
Temporal Information in the Video Scenes is
localized using  sequence  modeling
approaches. The bidirectional LSTMs are
effective for the temporal property of the text
in script matching in frames because they
establish context in both the past and the
future. Temporal attention mechanisms can
emphasize informative frames and support
modeling of temporal dependencies in video
sequences (Jozefowicz et al., 2015; L. Wang
et al.,, 2018). Here, CNN captures spatial
features and RNN models temporal features
making CRNNs have the ability to capture
spatial temporal features. For better
performance, Advanced AC-GRU uses
sequence attention maps as learned (Y. Wang
et al., 2018; Yu et al., 2019). Transformer-
based architectures contribute differently to
multilingual video text processing depending
on their design. Language models such as

BERT, mBERT, and XLM-RoBERTa
provide multilingual contextual
representations and are mainly used for
language  understanding or text-level
processing. Vision-based models such as ViT
provide visual feature representations, while
vision-language models such as VILBERT
and CLIP learn relationships between visual
and textual information. These models can
support multilingual video text recognition
when integrated with detection and
recognition pipelines, but they do not
independently perform video text detection or
recognition. (Khan et al., 2022; Tao et al.,
2021).

Multilingual Training Strategies: With the
help of multilingual training and with large
data sets, script recognition has developed a
lot. Even when trained in very different
multiple script or multiple language
environments such as Wild SynthText and
ICDAR MLT result in script invariant
features and for Arabic languages and scripts
(Macko et al., 2023; Moosa et al., 2023;
Tuske et al., 2014). Long datasets have been
endeavored to gather in order to improve
machine models, including historical scripts
and endangered scripts. Application of Multi-
task learning can improve multilingual text
processing by jointly optimizing related but
distinct tasks, including script identification,
text recognition, and language classification.
These tasks provide complementary
information but address different aspects of
multilingual video text analysis, and supports
low resource languages. Script-aware
attention and normalization methods help IET
enhance script-specific discriminative feature
learning at the same time of keeping IET
framework language-generic. To enhance the
ability of the models to handle multiple
scripts, curriculum learning which trains them
in a gradual manner with frequency of scripts
ranging from frequent to rare is used. Prior
models have also been very useful especially
in the enhancement of script recognition
systems.

Advancements  through Pre-trained
Models: The recent improvements in pre-
trained models provided a big boost to script
recognition through NLP. Even fine-tuned
models such as mMBERT and XLM-



RoBERTa, where multilingual pre-training is
done, have been found to be successful for
low resource scripts (Gessler & Zeldes, 2022;
Hedderich et al., 2020; Rodrigues da Silva &
Caseli, 2021). The Vision-language pre-
training model such as VILBERT and CLIP
solves the Vision-Text gap, and improves the
multilingual script recognition (Rao et al.,
2022; Sun et al., 2019). Contrastive learning,
and masked auto-encoding—both self-
supervisory approaches, have enhanced
performance particularly in low resource
languages but identifying novel scripts is still
a problem.

Challenges in Zero-shot Script
Recognition: One of the major problems with
script ~ recognition is the  ‘zero-shot
recognition’ in which various alphabets
within a script not seen during training are
recognized during test. However, this is still
in progress as pointed out in previous
literature. Such meta-learning approaches
including in Model-Agnostic Meta-Learning
(MAML) have been used to increase the
potential of the mode to work on new scripts
with less training time (Fernando et al., 2018;
Huisman et al., 2021; Yue et al., 2023; Zellers
et al., 2022). Matching Networks and
Prototypical Networks have been used for
few-shot learning of new scripts (Ji et al.,
2020; X. Liu et al., 2022). Other techniques,
such as Generative models, including GANS,
along with better style transfer improves the
zero-shot recognition (Diao et al., 2023; X.
Liu et al., 2022; Souibgui et al., 2022). The
described approach, which concentrates on
new scripts, does not contradict the need to
recognize various known scripts.

Cross-script Generalization: Solving the
problems of building subsets of recognition
for scripts involves the ability to read scripts
from different writing systems, as well as
variations within the major forms of a writing
system. As seen, several tags are often written
in  multiple scripts, and consequently,
improving generalization across multiple
scripts for recognition of multilingual script is
imperative. Thus, the adaptation techniques
have been used to reduce the gap between the
source and target script domains. Adversarial
training methods have attained higher
accuracy across scripts by concentrating on

script related landmarks (Bhunia et al., 2019;
Cheng et al., 2019; L. Kang et al., 2020). The
objective of this paper is to identify
generalized forms of writing systems and
enhance the stability of the model using
methods such as script-blinded stroke
analysis and morphing that preserve graph
connectivity. Recent development includes
the networks for script invariant features
while having direct script knowledge. Some
of the data augmentation techniques like
MixUp and CutMix have been found to be
useful in teaching the model script-invariant
characteristics (D. Guo et al., 2020; Wu et al.,
2021; Yin et al., 2021). Strategies such as
gradual fine tuning and layer wise adaptions
enhance cross-script transfer learning from
high resource scripts to low resource scripts.

