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Abstract

This survey reviews the progress made in Optical Character Recognition (OCR)
and document understanding through a review of more than 100 peer-reviewed
papers. The importance of OCR is that it helps in the digitization of different
types of documents, including governmental documents, medical records, finan-
cial documents, and legal documents, among others. Modern OCR uses advanced
machine learning models including Convolutional Neural Networks (CNNs) and
transformers. These models provide OCR with greater abilities in text recogni-
tion, Document Layout Analysis (DLA), Information Extraction (IE), and Key
Information Extraction (KIE). However, the research on DLA, IE, KIE, and
OCR has been conducted independently because of different methods used, dif-
ferent datasets, evaluation measures, and application domains. Another challenge
is that little research has been done on OCR and document understanding for
low-resource languages like Bangla because of problems like scarcity of annotated
data and the unique nature of the script, among others. The survey classifies the
available OCR technologies and compares traditional OCR with advanced OCR
and gives an overview of the commonly used datasets, evaluation measures, and
implementation challenges. DLA has increasingly become important in recent
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times; therefore, future research directions in OCR and document understanding
will include multi-modal learning.

Keywords: Optical Character Recognition (OCR), Document Layout Analysis
(DLA), Low-Resource Languages, Document Intelligence, Automated Extraction.

1 Introduction

OCR and DLA are the two key components in document image understanding that
allow us to transform scanned and born-digital documents into machine readable and
semantically structured forms. In combination, they form the basis for intelligent doc-
ument processing systems applicable to domains such as digital libraries, e-governance,
financial document processing, health care, and legal document management. Where
the former OCR is concerned with extracting textual information contained in the
document, the DLA analyzes the document structure, including text regions, tables,
figures, and reading order. This way, DLA provides important contextual knowledge
about the document required for its correct understanding (Patel and Bhatt 2020).

Early OCR systems were based on handcrafted features, heuristic preprocess-
ing, and template matching, while conventional techniques of DLA made use of
geometry-based rules and manually crafted layout assumptions (Singh 2025). While
providing reasonable accuracy under certain conditions, they were characterized by
low robustness to various factors such as degraded documents, fonts, multilingualism,
and complex layouts, limiting their use in different collections of real-world documents
(Yang et al. 2022), (Huang et al. 2026). Moreover, incorrect layout analysis often
causes errors in subsequent stages of OCR, thus contributing to further mistakes and
decreasing the performance of the whole system (Hasan et al. 2024).

The area of OCR and DLA has seen numerous achievements of deep learning meth-
ods in recent years. Using convolutional neural networks, transformers, vision-language
models, and other techniques that allow extracting sophisticated features from images
and layouts, deep learning approaches have significantly improved results of document
text recognition, layout analysis, and even reasoning about the context of documents
(Ding et al. 2026), (Yu et al. 2021). Yet, there are still some problems with the exist-
ing research efforts in the area of OCR and DLA; they are fragmented in terms of
datasets used, languages they cover, evaluation setups, and application fields. Such
problems as lack of coverage for low-resource languages, lack of annotated datasets,
inappropriate benchmarking, and insufficient generalization prevent researchers from
creating efficient and universal solutions for document understanding (Huang et al.
2026), (Prakash and Hanumanthaiah 2022). It is obvious that the existence of these
issues proves the necessity of conducting a survey on this topic, which will help to ana-
lyze existing research on this issue, identify its methodological advances, and provide
future research directions for OCR and DLA.



1.1 Motivation

Modern OCR and DLA architectures often encounter significant reductions in their
performance once applied in real-world environments that include noisy scans, multi-
lingual documents, historical archives, and complex layouts (Henge and Rama 2016).
This problem is especially evident in the case of low-resource languages and non-Latin
scripts due to a lack of annotated data and language-specific resources for building
and testing the corresponding models (Ali et al. 2023). Another major issue concerns
inconsistencies related to the datasets and evaluation methods (Ding et al. 2026). Quite
often, researchers use proprietary datasets or narrowly defined experimental setups
that do not allow reproduction of results and make unbiased comparisons between
different approaches difficult (Favish 2019), (Nida), (Rahman et al. 2023).

Even publicly available benchmarks may differ in terms of their annotations, data
distribution, and evaluation metrics, leading to inconsistent performance estimates
(Yang et al. 2022). At the same time, although recent models based on transform-
ers and vision-language approaches managed to significantly improve their recognition
accuracy, less attention was paid to their computational efficiency, domain adaptation,
interpretability, and error propagation in document understanding pipelines (Sharma
et al. 2025), (Naquib 2025). These limitations highlight the necessity for a well-
structured and scientifically based survey that will evaluate existing methodologies
and identify gaps in scientific research.

1.2 Research Scope and Focus

The survey provides an exhaustive review of more than 100 papers published in peer-
reviewed journals and conferences, gathered in a validated Excel database, including
structured information on methodology, datasets, languages, evaluation approach,
advantages, drawbacks, and research gaps. Through the examination of the entire col-
lection of literature, the survey intends to give an impartial account of the recent
advances made in the field of OCR and DLA.

This survey reviews the progress of OCR, technology from rule-based approaches to
deep learning, transformer-based, and vision-language approaches (Omee et al. 2012).
It also reviews DLA approaches for document segmentation, structure analysis, read-
ing order prediction, and joint OCR layout methods (Hasan et al. 2024). Moreover,
the survey reviews the existing publicly available datasets, benchmarking techniques,
evaluation metrics, and languages, with particular focus on low-resource languages and
historical document collections (Nguyen et al. 2021). Studies taken into consideration
in the present survey were chosen according to the novelty of their methodological con-
tributions and the availability of detailed information on their strengths, limitations,
and research gaps (Maung et al. 2025), (Sakib et al. 2022).

1.3 Contributions of This Survey

This review is a detailed critique of the current developments in OCR and DLA on
the basis of systematically verified literature. Firstly, it offers a unified taxonomy
framework that classifies the existing methods on the basis of methodology, data sets,
and linguistic coverage for comparative analysis across various lines of research (Nida).



Secondly, it discusses the advantages and drawbacks of the existing methods from the
perspective of recognition accuracy, scalability, robustness, computational efficiency,
and generalization ability, pointing out the current methodological tendencies and
technical challenges (Ding et al. 2026), (Chen et al. 2025). Finally, it summarizes the
identified gaps in the existing scientific research, such as bias in datasets, inconsistent
benchmarking, lack of annotations, and limited support for low-resource languages,
and provides a structured roadmap for future research (Noor 2005), (Chowdhury et al.
2025).