As discussed in this section, script
recognition in multilingual environments has
advanced from simple feature extraction to
advanced methods tied to deep learning,
transfer learning, and cross-scripting. These
improvements have clearly boosted our
capability to identify and read text in different
writing systems besides having solutions to
difficulties such as zero-shot identification as
well as domain shift. But successful script
identification is just one aspect of script
analysis in the general score of video text
recognition. The peak of these technologies
can be reached only if the technologies used
for text detection and script recognition are
connected. This integration is significant
because they need to build robust systems to
deal with problems in natural, multilingual
video data. The following section will discuss
further how the researchers are making the
text detection or the text recognition as an
end-to-end application for accumulating and
elaborating the textual data in various
scenarios of the video scenes.
2.4. Integration of Text Detection and
Recognition in Videos

This section provides an in-depth overview
of integrating text detection and script
recognition for video scene analysis, focusing
on end-to-end systems, challenges, and
practical applications:

End-to-End Systems / Framework: The
most recent approaches in text and script
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identification focus more on the joint use of
both tasks in End-to-End systems. Some such
models usually employ initial two or more
convolutional layers for feature extraction
and the model is then divided into two streams
for detection and recognition sub-tasks. Such
a structure enables efficiency in the
processing of information and the exchange
of information which in turn increase overall
performance (H. Lietal., 2017). Furthermore,
different tasks integration is applied virtually
in all systems with multitask learning to
perform detection of text and recognition of
script in parallel with possible tasks such as
text line segmentation or language
identification. This helps models to share
parameters and overall performance by
generating similar features from different
related tasks (Vandenhende et al., 2021).
Some of them are used to calculate attention
maps for the features needed for detection and
recognition purposes. Spatial attention
influences the position of text areas and
temporal attention addresses sequential
content; higher complexities of video scenes
are addressed well (Guo et al., 2022).

In  addition, recurrent-convolutional
architectures to integrate CNN in feature
learning with RNN for sequential learning
best suited for image sequence (Donahue et
al., 2017; K. Kang et al., 2018; Ziat et al.,
2017). Transformer based models has also
been used for text detection and recognition
in video using effective mechanisms for
learning long-term dependencies and flexible
input sizes (Han et al., 2023; Khan et al.,
2022).

Challenges: Accuracy of performance is
critical in real time processing, especially for
video stream and is difficult when the videos
are in high-definition format. Other proposals
under consideration to handle this are model
pruning, quantization, and hardware
acceleration. There are a few pros and cons
when it comes to time efficiency: speed and
accuracy should be sacrosanct here since in
real-life problems there are always sequences
where one has to respond quickly and the next
problem solved as soon as possible. As more
language and script types are added, the issues
of scalability become amplified. Further,
maintaining a balance between model

complexity and the throughput in the case of
different writing systems has been tough.
Today’s research is to develop models that
can handle multiple languages, without
needing much  additional  resources.
Sensitivity and specificity are essential, but
consistency in detection plus recognition
across languages, lithography, or visual
conditions is challenging. This is made more
difficult by variability in text features such as,
font, rotation and compound backgrounds etc.
Thus, temporal information in video
sequences can be considered the basis of
possibilities for the improvement of the
detection and the recognition in the
stereoscopic  application.  Adding and
switching  between languages require
different challenges such as values used in
new languages or new scripts like low-
resource language. The required training
strategies that can scale to other writing
systems with limited data include open
architectures. Complex backgrounds with
multiple layers and multiple layers of
obstacles  like illumination  changes,
reflections, and occlusion make it challenging
to detect texts in terms of segmentation and to
recognize them. Furthermore, multi-oriented
and curved text processing is a more complex
problem and needs more sophisticated models
and training. Finally, it makes sense to
achieve a balance between model size and
performance for better efficiency, especially
for deployment on devices or systems with
low functionality.

Successful  Integrated  Systems and
Applications:  Software  platforms  for
automated generation of video
subtitles/subtitles for videotaped

presentations in multiple languages/scripts in
real time as well as real-time processing of
audio and text streams for various types of
videos (Bougares & Jouili, 2022). It should
also be noted that text detection and
recognition technologies are also important
for document digitization, more specifically
for the identification and conversion of large
arrays of documents into machine-readable
format, or general archiving, like preservation
of historical documents and gaining access to
printed media and information search in large
archives (Dar & Khan, 2017). AR translation
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utilizes real time text to translate the signs,
menus, and other texts most frequently
encountered by a learner when roaming or
engaging in cross-cultural interactions
(Kanvinde et al., 2021). Self-driving vehicles
apply text recognition for traffic sign and road
marking that enhance road safety and
Advanced driver-assistance systems (ADAS)
(Guerrieri & Parla, 2022). Employment of
text detection to prevent obscene content on
social media sites improves the safety of the
internet for the general public (Drolsbach &
Préllochs, 2024). These models are used in
assistive technologies for the visually
impaired to read and vocalize environmental
text to gain independence (Dhanjal & Singh,
2019). In e-business, these systems are used
to enhance product categorization and
recommendation mechanisms using videos. It
featured in educational applications such as
translating educative videos, &
creating/editing Quiz application (Taurusta et
al., 2019). In cases of forensic examinations,
such systems help in determining relevant
aspects in the surveillance videos (Blanco-
Medina et al., 2020). Last but not least, laying
the foundation for identifying text hidden in
cultural artefacts and historical videos makes
the data more accessible to researchers
(Agnolucci et al., 2022; Pustu-lren et al.,
2020). Explorations in real-time processing
and high accurate in such systems are
demonstrated in real-time applications. Such
technologies advance by narrowing the
transition between image-based and text-
based systems in videos and human
computer-interaction systems. The progress
in the growth of integrated systems that
combine text detection and recognition
remains an area that effectively solves actual
challenges, ranging from subtitles to assistive
systems. Many a times, building and tweaking
such systems rely on good quality data sets
and evaluation techniques, which is explained
in the next section.