1.4 Organization of the Paper

The study is systematically structured into ten sections, covering the theoretical foun-
dations, methodology of review, research trends, applications, challenges, and future
directions. Section 1 provides an introduction to the research background, motivation,
and scope of the present literature review, with special attention to deep learning-
based OCR and document understanding in Bangla and other low-resource languages.
Section 2 introduces the main concepts of OCR, DLA, IE, and KIE, along with
major challenges related to processing Bangla documents and low-resource languages.
Section 3 introduces the methodology of the literature review, which includes the
review methodology, the inclusion and exclusion criteria, and the limitations of the
chosen review approach.

Section 4 constructs a taxonomy of OCR and IE systems based on the level of
document processing, task type, document type, learning paradigm, and evaluation
criteria. Section 5 includes the bibliometric and trend analysis of the existing OCR and
IE research, such as publication trends and dataset utilization in high-resource and
low-resource languages. Section 6 discusses the comparison of OCR and IE datasets,
including dataset language type, document type, number of images, limitations of
the dataset, and bias issues. Section 7 deals with the analysis of performance and
errors in OCR and IE, including language-specific challenges, evaluation metrics, and
comparative analysis of KIE techniques.

Section 8 provides a discussion of the major real-life applications of OCR and
document understanding, including land records and legal documents, financial state-
ments, healthcare, history and culture archival, and government and public services
digitization. Section 9 covers the discussion of the major challenges and future research
directions, including document quality and noise, mixture of handwritten and printed
documents, low-resource and domain-specific languages, model generalization and fair-
ness, and new trends, including self-supervised learning, few-shot learning, multimodal
approaches, large language models, and scalability. Finally, the section 10 concludes
the paper and outlines the key conclusions, contributions, and the long-term vision of
the review study.

2 Background and Key Concepts

This section highlights the important basics of OCR and DLA. These are two vital
concepts involved in the process of document image analysis. The section provides a



brief historical review of these concepts along with methodologies and their applica-
tions. This will establish the foundation for the comprehensive analysis presented in
the following sections.

2.1 Optical Character Recognition (OCR)

OCR is an automatic technology for converting text from scanned documents, pho-
tos, or other visual media into machine-encoded and editable digital text. As one of
the basic technologies for analysis of document images, OCR allows efficient digitiza-
tion, information extraction , preservation, and automated processing of documents
(Maliha et al. 2026). The classical approach to OCR focused on the development of
methods of handcrafted feature extraction, pre-processing, character segmentation,
and classification of characters using rules (Sharma et al. 2025), (Bhattacharya et al.
2016). Such methods showed good performance when used for clear and structured
documents; however, their effectiveness dropped sharply for degraded images, compli-
cated fonts, handwriting, multilingual documents, and low-resource languages (Jabde
et al. 2025), (Pal et al. 2024).

The advent of deep learning has changed the approach to OCR by substituting
manually engineered features with data-driven feature extraction (Rombach and Fet-
tke 2025), (Wang 2025). CNN-based models provided the improvement of feature
extraction and character recognition, whereas recurrent neural networks and attention
mechanisms made sequence modeling more effective for word and line text recognition
(Yu et al. 2021), (Hasan et al. 2023). Recent advancements in OCR include mod-
els based on transformer architecture and vision-language models, which utilize long
dependencies and multimodal representations to provide better performance in case
of irregular layout and complex document images (Chung and Choi 2025). Despite all
the progress, the problems with limited availability of labeled datasets, poor cross-
domain generalization, computational cost, and lack of models supporting low-resource
and multilingual documents persist in all the available works (Prakash and Hanuman-
thaiah 2022). These limitations indicate that improving recognition accuracy alone is
insufficient for developing reliable document understanding systems.

2.2 Document Layout Analysis (DLA)

DLA is aimed at recognizing the structure of document images and detecting logical
and physical components such as regions of text, titles, tables, figures, forms, and
reading order (Wang 2025). Accurate layout analysis is required to get the needed
structural context for proper OCR and further analysis. Early approaches to DLA
were largely based on heuristic geometry, projections, connected-component analysis,
and manually constructed layout heuristics (Mahadevkar et al. 2024). While such
approaches were sufficient for analyzing pages of rather simple structure, they failed to
generalize to documents with complex page structure involving multi-column layout,
embedded tables, various graphical elements, handwritten annotations, and irregular
page design (Patel and Bhatt 2020), (Yang et al. 2022).



Deep learning revolution in recent years brought significant progress in DLA via
CNN-based object detection, semantic segmentation, graph representation, and trans-
former models (Ding et al. 2026). Such models allow achieving higher accuracy in
region detection by analyzing local visual features and global structural patterns
(Renda 2023). Moreover, OCR-DLA frameworks have shown that accurate layout
analysis allows improving text recognition by preventing segmentation errors and
maintaining document reading order, especially for historical or complex document
collections (Qi et al. 2025), (Ly et al. 2025). However, modern research still faces
numerous issues like insufficient annotated data for layout analysis, unreliable evalua-
tion strategies, low efficiency, and generalizability across different document domains
and languages (Favish 2019). Solving such problems is crucial for the development of
advanced and fully automated document understanding systems.

2.3 Information Extraction (IE) and Key Information
Extraction (KIE)

Information Extraction is an essential technology in natural language processing, the
task of which is the transformation of unstructured natural language texts into a
structured format (Yang et al. 2022). Information Extraction’s goal is to identify and
extract the specified types of factual information in the form of entities, relations
between the entities, and events (Rombach and Fettke 2025). Structured output plays
an important role in different applications for information retrieval and knowledge
management (Atagong et al. 2025), (Omee et al. 2012). Basic tasks of Information
Extraction include Entity Recognition, or identification and classification of named
entities people, organizations, and locations in text, and Event Extraction, or identi-
fying occurrences of certain events and their participants, time, and location (Yang
et al. 2022), (Qi et al. 2025).

Multimodal Information Extraction is an emerging direction that uses the tech-
niques of multimodal learning together with Information Extraction for extraction of
information not only from textual data but also from audio, images, and videos (Cao
et al. 2023). Table 1 presents a comparative study of our survey with recently pub-
lished review papers based on differentiating features. Each review paper is rated for
different features such as search period, number of review papers analyzed, analysis
of OCR, DLA, Bangla language, dataset analysis, bibliometric trends, and analysis
of LLMs or VLMs. For identification purposes, the review papers are assigned serial
numbers from one to seven, which serve only as labels for the corresponding papers
in the table and do not indicate ranking or importance. Star ratings are used to rate
the level of analysis for each of the above features, and it can be seen that our survey
has comprehensive coverage of all the features (Mahadevkar et al. 2024).

Key Information Extraction is a special direction of Information Extraction which
is focused on extracting a set of key data points (also known as ‘“key fields”) from
documents and structuring them (Yu et al. 2021). The importance of KIE is defined
by the need for effective archiving, fast indexing, and advanced document analysis
in many spheres of activity such as finance, accounting, and taxation (Rombach and
Fettke 2025). KIE is characterized by its own challenges when working with visually
rich documents such as receipts, forms, and financial reports (Stanistawek et al. 2021).



Table 1 Comparative analysis of the distinguishing characteristics of the proposed review and
selected existing studies.
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One of the most relevant challenges is the proper use of text and visual information in
documents for obtaining richer semantic representation and reducing ambiguity (Cao
et al. 2023). Such factors as document visual and layout information, like positioning
of the text, font size, and table layout, play an important role in understanding the
content of documents (Ding et al. 2026), (Antonio et al. 2022). Then documents may
have very diverse layouts, font sizes, and structures, which complicates the extraction
process (Tewani et al. 2021). In order to extract text from scanned documents, KIE
systems usually use Optical Character Recognition (Rombach and Fettke 2025). Errors
during the OCR process inevitably lead to incorrect entity information.

2.4 Challenges in Bangla and Low-resource Document
Processing

Research into the field of text recognition has had much attention paid to it by schol-
ars for many years, and many studies have been conducted on character, word, and
text recognition (Hossain et al. 2023). However, while much progress has been made
on languages such as English, Latin, Japanese, and Chinese, the creation of a high-
end Optical Character Recognition system for languages such as Bangla is still a work
in progress (Maliha et al. 2026), (Mazumder et al. 2025). As the national language
of Bangladesh and one of the important languages in parts of India, Bangla is one
of the most widely spoken languages in the world, making it an important language
from both academic and economic points of view (Saha and Rahman 2024). Despite
this importance, there has not been much research done on Bangla handwriting recog-
nition, with many text recognition systems designed for the English language (Islam
et al. 2023). Looking at the history of the development of deep learning and neural net-
works for OCR reveals that their usage for low-resource languages is still a challenge
(Rabby et al. 2024). These are some challenges:

2.4.1 Script Complexity and Characteristics of Bangla Language

The scripts in the Bangla language comprise very complex ligatures, variable spacing,
and non-uniform word boundaries. Such characteristics make OCR systems more likely
to generate high error rates. Bangla script has over 300 compound characters, and
these characters can be written in many different ways (Saha and Rahman 2024). The
complexity of the structure of the Bangla language is one of the main reasons that
leads to unsatisfactory results of OCR (Rabby et al. 2024). The cursive form of Bangla
characters and abundance of diacritic marks (combining vowels and consonants to
create graphemes) create additional challenges in handwritten text recognition. There
are more letters in the Bangla language, leading to complexity of its glyphs (Maliha
et al. 2026), (Chaudhury et al. 2022).

2.4.2 Data Scarcity and Diversity

Datasets available for the English language for NLP tasks are richer and larger than
those for Bangla (Islam et al. 2021). The reason behind the insufficient development in
handwriting identification in the Bengali language lies in the lack of large and diverse
datasets (Hossain et al. 2023). The major difficulty in Bangla OCR tasks is covering



various types of documents like computer compositions, letterpress, typewritten, and
handwritten documents (Garrido-Munoz et al. 2025).

2.4.3 Low Resource Language Processing Specifics

In contrast to high-resource languages, low-resource languages are subjected to micro-
scopic study (Han et al. 2025), (Maliha et al. 2026). The majority of text recognition
algorithms are created for processing in English, and there is no specific algorithm
for recognizing Bangla handwriting (Hossain et al. 2023). Processing degraded his-
torical documents necessitates developing language models that can support lexicons
from primitive indigenous vocabularies, as texts often contain older linguistic forms
(Qi et al. 2025), (Chaudhury et al. 2022).

3 Review Methodology

This section outlines the methodology adopted to conduct this review and ensure a
systematic and comprehensive analysis of the existing literature on OCR and docu-
ment understanding. It describes the search strategy used to identify relevant studies,
including the databases, keywords, and time frame considered during the literature col-
lection process. Furthermore, the section explains the inclusion and exclusion criteria
applied to select high-quality and relevant studies while maintaining the consistency
and academic rigor of the review. Finally, it discusses the limitations of the adopted
methodology, including potential publication bias, coverage gaps, and other factors
that may influence the completeness and generalizability of the findings presented in
this survey.

3.1 Literature Search Strategy

An extensive literature search was performed, and relevant research articles on Bangla
OCR and deep learning-based document digitalization were collected mainly from
Google Scholar. A variety of combinations of keywords were used to retrieve relevant
research articles on Bangla OCR and deep learning-based document digitization using
Boolean logic to narrow down the search results. The keywords used for this purpose
were “Bangla OCR”, “Bengali OCR,” “Deep Learning” and “Bangla Document Recog-
nition,” “CNN or Long Short-Term Memory (LSTM) or Transformer” and “Bangla
OCR,” and “Bangla Document Digitization.” The research articles were filtered based
on publication dates ranging from 1994 to 2025, considering that this period witnessed
major breakthroughs in deep learning techniques for performing OCR tasks. Apart
from this, backward citation tracking was also performed to retrieve relevant research
articles from the list of references of selected articles to cover the entire domain of
research.

3.2 Inclusion and Exclusion Criteria

To maintain the relevance and quality of the literature selected for review, inclusion
and exclusion criteria are used during the literature review process. The literature
review process considered studies related to deep learning technologies, including



CNN, Recurrent Neural Network (RNN), and Transformer networks, and specifically
addressed Bangla or Bengali script recognition problems. The literature review process
also considered studies related to printed and handwritten documents written in the
Bangla language and addressed problems in document layout analysis and OCR sys-
tems. At the same time, studies related to traditional or rule-based OCR technologies
are excluded from the literature review process. In addition, studies without proper
experimental validation are excluded to maintain the academic integrity of the litera-
ture review process. Also, to maintain the originality of the literature review process,
duplicate publications and extensions of previously published literature are excluded
from the literature review process.