3. Method

This study took a structured and systematic
approach in investigating the state-of-the-art
in multilingual text detection and script
recognition in video scene analysis. In order
to achieve a comprehensive understanding of
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the field and its challenges, each step of the
methodology was designed as shown in figure
2.
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Figure 2. Methodology Steps used for Review Process

3.1 Literature Search and Scope Definition

A systematic literature search was
conducted using IEEE Xplore, ACM Digital
Library, and Google Scholar to identify
studies related to deep learning-based
multilingual text detection and script
recognition in video scene environments. The
search covered publications from January
2012 to December 2024 and was performed
using combinations of keywords related to
multilingual text recognition, video scene
analysis, deep learning architectures, and
script identification. The search terms
included ("multilingual text detection” OR
"scene text recognition” OR  “script
recognition™) AND ("video text" OR "video
scene” OR "dynamic text") AND (“deep
learning” OR "CNN" OR "RNN" OR
"transformer™). Searches were performed in
the title, abstract, and keyword fields where
supported by the respective databases. The
retrieved records were exported, duplicate
records were removed, and the remaining
studies underwent title/abstract screening
followed by full-text eligibility assessment
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according to predefined inclusion and
exclusion criteria shown in table 5

Table 5. Search Queries Used for Literature
Retrieval
Search String
("multilingual text detection" OR "scene text
IEEE recognition) AND ("deep learning" OR CNN

Database

Xplore OR RNN OR Transformer) AND ("video
scene” OR "video text")

ACM ("video text recognition" AND "multilingual

Digital script recognition™) AND ("deep learning

Library models")

Google ("deep learning based multilingual text

detection" OR "script recognition) AND
("video scenes")

Scholar

The database searches initially identified
438 records, including 156 records from IEEE
Xplore, 102 from the ACM Digital Library,
and 180 from Google Scholar. After removing
86 duplicate records, 352 records remained
for title and abstract screening. At this stage,
226 records were excluded because they did
not meet the predefined scope and eligibility
criteria. The remaining 126 full-text articles
were assessed for eligibility, of which 68 were
excluded: 21 lacked multilingual relevance,
18 focused exclusively on static-image
settings without sufficient relevance to video
scenes, 14 did not provide quantitative
evaluation, 9 lacked sufficient
methodological detail, and 6 were review
articles or editorials. Finally, 58 studies met
the eligibility criteria and were included in the
systematic review.

3.2 Criteria for Inclusion and Exclusion

The inclusion and exclusion criteria were
defined to ensure that the selected studies
were directly relevant deep learning-based
multilingual text detection, text recognition,
and script identification/recognition tasks in
video scene environments. Studies were
included if they were published between 2012
and 2024, applied deep learning approaches
for multilingual text detection, text
recognition, or script recognition, and focused
on video scenes, video frames, or dynamic
text environments. Studies were also required
to provide experimental evaluation using
quantitative performance metrics, such as
accuracy, precision, recall,  F-score,
recognition rate, or other relevant evaluation
measures.

Studies were excluded if they focused
exclusively on static-image-based text
recognition without relevance to video scene
analysis, addressed only a single language or
script without multilingual applicability,
lacked experimental validation or quantitative
evaluation, were duplicate publications, or
did not provide sufficient methodological
details for analysis. Review articles,
editorials, and studies outside the scope of
deep learning-based multilingual text
detection and script recognition were also
excluded. These criteria ensured that the
selected studies provided reliable evidence
for evaluating current deep learning
approaches in multilingual video scene text
analysis.

3.3 Data Extraction and Evaluation

Relevant literature was critically analyzed
for extracting relevant information about deep
learning models, architectural improvements,
and applications. Attention was paid to
finding models that support cross-language
and cross-script functionalities. The review
also included performance metrics, properties
of actual datasets employed and restrictions
reported to assess these methods for real-
world applications.

The techniques identified from the selected
studies were categorized based on the
reported model architectures, learning
strategies, and processing approaches. When
a single study employed multiple techniques,
each distinct technique was recorded
separately. Similar approaches were grouped
into broader categories to avoid duplicate
representation.

The relationship analysis was constructed
by identifying the co-occurrence of
techniques reported in the selected studies.
Techniques appearing together within the
same study were considered related and
grouped  accordingly.  The  resulting
visualization  represents  methodological
associations extracted from the reviewed
literature rather than citation-based or author-
based network analysis.

The reviewed studies were compared
based on three main dimensions: scalability,
robustness, and multilingual capability.
Scalability refers to the ability of a method to
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handle  variations in  dataset  size,
computational requirements, and deployment
scenarios. Robustness refers to performance
under challenging conditions such as
variations in text orientation, image quality,
noise, and occlusion. Multilingual capability
refers to the ability of a method to process
multiple languages or scripts. These
dimensions were analyzed based on the
qualitative and quantitative evidence reported
in the selected studies.

3.4 Comparative Framework for Analysis

A comparative tool to compare the
strength and weakness of these identified
models was created. Pairwise comparisons
were done with regard to scalability,
robustness and performance in multilingual
context. Further, datasets and methodologies
were reviewed concerning their available
evaluation to pick up trends, gaps, and overall
potential of all approaches.

The conclusions that came out of the
analysis was a growing emphasis on a
transformer-based model approach. The
analysis included the incorporation of
multimodal data, the trends for self-
supervised learning and generative Al. Some
challenges that were reported throughout this
study were limited solutions with zero-shot
script recognition, difficulties with low-
resource languages, and not easy handling at
complex video layout. Finally, it was the
methodology which was synthesized to give
an overall picture of the current situation. The
study was focused mainly on effective
implementation and their applications in
practice, in addition to summarizing the
existing issues and future research directions.
This research will inspire additional
innovation in text detection and script
recognition in multilingual text by identifying
gaps and the new techniques that are
emerging.

4. Findings

This study is presented in this section,
along with some of the key critical
discussions of multilingual text detection and
script recognition in video scene analysis. It
comprehensively compares different deep
learning models, datasets and methods and
presents the studies in terms of performance,
use and pros and cons. The discussion starts
with comparing the models to demonstrate
how the reviewed studies are efficient and
have issues using a benchmark-schema. After
that, the data sets and benchmarks are
compared and reviewed in a substantial study
on their similarities, generalization, and
applicability to corresponding tasks. Also, all
current issues and concerns left unanswered
along with potential new research direction
are discussed to outline where and how the
field requires change and enhancement to
progress even more. The study gives a multi-
faceted understanding of the advances and
shortcomings of studying consumer behavior
and helps researchers and practitioners.

4.1 Comparative Analysis of Models

Table 6 shows overviews deep learning
methods for text detection in video scenes and
compares models by their primary
characteristics, strengths, and sources
grouped by CNN, RNN, transformers, CNN-
RNN hybrids, and more specific categories.

Direct quantitative comparison among the
reviewed models is challenging because
different studies employ different datasets,
annotation strategies, evaluation metrics, and
experimental  protocols. Therefore, the
analysis focuses on reported results within
each study rather than establishing a universal
ranking among models.

Table 6. Deep Learning Techniques for Text Detection in Video Scenes

Category

Convolutional
Neural Networks
(CNNs)

Technigue/Model Key Features Advantages References
Fully convolutional network, Efficient and accurate, real- (Luetal.,, 2021;
EAST multi-scale feature merging, time performance, suitable Xiang & Luo,
task-specific branches for text for multi-oriented text 2020; X. Zhou et
region and vertex localization. detection. al., 2017)
Single-shot detector with Robust to arbitrary text _
novel anchor boxes and orientations. efficient single- (Liao et al.,
TextBoxes++ regression scheme for oriented shot dete’ction han dleg 2018; Xue et al.,
text, text-specific non- L 2021)
. - closely spaced text instances.
maximum suppression (NMS).
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Combines CNNs for feature Captures temporal
Recurrent Neural extraction with bidirectional dependencies, effective for (H. Lietal.,
Networks CRNN LSTMs for sequence dynamic scenes, handles 2017; Yuetal.,
(RNNs) modeling and transcription occluded or blurred text 2019)
layers for final label output. across frames.
CNN backbone, transformer
der-decod hi Captures global context, . |
Transformer- encoder-cecooer arc |te_cture, robust to varying text (Carion etal.,
DETR self-attention mechanism, - - 2020; Q. Zhou et
based Models - - orientations and scales,
prediction heads for bounding S al., 2023)
. effective in complex layouts.
boxes and class predictions.
CNN backbone, transformer Comblngs visual feature
Mask TextSpotter v3 — end- . extraction, contextual .
. to-end scene text spotting module for context modeling, modeling, segmentation- (Das etal, 2.024’
Hybrid Models L L RNN-based decoder, T Park & Paik,
combining text localization - based localization, and
o segmentation branch for . 2023)
and recognition. - L recognition for end-to-end
precise text localization. .
scene text spotting
Multl_—sg:ale feature fus_lon Effective for detecting small
. combining low- and high- -
Feature Pyramid Network . or distant text, robust to .
resolution features for . L (Linetal., 2017)
(FPN) - - resolution changes in video
detecting text at varying f
rames.
scales.
Low Resolution upsesl low esoluion rames, | for lovresohton e, | (¢ €2l 2023
and Motion Blur ESRGAN P L ' e e X. Wang, Yu, et
enhancing high-frequency realistic high-resolution
a al., 2019)
details. enhancements.
. Muitigates motion blur,
Preprocessing networks improves clarity for (Shocher et al
Deblurring Networks designed to remove motion subsequent text detection 2020)
blur from video frames.
stages.
Polar t_ransfo_r mation, circular Handles arbitrarily oriented
padding, orientation-aware S (Cheon et al.,
S : - text, maintains robust .
Rotation-invariant CNNs pooling operations for detection under diverse text 2022; Zhan &
Occlusions and consistent feature h . Lu, 2019)
i . orientations.
Varying Text representation.
Orientations Spatial, channel, and self- Improves detection in
. . attention mechanisms to focus | cluttered or occluded scenes (Yan_ etal,
Attention Mechanisms . . . | ' | 2021; Xiao et al.,
on relevant image regions and contextualizes text regions 2022)
features. across frames.
Character-level detection with Effective for curved text,
CRAFT linking scores to group text robust to varying sizes and (Baek et al.,
regions, robust to various text fonts, handles complex real- 2020)
shapes and orientations. world scenarios.
Differentiable binarization for High detection accuracy in
Successful S . A e .
Models and DB end-to-en_d training, gdaptlve varying I_|ght|ng conditions, (Liao etal.,
: thresholding, simplified post- efficient end-to-end 2018)
Techniques - Lo
processing. optimization.
Bezier curve representation Accurate detection of
ABCNet for curved text, feature irregular text, robust to (Y. Liuetal.,
pyramid network for multi- perspective distortions and 2020, 2021)
scale detection. varying orientations.