3.3 Limitations of the Review Methodology

The study mainly targeted research papers on deep learning-based OCR. Even though
deep learning-based techniques are currently the best in performance, excluding tradi-
tional machine learning-based and rule-based techniques makes it difficult to conduct
a comprehensive review. The review may also have publication bias because it mainly
targeted articles that are published in indexed journals and conferences. We may
overlook important contributions to Bangla OCR research from local, non-indexed
sources. Another limitation of this review is that it was conducted within a specified
time frame and with strict criteria when selecting research papers. Therefore, some
important studies may have been excluded if they were published outside the speci-
fied time frame or did not meet the inclusion criteria. Therefore, the review may not
be comprehensive in covering all possible research associated with the topic.

4 Taxonomy of OCR and Information Extraction

In this section, a taxonomy of OCR and IE systems is developed, with particular
emphasis on deep learning document digitization and analysis. The taxonomy struc-
tures existing literature according to document processing levels, task attributes, and
architecture, with a specific focus on Bangla and other under-resourced languages.
Such a taxonomy is essential for comprehending the OCR pipeline and other document
understanding systems.

4.1 Taxonomy Design Principles

The earlier OCR systems were characterized by a document processing pipeline,
consisting of a sequence of rigid and rule-based modules, such as preprocessing, seg-
mentation, feature extraction, and classification (Amini et al. 2026), (Smith 2007).
Given the design, the systems were largely affected by noise and variations in the
scripts, and as a result, more flexible frameworks were needed. Recent research sug-
gests organizing the OCR and IE systems by processing granularity, document type,
and learning paradigm to more accurately reflect contemporary deep learning frame-
works (Ding et al. 2026), (Bhattacharya et al. 2014). For low-resourced languages such
as Bangla, the design of the taxonomy must consider the intricate nature of the scripts,
the limited annotated datasets, and the inconsistent document layouts (Maliha et al.
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Fig. 1 Taxonomy of OCR and Information Extraction.

2026). The surveys on Bangla OCR highlighted the recognition level and document
type as important parameters for system categorization to ensure equitable cross-
study comparisons (Inunganbi 2024). Figure 1 presents the taxonomy of OCR and
Information Extraction, categorizing document analysis systems based on processing
levels, task attributes, document types, learning paradigms, and resource settings.

4.2 Levels of Document Processing

Pipelines of OCR and document understanding systems are comprised of multiple
levels. At the lowest level, individual glyphs are recognized. Segmentation-and-
handcrafted-feature methods, which are the default for Bangla character recognition,
are still able to achieve some success, but are limited in their ability to address com-
pound characters and character modifiers (Parui et al. 2008). At this level, deep
learning models, and more specifically CNNs, have proven their worth a great deal
(Shi et al. 2016).

At the next level of word processing, individual character predictions are grouped
as words in a sequence. While Connectionist Temporal Classification (CTC) loss, along
with a CNN-RNN architecture, provides better recognition of both handwritten and
printed texts in comparison to previous models, the implicit segmentation and context-
aware decoding that CTC loss provides seem to improve recognition in the sequence
of letters (Garrido-Munoz et al. 2025), (Breuel et al. 2013). At the document layout
level, systems provide more focused analysis of the document by constructing the
reading order and describing regions of text, tables, and forms. With layout-aware
pre-trained models, such as Layout Language Model (LayoutLM) (Xu et al. 2020),
layout analysis has more recently been incorporated into OCR systems. The highest
level of document understanding systems is the semantic level (Ding et al. 2026).
At this level, systems go beyond the mere recognition of documents to interpret and
understand their meaning (Mahadevkar et al. 2024). The integration of text content
and layout, which is made possible by Vision-language models and transformer-based
architectures, provides the ability to support multiple functions, such as, but not
limited to, document classification and extraction of key information (Qian et al. 2021).

4.3 Task Categorization

The OCR and IE tasks have been defined based on specific attributes of document
content and linguistics. The recognition of printed texts has been studied and struc-
tured more thoroughly for printed documents than for others, and has been researched
mainly in high-resource languages (Smith 2007). The recognition of handwritten texts
brings major issues due to variability and has been the primary focus of Bangla OCR
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research (Sarkar et al. 2012). Documents combining printed and handwritten texts are
widespread in many real-world cases, for example, in administrative forms and edu-
cational resources (Shugaba et al. 2026). These documents require the construction
of models to manage diverse visual patterns (Mondal et al. 2024). Multilingual docu-
ments present an added challenge as more than one script and language can be present
in one document. Surveys show that the Bangla language tends to be underrepre-
sented in multilingual OCR benchmarks, thus advocating the need for cross-lingual
evaluation (Jabde et al. 2025), (Bhattacharya et al. 2014).

4.4 Methods and Architectures Overview

Most traditional OCR systems have relied on handcrafted construction features and
handcrafted heuristics and rules. As a result, these systems are inflexible and cannot
easily accommodate different kinds of documents (Smith 2007). The incorporation of
deep learning, coupled with improvements in CNN-based feature extractors and RNN-
based sequencing modalities, has provided a considerable boost in recognition accuracy
(Shi et al. 2016). The newest models based on transformer architecture are proving
to be the best models for OCR and document understanding (Amini et al. 2026).
An example of the transformer architecture being nimble for end-to-end text recogni-
tion is Transformer-based Optical Character Recognition (TrOCR). For example, the
LayoutLM model is layout-aware and incorporates layout information for some of the
downstream tasks, such as information extraction (Li et al. 2023). These models are
particularly useful for complex scripts and intricate layout designs, as they reduce the
need for definite segmentation.

Table 2 provides a comparative review of various optical character recognition
techniques based on five important generations. For each technique, it discusses sample
models, advantages, disadvantages, and application areas. This table demonstrates the
development of methodology from the basic template matching approach to the more
complex multimodal and generative systems of end-to-end nature.

4.5 Metrics and Evaluation Criteria

The metrics used for OCR and IE system evaluations are based on task-specific eval-
uations. Approximately, Character Error Rate (CER) and Word Error Rate (WER)
are commonly used for measuring the recognition accuracy of OCR systems (Shi et al.
2016), (Breuel et al. 2013). For precision extraction tasks, metrics such as recall and
Fl-score are used to measure extraction performance (Gu et al. 2022). Layout analy-
sis accuracy, as well as accuracy in reading order, are used to reflect the importance
of structural comprehension in document Al systems (Mondal et al. 2024). In the case
of Bangla OCR, a persistent challenge for standard evaluation is still the absence of
large-scale benchmark datasets (Inunganbi 2024).

5 Bibliometric and Trend Analysis

In this section of the analysis, a bibliometric analysis and trend analysis of Optical
Character Recognition and Information Extraction is conducted, which is concerned
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Table 2 Comparison of major approaches for OCR and document understanding.