Figure 3 below shows Key Features (blue)
and Advantages
models/techniques. A comparison in terms of
Mask R-CNN

counts in

4.0F

(green)

and DETR

different

demonstrates that the models’ performance,
including the features and advantages, is more
resistant. Other firms also have average but
considerably lower ratios such as FTN and

Key Fealures
Mdwantages

Ly %
o &

Figure 3.

Models/Techniques

Analysis of Key Features and Advantages of Each Models/Techniques
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EASDAM. It focusses on model specific
strengths and weaknesses as far as they are
manifested in benchmark results for
performance or utility.

Pie chart shown in figure 4 helps in
pointing out typical and less-frequent
problems as well as strategies in the text
recognition problems. This explains that
successful models (including CNNs, RNNs,
and Transformers) mitigate primary concerns,
including occlusions, text orientation, low
textual resolution, and motion blur. The figure
highlights the applicability of various
techniques to achieve over these challenges
and enhance the performance of the text
recognition systems.

231%

Low Resolution and Motion Blur

Hybrid Models

Figure 4. Analysis of Distribution of Techniques by
Category

Table 7 discussing about the state of
multilingual script recognition, use of feature
extraction, sequence modelling, multilingual
training, transfer learning, zero shot
recognition and cross script generalization,
some advanced techniques in transformer,
meta learning, GANS, curriculum learning
and script independent feature approaches.

Figures 3 and 4 provide a qualitative

synthesis of the reviewed studies by
categorizing the reported deep learning
approaches and their associated

characteristics. The categories and model
names are extracted from the selected
literature, while the presented comparisons
indicate the relative presence or discussion
frequency of different approaches within the
reviewed studies. These figures do not
represent direct performance comparisons
between models, as the reviewed studies use
different datasets, evaluation protocols, and
experimental settings.

Table 7. Summary of Techniques and Advancements in Multilingual Script Recognition

Category Key Techniques Highlights References
CNNs (ResNet, DenseNet), Hl_erarchlcal featurg Iearmr_lg; Attention r_nodules focus on
. - script-relevant areas; Pretrained models fine-tuned for low-
Feature Attention Mechanisms, .
- - resource languages; (Xu et al., 2020)
Extraction Transfer Learning,
EfficientNet
RNNs (LSTM, GRU), CRNN, Combines spatial and temporal modeling; Transformers (Khan etal., 20_22;
Sequence ion-based C | d dencies: Visi P Tao et al., 2021; X.
Modeling Attention-base RNI\_I, captyre ong-range dependencies; V|s_|0n Trans ormers Wang, Yu, et al
Transformers (BERT, ViT) (VIiT) offer purely attention-based visual extraction. é019’) N
Large-scale datasets (ICDAR Joint training improves generalization; Curriculum .
- . - - i e (Macko et al., 2023;
Multilingual MLT), Multi-task learning, learning optimizes for low-resource languages; Script- Moosa et al. 2023:
Training Curriculum learning, Script- aware attention enhances dynamic adaptation to various ) B '
- ! Tuske et al., 2014)
aware techniques scripts.
mBERT, Xun-RopERTa, | IO e o o o | (e zacs
Pre-trained Vision-Language Models visﬁal-text alignment. These modgls sgu ort muItiIFi]n ual 2022; Rao et al,
Models (VIiLBERT, CLIP), Self- vignment. These mode's supp "ing 2022; Sun et al.,
- . text processing when combined with visual detection and
supervised Learning . 2019)
recognition frameworks.
Meta-learning (MAML), Few-
Zero-shot shot learning (Prototypical Enables adaptation to unseen scripts with minimal data; (Diao et al., 2023;
Recognition Networks), Generative GANSs generate synthetic examples of unseen scripts; Style | X. Liu et al., 2022;
9 approaches (GANSs, Style transfer supports zero-shot adaptation. Yue et al., 2023)
Transfer)
Dom_aun adaptatlon,_Scrlpt- Adversarial training ensures robust cross-script features; (D. Guo et al.,
- agnostic feature learning, Data - . - L i .
Cross-script - - Augmentation strategies create diverse training data; 2020; K. Kang et
oot augmentation (MixUp, e - - - .
Generalization CutMix), Refined Transfer Layer-wise fine-tuning bridges high-resource and low- al., 2018; Wu et al.,
’Learning resource script domains. 2021)

Figure 5 illustrates the distribution of the
key techniques across scripts in six categories
of script processing. Feature Extraction and
Sequence Modeling are on top with five
techniques that are implemented,
respectively. The following two sections (Pre-
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trained Models, Cross-script Generalization)
include four contributions each, followed by
Multilingual ~ Training and  Zero-shot
Recognition, with the latter three sections
having three contributions each, highlighting
a more targeted approach to various issues.
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It also represents the frequency of
identified techniques across the reviewed
studies and does not indicate the overall
contribution or superiority of any approach.
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Figure 5. Representation of Number of Key
Distribution by Category

Pre-trained Models
Self supervised Learning

Large-scale Datasets

Sequence Modeling
Transformers (BERT)

detection, recognition, or script identification.
Datasets covering multiple scripts or
languages are classified as multilingual
resources based on their reported annotation
and evaluation settings.

Table 8 presents an overview of datasets
used in multilingual text detection and
recognition  research, including their
characteristics, size, advantages, limitations,
applications, and challenges. The datasets are
categorized based on their relevance to video
scene text analysis. Video-based datasets are
considered primary resources, while image-
based benchmark datasets are included only

Feature Extraction

Figure 6. Representation of Relationships Between Categories and Techniques

Figure 6 illustrates the methodological
relationships among techniques identified
from the reviewed studies based on their
reported combinations and applications. It
also illustrates the relationship and interaction
among the various techniques, within the
overall categories of methods. The important
connections are indicated as an interaction
between Pre-trained Models and Feature
Extraction, Feature Extraction and Sequence
Modeling. There are several such applications
that span across multiple areas, and show
significant centrality for progress in research,
examples of such applications are Transfer
Learning and Transformers.

4.2 Analysis of Datasets and Evaluation Metrics

In this review, multilingual coverage
refers to datasets or approaches that support
multiple languages or writing systems rather
than a single language/script. Resources
containing only one language or script are
considered monolingual benchmarks and are
included only when they provide supporting
evidence for specific tasks such as text

when they contribute to model development
through pre-training, transfer learning, or
evaluation of specific components of video
text recognition systems. This classification
ensures consistency with the review scope
while highlighting the contribution of widely
used benchmark datasets.

The datasets are categorized based on their
original data format and role in the reviewed
studies. Video datasets containing temporal
information  are  considered  primary
resources, whereas image-based datasets are
treated as supporting benchmarks for specific
components such as detection, recognition, or
script identification.

The datasets included in this review are
categorized according to their primary task
contribution, including text detection, text
recognition,  script  identification, or
multilingual evaluation, rather than assuming
that all multilingual datasets directly perform
language identification.

Table 8. Overview of Publicly Available Datasets for Text Detection and Recognition
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Key . R Applications / Key
Dataset Features Size Advantages Limitations Role in Study Challenges References
Real-world Motion blur, Ajwani &
- Real-world -
video video Primary video | compression Arolkar
YouTube sequences scenarios: Limited language datasgt for artifacts, (2019);
Video containing ~30 hours of ' diversity; - illumination Dong et al.
. - temporal - text detection, i .
Text text; video S predominantly e variation, (2022);
- continuity; - recognition, -
(YVT) provides suitable for English content and trackin occlusion, YouTube
temporal trackin 9 temporal Video Text
information 9 instability (2024)
Multilingual Supporting :
scene-text Broad S multilingual seript Nayef et _al.
dataset multilingual Malnly image- benchmark dlvgr§|ty, (2019);
ICDAR coverin >20,000 coverage: oriented; limited for transfer writing Sharma et
MLT ing images/frames . ge, temporal direction, al. (2015);
multiple diverse real- - - and cross-
- information character Yan et al.
scripts and world scenes dataset .o
- variation (2023)
languages evaluation
Natural- 63,686 . Mainly static . Cluttered Veit et al.
. . Diverse . AT Supporting backgrounds, .
COCO- scene text images; scenes: rich imagery; limited image-based small text (2016);
Text derived from 173,589 text annota’tions multilingual/video ben%:hmark occlusion’ COCO-
MS COCO instances content - S Text (2023)
orientation
Multi- Strong gruigr?fart?onr?- Arbitrary
MSRA- oriented 500 imaaes benchmark Small dataset; no robust text orientation, Yao et al.
TD500 English and 9 for oriented video detection long text lines, (2012)
Chinese text text detection scale variation
benchmark
Chinese text Dense text
in natural 32,285 Large-scale . ’ Liuetal.
: . ] : R . Supporting small .
cTW scenes with images; Chinese Primari Iy Chinese; script-specific characters (2019);
character- ~1,018,402 character static images benchmark font and scehe Yuan et al.
level characters coverage - (2019)
| variation
annotations
Indian-script . .
scene text Supporting Script-specific Mathew et
Cvsl . - Represents . . . . characteristics .
including ~1,000 - Static images; Indic-script - al. (2017);
(mT- . . - less-studied limi ! o and visually h
ILST) BDevanlz_igarl, images/script Indic scripts imited scripts recognition similar SI arma et
engali, and benchmark characters al. (2015)
Telugu
Synthetic
natural-
scene text ~800,000 Large scale; Synthetic-to-real | Synthetic pre- | Domain shift | Guptaetal.
SynthText with . . useful for . . L .
- TR images; ~8 .. domain gap; training/data- between (2016);
in the variations in L pre-training L . -
- - million text limited temporal augmentation synthetic and Sagduyu et
wild font, size, instances and realism resource real-world text al. (2018)
orientation, augmentation '
and
placement

Real-time performance reported in the
reviewed studies is interpreted based on the
experimental conditions provided by each
study, including hardware configuration,
input resolution, batch size, dataset, and
processing pipeline. Since these conditions
vary across studies, reported FPS or latency
values cannot be directly compared unless
evaluated under comparable settings.

Figure 7 presents the qualitative
contribution and diversity of datasets used in
multilingual text detection and recognition
studies. The reviewed datasets differ in terms
of data format (synthetic images, still images,
and video sequences), language/script
coverage, and annotation characteristics.
Therefore, direct percentage comparison is
not appropriate. The figure provides a
qualitative overview of dataset diversity, their
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role in the review, and their contribution to
multilingual text detection and recognition
research.

SynthText in the Wild
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s Supporting script
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Still images Chinese text Suppomng script-specific
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English and Chinese
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Supporting image-based

Still images benchmark.

Primarily English scene text
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Figure 7. Qualitative Dataset Contribution and
Coverage in Multilingual Text Detection and
Recognition Research

The discussion of computational efficiency
has been revised to clarify that real-time
performance depends on reported
experimental conditions, including hardware
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configuration,  input  resolution, and
evaluation settings. The revised manuscript
now considers FPS, latency, and
computational requirements only when these
values are explicitly reported in the reviewed
studies.