Approach Represen- Strengths Weaknesses Best For
tative
Models
Rule-based  Template Simple, low Poor on Clean, struc-
or Hand- matching, cost, works on degraded, noisy, tured, single-font
crafted HMM- clean printed handwritten documents
based text documents, no
generalization
CNN-based LeNet, Automatic fea- Limited long- Character and
AlexNet, ture extraction, range sequence word recognition
VGG, good on printed modeling, needs
ResNet text segmentation
CNN- CRNN, End-to- Not  paralleliz- Handwritten
LSTM CNN- end, handles able, weak line recognition,
(CRNN) BiLSTM- variable-length  on  long-range scene text
CTC text, no explicit dependencies
segmentation
Transformer- TrOCR, Global con- High compute, Complex scripts
based LayoutLM, text via needs large pre- (Bangla), irregu-
Lay- self-attention, training data lar layouts
outLMv3 handles com-
plex layouts
Vision Lan- Donut, OCR-free, High resolu- Document
guage Mod- Dessurt, end-to-end, tion needed, understanding,
els Ocean- multimodal compute-heavy KIE
OCR
LLM-based GPT-4, Zero or few- Hallucination, Generative KIE,
(KIE) Gemini, shot, flexible costly, variable Q&A, document
DocLLM reasoning output reasoning

with the change in research activities, prominent publication centers, and modification
of methods used and data sources employed. The findings illustrate that document
understanding research grows in complexity and global nature, especially with regard
to the problems connected with resource-poor languages.

5.1 Publication Distribution over Time

Recent developments in the domain of OCR and Information Extraction have wit-
nessed a considerable boost in research, largely attributed to progress in deep learning
as well as a high need for automated document processing (Shugaba et al. 2026).
Some authors have found that there has been a noticeable growth in the number
of publications on the subject, especially since 2018, continuing until 2022 and 2023
(Abdallah et al. 2024). Thus, the research field remains relevant and constantly evolv-
ing. The fact that there is a lot of development indicates that the research domain
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Fig. 2 Publication trend of OCR and Information Extraction research.

is mature but still evolving, where new techniques are constantly developed (Rabby
et al. 2024). For instance, the domain of document image analysis attracts many pub-
lications and thus remains relevant. Figure 2 illustrates the trend of publications in
OCR and Information Extraction research.

5.2 Research Venues and Communities

The spread of knowledge is mainly associated with scientific conferences and journals.
International events where important new ideas are presented include the International
Conference on Document Analysis and Recognition, the IEEE or CVF Conference on
Computer Vision and Pattern Recognition, conferences of the Association for Com-
putational Linguistics, and the International Conference on Pattern Recognition. All
these events play a key role in informing the public about advances accomplished in
Document Analysis, including text detection, processing, and retrieval (Subramani
et al. 2011). It is possible to see the popularity of Document Image Analysis from
the fact that papers presented at such conferences have received many citations lately
(Wang 2025).

Journal publications play an important role, as their share tends to surpass or is
almost equal to that of conference papers in the last couple of years, especially in 2022
and 2023 in the fields of study related to text line segmentation (Rabaev and Lit-
vak 2025). Table 3 highlights major observations in bibliometric analysis and trends
in OCR and information extraction research. Six major trends have been identified:
increased publication, popular research platforms, change in the dataset from only
English to multilingual and low-resource languages, changes in methods from conven-
tional to deep learning to transformer to LLMs, geographical biases in contribution,
and the gap between industry and academia. The table provides a concise overview of
how the field has evolved and where gaps remain.

5.3 Dataset Usage Trends

Historically, studies in the fields of OCR and IE have mainly been dedicated to
English-language documents, which have resulted in plenty of datasets available for
this language, e.g., the TAM database (Ali et al. 2023) and different datasets for
scanned receipts OCR and information extraction (Townsend et al. 2024). There is
also an increasing understanding of the necessity of datasets in endangered and low-
resource languages. Nowadays, there is an increasing trend towards developing and
using multilingual and low-resource language datasets (Singh and Middleton 2025).
The development of the ”Gold Standard Bangla OCR Dataset” and vision-language

14



Table 3 Key trends identified in OCR and document understanding research.

Trend Observation

Publication Growth Sharp increase since 2018, peak in 2022-2023

Research Venues ICDAR, CVPR, ACL

Dataset Shift From English-only to multilingual /low-resource

Method Shift Traditional — DL — Transformer — LLM

Geographic Bias France, China, USA, and India lead; low-resource
regions underrepresented

Industry vs. Academia Industry leads model development, while academia

leads datasets and low-resource research

Research Focus Distribution Current Trend
English Datasets aLow-Resource Data n
a
* Rich Resources * Limited Resources
* Large Datasets * Few Datasets ope
* More Publications * Fewer Publications MUItIIInguaI Dataset Development
A4
Outcome Goal
A 3
(-
Better OCR & Information Extraction Open Access & Reproducibility

Fig. 3 Dataset usage trends in OCR and Information Extraction research.

model fine-tuning for low-resource languages like Manchu is very important at the
moment (Ali et al. 2023), (Chung and Choi 2025).

Researchers urge the creation of open-access datasets in languages with fewer
opportunities to promote transparency and further developments in this field (Rabaev
and Litvak 2025). Nevertheless, there are still significant gaps for now, and the num-
ber of papers in ACL venues concerning many of the low-resource languages remains
quite low. The influence of multilingual datasets on research in information extrac-
tion is being felt nowadays, which helps fill the gap (Yang et al. 2025). Figure 3 shows
the progress in the development of datasets used in OCR and Information Extraction
research.
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5.4 Methodological Evolution

Methodologically, there was a radical change in the field of OCR and IE. Classi-
cal rule-based and machine learning methods, where feature engineering and heavy
pre-processing steps were needed (Murad and Ali 2023), were outperformed by deep
learning techniques (Rabby et al. 2024). Convolutional Neural Networks introduced
novel methods for automatic feature generation and helped to increase the accuracy
of scene text recognition (Murad and Ali 2023). The next milestone in this field was
the development of transformer models that allowed building robust models able to
handle various types of fonts, distortions, and complex layout structures (Constum
et al. 2025). Contemporary end-to-end document understanding models incorporate
different deep neural network architectures, including both computer vision and nat-
ural language processing components (Subramani et al. 2011). The tendency of the
development is moving to the creation of universal encoder-decoder models, where
large-scale models like Donut and Dessert prove their good language modeling skills
using transfer learning (Constum et al. 2025). Some recent works include OCR-free
and generative approaches to Key Information Extraction, where Large Language
Models are used to prevent errors introduced by external OCR engines (Rombach and
Fettke 2025). Figure 4 shows the methodological evolution of OCR and Information
Extraction technologies.