Table 9 below presents a list of evaluation
metrics for text detection and recognition
system where we provide definitions,
calculation, relevance, use, and citation for
each of them. They offer a clear framework
by which the performance of such systems

findings from the reviewed studies.
Generative Al is discussed as a future
opportunity for improving data availability,
restoration, and low-resource script handling;
however, its effectiveness for multilingual
video text recognition requires further
investigation.

5. Conclusion

This review presents new trends,
limitations, and possible development in the
field of multilingual text detection and script

can be evaluated and contrasted efficiently. recognition for video scene analysis.
The reviewed studies use different Convolutional neural networks, recurrent
evaluation metrics depending on the neural networks, and transformer-based
addressed task. Detection-oriented  approaches have demonstrated strong

approaches commonly report localization
metrics such as loU, precision, recall, F-score,
and mAP, while recognition-oriented
approaches use sequence-level measures such
as CER, WER, and recognition accuracy.

capability in multilingual text detection and
recognition by learning more effective visual
and contextual representations compared with
many traditional approaches. However, the
extent of improvement depends on the

Computational efficiency is evaluated using  datasets,  evaluation  protocols, and
measures such as FPS, latency, and resource  experimental settings reported in individual
requirements when reported. studies. Integrated text detection and

4.3 Open Challenges and Future Directions

The table 10 below summarizes key
challenges, implications, research needs, and
potential solutions in advancing video text
recognition across diverse scenarios. It
highlights cutting-edge areas like zero-shot
script  recognition, domain adaptation,
handling complex layouts, real-time
processing, video quality robustness, and
multilingual code-switching. These
advancements are pivotal for future
applications in real-world contexts.

Table 11 summarizes proposed and
emerging research directions for multilingual
video text recognition. Some directions,
including privacy-preserving recognition,
fairness, explainable Al, and NLP integration,
are prospective areas that require further task-
specific validation rather than established

recognition systems can provide end-to-end
processing advantages by combining
localization and recognition capabilities.
However, performance and computational
efficiency depend on model architecture,
dataset characteristics, and deployment
requirements. Some of the outstanding
problems are zero resource  script
identification, domain adaptability problems,
curved text/script recognition, and real time,
high-definition video processing on low end
portable devices. The reviewed literature
indicates potential applications of
multilingual text detection and recognition in
video accessibility, document analysis,
content understanding, translation support,
and intelligent transportation  systems,
although their effectiveness depends on the
task, dataset, and deployment conditions.

Table 9. Commonly Used Evaluation Metrics for Text Detection and Recognition

Metric Definition Formula Importance Applications References
Precision = Measures the
. Ratio of correctly detected text accuracy of Evaluating detection (Mathew et al.,
Precision : ] TP /(TP + o
instances to total detected instances FP) positive accuracy 2017)
predictions
. Measures the .
Rf’itIO of correctly detected text Recall = TP/ | completeness of Ensurlng_ (Dutta et al.,
Recall instances to total actual text (TP + FN) ositive comprehensive 2018)
instances positi detection
predictions
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Fl1=2*
ici *
Harmonic mean of precision and (Precision Ba_llqnces Overall perf ormance (Dutta et al.,
F1-Score Recall) / precision and evaluation of
recall - - 2018)
(Precision + recall detection systems
Recall)
. loU = Area
Intersection Measures overlap between of Overlap / Eva!uatgs Object detection and (Everingham et
over Union predicted and ground truth localization .
. Area of segmentation tasks al., 2014)
(loV) bounding boxes Union accuracy
Mean Average Precision (MAP)
summarizes detection performance -
: L Comparing models
by averaging Average Precision S
with different
(AP) values across classes or . .
- : precision-recall (Everingham et
evaluation categories. The Evaluates
- . trade-offs al., 2014)
Mean Average calculation depends on the _ detection
e - - mAP = (1/N)
Precision benchmark protocol, including the S AP, performance
(mAP) loU threshold used to determine ! across multiple
correct detections. Different classes
datasets may adopt different loU
settings, such as mAP@0.5 or
COCO-style averaged loU
thresholds.
Character Edit distance between recognized CER=(S + g\'/gfdg{%g%df Optical Character
Error Rate text and ground truth at character o - Recognition (OCR) | (Baek et al., 2020)
D+1)/N text recognition
(CER) level systems
accuracy
Evaluation of
word-level
Measures recognition errors by recogmtl(l))n Speech .
comparing the recognized word accuracy by peech recognition, .
Word Error sequence with the reference WER = (S + measuring machine translation, (Morris et al.,
Rate (WER) transcription using insertion, D+1)/N transcription and text recognition 2004)
. I differences systems
deletion, and substitution errors.
between
predicted and
reference text.
Useful for
assessing Evaluating model
. - Lo computational
Computational | Metrics include processing time per performance on (Georgescu et al.,
- N/A performance !
Efficiency frame, FPS (Frames Per Second) different hardware 2021)
and hardware- ; h
configurations
related
efficiency
Table10. Unresolved Challenges, Implications and Research Needs
Aspect Challenge Implications Research Needs Potential Solutions
Zero-shot Recognizing unseen Limits extensibility to Developl_ng models for Me ta-learnm_g, tre}nsfe_r .
. - new scripts based on learning, and using linguistic
Script scripts and languages new languages and ired T d loav f del
Recognition during training scripts acquirec eatures an typo ogy for mode
) ' linguistic typology. architecture.