5.5 Geographic and Institutional Contributions

Research on OCR and IE systems, including low-resource language cases, shows geo-
graphical and institutional inequality in contributions. There is no doubt about the
substantial contributions to text line segmentation made by France, China, the USA,
and India (Rabaev and Litvak 2025). Geographic citation gaps in NLP studies persist
and concern less resourced languages in particular. As geographical location correlates
with language use, overcoming these gaps will be crucial to advancing global language
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technology (Joshi et al. 2020). Industry research laboratories play an increasingly
significant role in transformer-based and large-scale pretrained model development,
whereas academic organizations retain an essential role in creating datasets and inno-
vating language-specific technology, including for low-resourced languages (Han et al.
2025), (Orife et al. 2020).

The development of Bangla OCR systems includes academic and regional
research institutions contributions to creating essential datasets and developing tools.
BanglaWriting offers data for Bangla handwriting recognition (Mridha et al. 2021).
BaDLAD offers a dataset of a large-scale Bengali document layout covering several
document types (Shihab et al. 2023). Open-source projects like bbOCR have con-
tributed to Bengali document digitization and OCR studies (Zulkarnain et al. 2023).
These contributions show the significance of work done by regional institutions in
developing language and document-specific resources.

However, research on low-resource languages still faces numerous barriers con-
nected with insufficient availability of datasets, computational power, funding, and
research infrastructure (Han et al. 2025), (Joshi et al. 2019). Cooperation between
universities, industry research laboratories, and the local language community may
contribute to filling these gaps and the sustainable development of language technol-
ogy (Orife et al. 2020). Development of multilingual pretrained models like mT5 gives
opportunities to transfer language-specific knowledge and apply it to other languages,
such as Bengali (Xue et al. 2021). On the other hand, projects like No Language Left
Behind are aimed at developing technology for a wider range of languages (Costa-
Jussa et al. 2022). However, a substantial research gap between high and low-resource
languages still exists (Joshi et al. 2020). Hence, it is crucial to develop Bangla-specific
datasets, benchmarks, open-source projects, and conduct further research.

6 Datasets and Benchmarks

Datasets and benchmark suites are a deciding factor in developing and comparing
OCR and document understanding systems. The selection of the dataset will determine
the generalizability of the system, its performance on the dataset, and the extent
of progress achieved through research. Unfortunately, there is no uniformity in the
datasets being used and in their evaluation.

6.1 General OCR Datasets

General OCR datasets are usually intended for use in text recognition at the levels
of characters, words, or lines. Early OCR datasets were created using clean and high-
quality scanned documents, and thus helped in the development of algorithms but
could not represent the variation present in the wild (Pal et al. 2024). Later on, OCR
datasets started to include images of degraded scans, scene text, and synthetic images
to enhance robustness (Hasan et al. 2023). However, even though much improvement
has been achieved with the help of these OCR datasets, there is still a bias in favor of
Latin alphabets and structured documents (Taghva et al. 1994). The following Table
4 presents the comparison of several commonly used OCR datasets with respect to
languages, document types, sizes, contents, and formats of images.
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Table 4 Comparison of publicly available OCR datasets used for printed, handwritten,
multilingual, and document image recognition tasks.

Dataset Language Dataset No. of Image Image
Name Type Images Content Format
Bengali OCR Bangla Printed, 1M+ Word Jpg
Dataset 1M Handwrit-
ten
SROIE Dataset English Printed 973 Receipts Jpg
v2
Page-level Bangla Handwritten 996 Paragraphs .png
Anno- (from 27
tated Text unique
Recognition sources)
Assemblage
ICDAR 2019 Arabic, Printed 20,000 Different jpe,
MLT OCR Bangla, document .png
Dataset Chinese, sources
English,
French,
German,
Italian,
Japanese,
Korean,
and Latin
Tafsir Ibn Bangla Printed 6,413 Book .png,
Kathir Bangla .pdf
TextOCR Mixed Printed 25,100 Natural .Jjpg
images
OCR Dataset English and Printed, 4,266 Invoices, .png,
of Multi-type Vietnamese Handwrit- forms, ID .jpg
Documents ten cards, and
real-life pho-
tographs

6.2 Key Information Extraction Datasets

KIE datasets move from just recognizing information to semantics-based labeling of

entities like names, dates, totals, and IDs. Datasets for tasks related to invoices,
receipts, and structured documents have resulted in joint modeling of OCR and layout
analysis (Patel and Bhatt 2020). However, many KIE datasets utilize domain-specific
layouts with minimal layout variations that make it impossible for the model to
generalize to new layouts (Yang et al. 2025), (Ly et al. 2025). Furthermore, cost consid-
erations may lead to very small datasets, thus increasing the possibility of overfitting
and dataset optimization (Henge and Rama 2016).
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6.3 Multilingual and Low-resource Datasets

Multilingual and low-resource datasets help to resolve the problem of unbalanced OCR
research through the provision of data for the scripts or languages that lack coverage
in current research (Singh and Middleton 2025). The availability of publicly available
websites like Kaggle, GitHub, and Mendeley Data has made possible the publication of
community datasets such as handwriting and historic documents (Nguyen et al. 2021).
Examples of such datasets include BanglaLekha for Bangla handwriting, Mozhi-LR
for low-resource scripts, and others (Noor 2005). However, despite the significance of
the datasets, they are characterized by limited sizes, inconsistent annotation practices,
and no benchmarks (Jabde et al. 2025), (Prakash and Hanumanthaiah 2022).

6.4 Dataset Limitations and Bias Issues

For both OCR and DLA datasets, biases within the data are major issues. Clean doc-
uments are more frequent in datasets than in reality, along with a majority language
and certain document types, resulting in optimistic performance and poor generaliza-
tion (Rahman et al. 2023). Even though synthetic data is valuable for extending the
scale of training data, there might be problems in terms of simulating realistic noise
distribution and layout variations (Yu et al. 2021). Moreover, the lack of consistent
assessment procedures and data on metadata leads to challenges in replicability and
comparability of results (Maung et al. 2025). Solving such problems would require
larger and more varied data sets and the standardization of annotation procedures
and benchmarking (Yang et al. 2025), (Sakib et al. 2022).

7 Performance Evaluation and Comparative Analysis

In this section, the critical analysis of OCR and KIE approaches used in this research is
performed. The comparison is made among the conventional OCR engines, deep learn-
ing architecture approaches, transformer-based methods, and LLM-driven extraction
approaches. Particular attention is paid to the script of the Bengali language due to
its unique ligature-driven characteristics. The performance assessment is performed
according to standard metrics quantification methods with respect to the literature.

7.1 OCR Model Performance

The OCR technology has progressed significantly from rule-based and handcrafted
feature-based approaches towards deep learning architectures. The success of the OCR
system greatly depends on the capability of the architecture to detect discriminative
visual features, model character-level dependencies, as well as capture the contextual
dependency of adjacent characters and words (Amini et al. 2026). Considering this, the
widely used OCR approaches can be divided into the following categories: traditional
OCR engines, convolutional and recurrent neural network-based architectures, and
modern Transformer-based approaches. This section provides a review of the charac-
teristics, pros, cons, and performance of the following four OCR approaches: Tesseract,
TrOCR, CNN-LSTM-based OCR systems, and Transformer-based OCR. approaches.
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7.1.1 Tesseract OCR

Tesseract is one of the most popular open-source OCR engines and an example of the
conventional OCR framework, which has experienced significant architectural progress
over the years. The initial version of the Tesseract OCR engine was intended for
printed text recognition using a series of image analysis, text-line detection, feature
extraction, classification, and adaptive recognition algorithms (Smith 2007). Further
developments of the engine included the implementation of neural network recognition
modules, especially LSTM networks. Consequently, Tesseract has stayed an efficient
OCR tool because of its openness, multilingualism, and low computational cost.

One of the strengths of Tesseract OCR is that it is capable of working well with
clean, machine-printed texts having clear character edges and consistent layouts, thus
being able to perform recognition without the need for a custom-trained deep-learning
model. However, its recognition results can be rather poor for noisy, degraded, low-
resolution, handwritten, or stylized texts. Recognition can be additionally affected by
complex layouts, non-uniform character spacing, illumination, and background. Con-
sequently, despite remaining applicable as a lightweight OCR engine and baseline for
comparison in research papers, the performance of Tesseract OCR can be insufficient
for some recognition tasks (Smith 2007).

7.1.2 TrOCR

TrOCR constitutes a breakthrough in end-to-end OCR through utilization of pre-
trained Transformer models for extraction of visual representations as well as for
generation of text (Li et al. 2023). As opposed to conventional OCR architectures,
which might include separate feature extraction, sequence modeling, and language-
model-based postprocessing steps, TrOCR models recognition as an image-to-text
generation task.

Due to the use of pretrained Transformers, TrOCR becomes capable of benefiting
from large-scale pretraining, as well as fine-tuning on the task of interest. In the original
TrOCR study, the architecture has been investigated for printed, handwritten, and
scene-text recognition tasks and outperformed other recognition approaches (Li et al.
2023). Integration of visual and linguistic information in a single architecture makes
it especially useful when character recognition depends on context.

On the other hand, the computation costs of TrOCR and other pretrained Trans-
former architectures tend to be higher than those of simple OCR algorithms. Their
performance may also be affected by the availability of appropriate pretraining
and fine-tuning data, especially if there are notable differences between the target
and training languages, scripts, document domains, or visual characteristics. Thus,
although TrOCR offers a robust end-to-end architecture, computation costs and
domain adaptation are essential factors for deploying it (Li et al. 2023).

7.1.3 CNN-LSTM Based OCR Models

The combination of a CNN and an LSTM network allows integrating feature extraction
and sequence modeling capabilities within a single model architecture. The Convolu-
tional Recurrent Neural Network (CRNN) model represents one such architecture in
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which feature extraction, sequence modeling, and transcription are combined into a
single end-to-end system (Shi et al. 2016). The role of the CNN part is to map the
input text image into a sequence of high-level features, while the recurrent layers are
used to model interdependencies between neighboring characters (Wang 2025). CTC
is widely used for transcription without explicit character segmentation.

CNN-LSTM-based approaches have been quite successful in scene-text and hand-
writing recognition due to their joint exploitation of spatial and sequential properties.
Unlike traditional OCR algorithms, they are capable of learning discriminative visual
representations in an end-to-end manner using training data; they are also capable
of handling variable-length text sequences and thus can be employed in practice.
However, due to their nature of processing sequential information in a recurrent man-
ner, such networks cannot be easily parallelized, and consequently, processing time
increases in the case of long sequences. Moreover, while LSTMs are capable of captur-
ing context dependencies within extended sequences, their sequential nature might be
inferior to the state-of-the-art self-attention approach (Shi et al. 2016).

7.1.4 Transformer-Based OCR Models

The impact of Transformer-based architectures on sequence modeling is associated
with the use of self-attention modules (Dong et al. 2021). While RNNs operate on
sequential inputs in a recurrent way, Transformers are able to model relations between
several positions with the help of attention operations performed in parallel. The abil-
ity of the self-attention module to weigh input elements allows modeling contextual
relations between them even at rather large intervals (Vaswani et al. 2017), (Dong
et al. 2021). Tt is important in the context of OCR since the recognition of a partic-
ular symbol or token may be influenced by the context. Modern Transformer-based
OCR systems can use encoder-only, encoder-decoder, and vision-language approaches
depending on the type of OCR task. In the case of vision-based OCR, image encoders
can encode image regions or patches into contextualized representations, while Trans-
formers can be used to decode the textual sequence corresponding to the encoded
visual input. TrOCR is an excellent example of such an architecture: the system
includes an image Transformer encoder and a text Transformer decoder (Li et al.
2023).

Nonetheless, OCR Transformer architectures have several issues associated with
them. The computational resources required for their training and inference opera-
tions might be quite significant for high-resolution images and long sequences, for
instance. Moreover, pre-trained models can demonstrate inferior results when applied
to different languages, scripts, document structures, and conditions compared to those
encountered during the pre-training process (Li et al. 2023), (Vaswani et al. 2017).
Thus, domain-specific fine-tuning and proper choice of training data become critical
for reliable performance of specialized OCR tasks.

7.1.5 Discussion of Comparative Performance

The development of OCR from traditional OCR engines like Tesseract to CNN-LSTM
architectures and then to Transformer-based solutions shows the trend of moving from
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hand-crafted recognition pipelines to end-to-end representation learning and contex-
tual sequence modeling. Tesseract is still useful owing to its simplicity, availability,
and lower requirements for computational resources compared to other models. While
they work fairly well for clean, printed texts in the English language, they perform
poorly when processing Bangla scripts due to their complexity (Smith 2007).