. Models st_ruggle with Slower, less effective in Hard_vv are-efficient Adversarial training, domain-

Domain transferring to new real-world scenarios generalization strategies invariant feature transfer, and
Adaptation domgms or unseen with varied videos. requiring m|n|_mal few-shot learning.
video types. parameter tuning.

. Difficulty reading non- L . . - Graph-based representations,
Handling standard placements, Limited e_ffeptlvenegs in Model_s capable of deriving multi-scale analysis, and
Complex . cases with innovative meaning from layout and -

curved texts, or artistic - - layout-embedded attention
Layouts text formats. style information. -
styles. techniques.
Real-time A(_:hle\_/mg_ tlmellpess lelts_a_ppllcat!ons Enhanced hardware Edge_ computing acc_elerators,
A with fidelity in high- requiring rapid - device-specific designs, and
High-res resolution video responses, e.g designs and less complex, universal performance
Processing autonomous vehicles. efficient algorithms. benchmarks.

streams.

Robustness to

Issues with motion
blur, compression

Reduced reliability in
varied environmental

Techniques to improve
model resistance to quality

Simulating quality degradations
during training and real-time

Video Quality artlfa(;ts, gnd poor video capture conditions. issues and ad_aptlve video enhancement techniques.
lighting. preprocessing.
Multilingual Idgntlfylng tex't in Poont performance in Models that handle 'Langua}ge |dent|f|c§1t|0n
videos switching mixed-language f integration, co-ranking of
Code- PO multilingual frames or .
switching between languages or scenarios, limiting sequences effectively !anguages, fapd developing
) diverse multilingual datasets.

scripts.

broader usability.

Table 11. Emerging Approaches and Research Directions in Video Text Recognition

Research Area Approach Potential Benefits Research Focus Challenges Application Areas
Leveraging Adding text Faster analysis and . - Misalignment Object/scene detection,
. - Developing unified I
Multimodal detection and better scene architectures to between closed-captioning,
Data recognition to other understanding. modalities and video accessibility.
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applied modalities
such as audio and
video context.

integrate multiple
modalities.

sound fusion of
dissimilar data
forms.

Incorporating
Generative Al

Applying
generative models
to improve training

datasets or text
recognition.

Potential support for
low-resource
languages, rare
scripts, and text
restoration through
future research.

Using few-shot
learning and style
transfer for script

recognition.

Ethical concerns
regarding
synthetic data
usage and bias
introduction.

Possible applications in
text restoration and
data augmentation,

requiring further
validation in
multilingual video text
recognition scenarios.

Low-power pruning,

Balancing

generalization and

and multi-task

Improving Releasing efficient Real-time A . Distributed processing
- . S model quantization, computation - A
Real-time architectures and applicability on - in edge computing,
- - R - and hardware-aware efficiency and ; -
Processing chip optimizations. more devices. real-time analytics.
NAS. accuracy.
. Creating models for Improved Exp'lorlng meta Lack (.)f . .
Cross-lingual . learning, universal evaluation Translation and script
knowledge transfer performance with L
Transfer . " language models, frameworks for recognition in low-
B across languages minimal additional AR - -
Learning ; . and linguistic cross-lingual resource settings.
and scripts. training. - .
typology integration. transfer.
. Adding temporal Improved Scene parsmg,_wdeo Incorporatmg Text recognition in
Advancing - - understanding multi-frame .
and semantic comprehension of . A augmented reality and
Contextual - . models, temporal information into -
- context to video text messages in - o contextual video
Understanding - modeling, and recognition .
text recognition. scenes. L - analysis.
semantic integration. models.
Exploring Self- | Utilizing unlabelled Enhanced Contrastive learning Designing Scalable video Al

supervised video data for pre- reduced reliance on pretraining for text effective self- models for text
Learning training. labelled data. representation. supervised tasks. recognition.
Bias identification,
Addre_ssmg Reducing bias in Equal performance fairness metrics M_anagm_g Multl_ll_ngual text
Ethical . development, and fairness in recognition systems
multilingual text across languages and . . . S - .
Concerns and recognition cultures inclusive diverse linguistic with equitable
Biases g ' ' collaboration with contexts. performance.
linguists.
Developing .
; Attention T
. interpretable Increased trust and visualization, Aligning model Error |dent|f|c§1t_|0n in
Advancing models and . . - text recognition
- control in saliency maps, and transparency with
Explainable Al methods for text . lainabl | | systems for complex
detection and recognition systems. explainable neura regulatory needs. applications
L text recognition. '
recognition.

Integrating Text

Combining text

Enhanced
comprehension of

Aligning text
recognition with
tasks like named

Seamless
integration with

Automated censorship,

Recognition recognition with text content and entity recognition, large language video tagging, and
with NLP text analysis tasks. context. sentiment anglysns, models. summarization.
and machine
translation.
: Federated learning, .
Developing . . - Balancing
. . . differential privacy, - . .
Privacy- privacy-aware text | Ensures compliance - privacy Privacy-conscious text
; - - - and secure multi- - . L o
Preserving Text detection and with data protection arty computation preservation with analytics in sensitive
Recognition recognition regulations. party comp performance domains.
- for distributed text P
algorithms. - optimization.
recognition.
Future studies may investigate privacy- References

aware recognition, fairness, explainable Al,
and integration with language-understanding
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multilingual video text recognition. These
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translation, augmented reality, education, and
cultural document analysis, although further
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of these technologies extend across multiple
application domains.
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