CNN-LSTM models combine convolution-based feature extraction and recurrent
sequence modeling (Shi et al. 2016). Such models perform averagely on multilingual
data and fail to represent long-range contextual dependencies. TrOCR, uses a vision
transformer for encoding images and an autoregressive decoder (Li et al. 2023). The
ability to model global context using the self-attention mechanism results in decreased
CER and WER in low-resolution and noisy images. In general, OCR models based
on transformers are more efficient for recognizing text, including those written in
complicated scripts, such as Bangla. Table 5 presents a comparative summary of
representative OCR and document information extraction studies.

7.2 OCR Evaluation Metrics

The following are the measures that are applied to measure the efficiency and effec-
tiveness of OCR and KIE in relation to text recognition and information extraction,
respectively.

7.2.1 Character Error Rate (CER)

The CER is an evaluation metric that computes the accuracy rate at the character

level. It determines the ratio of substitutions, deletions, and insertions to the total

number of characters in the ground truth text. The CER is especially relevant to

Bangla OCR because of the complexity of compound characters and diacritics (1).
S+D+1

CER= "1~ (1)

where S denotes substitutions, D denotes deletions, I denotes insertions, and N
represents the total number of characters in the ground truth.

7.2.2 Word Error Rate (WER)

WER is used to measure the accuracy of OCR on a word basis by measuring the
number of substitutions, deletions, and insertions done to the words against the
total number of words in the reference texts(Karpinski et al. 2018). Word error rate
determines the correctness and readability of the OCR output (2).

wep- St D1 o)

where N,, represents the total number of words in the ground truth.

7.2.3 Precision

Precision can be defined as the ratio of the information that has been extracted
correctly to the total amount of information that has been extracted by the system (3).
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Table 5 Comparison of representative OCR and information extraction studies based on datasets,
methodologies, and reported performance.

Paper Dataset Methodology Performance
Result

Liet al. 1,720 scanned YOLO detects layout, CNN Segmentation and
(2025) pages with 8,225 recognition, augmentation Recognition Accu-

labeled regions training, and projection-based racy: 97-99%

segmentation

Niloy CMATERdb CNN for spatial feature CNN slightly out-
et al. 3.1.1 and extraction and RNN/LSTM performed RNN
(2025) BanglaLekha- for sequential modeling

Isolated
Singh Various bench- Survey of CNN, RNN, and Detection F1:
(2025) mark datasets hybrid methods for text detec- 0.92; Overall

tion and recognition Accuracy: 90.5%

Opu Combined CMA- Comparison of LeNet, Accuracy: 98%
et al. TERdb and ISI AlexNet, VGG, and
(2024) Bangla  hand- lightweight CNN with aug-

written datasets  mentation and normalization
Pal Custom iso- Two-stage SSD with transfer F1 Score: 82.86%
et al. lated Bangla learning. Stage 1 fine-tuned
(2024) characters and on characters; Stage 2 reused

handwritten the backbone for handwritten

word images word recognition
Cao SROIE, FUNSD, Transformer integrating text, SROIE F1: 91%;
et al. and CORD layout, and visual features Better than Lay-
(2023) with prompts outLMv3
Li et al. 684M synthetic Transformer encoder-decoder SROIE F1 Score:
(2023) text lines and with ViT/DeiT/BEiT encoder >96%

multiple bench- and RoBERTa/MiniLM

mark datasets decoder
Monsur 11K real NID OCR-free Donut with syn- Bangla Field
et al. images and 50K thetic documents and multilin- Accuracy (TED):
(2023) synthetic images  gual tokenizers 81.53%
Rahman 788 full-page Unsupervised line segmenta- Line  Segmenta-
et al. handwritten tion using Otsu, Canny, mor- tion FM: 81.57%;
(2023) documents phology, Hough, and OPTICS mAP: 0.547
Dergachov Scanned and Denoising, binarization, skew OCR  Accuracy
et al. photographed correction, segmentation, and Improvement: 10—
(2021) documents normalization 25%
Islam Custom dataset Bounding-box text detection, Detection:
et al. of 600 natural word segmentation, charac- 89.25%; Extrac-
(2020) scene images ter extraction, and CNN-based  tion: 94.50%;

recognition

Overall: 95.76%
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TP
Precision = m (3)

7.2.4 Recall

Recall is the ratio between the correct extraction of information to the total amount
of information that is relevant in the ground truth (4).

TP
Recall = m (4)

where TP, FF'P, and FN denote true positives, false positives, and false negatives,
respectively.

7.2.5 F1-Score

F1-score is the harmonic mean of both and serves as an equilibrium evaluation measure
for the information extraction process (5).

Pl 2 x Precision x Recall

()

Precision + Recall

7.3 Comparative Analysis of KIE Techniques

KIE reformulates the unstructured OCR results into structured objects. This process
is normally realized in two broad paradigms. The first is structured extraction models
with deep learning, whose architectures are generally designed to jointly infer from
text, layout, and visual information, identify entities, and extract relevant fields. The
second is generative extraction systems with LLMs, which rephrase extraction as a
text-to-text generation task, and we instruct or fine-tune an LLM to generate the
structure directly from the OCR text and context (Wang et al. 2025).

7.3.1 Deep-Learning-Based KIE

Traditional approaches use sequence labeling approaches, e.g., BILSTM-CRF and
frame entity extraction as a token classification task (Lample et al. 2016). Bet-
ter approaches like LayoutLM fuse text and spatial layout information for better
understanding of document images for structured documents (Xu et al. 2020).

Some strengths of these approaches include their relatively high accuracy on
domain-specific tasks; the structure of the predicted outcome can be predetermined
and rendered deterministic as well; they lead to efficient inference time.

Some limitations, on the other hand, include their need for a large-scale labeled
dataset and low flexibility to accommodate document design changes for models
trained.

7.3.2 LLM-Based KIE

LLMs like GPT-4 and Gemini frame KIE not as a token labeling task but as a problem
of generation-reasoning, enabling them to achieve coherent outputs through a pre-
specified document format from an in-context prompt without the need for individual
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token-level labeling. This paradigm comes with several pros: zero-shot or few-shot
performance, generalization over diverse document formats. This paradigm also has
several cons: hallucination, higher costs, and variable output format (Wang et al.
2025).

7.4 Error Analysis by Language Type

Bangla script poses unique OCR problems that can be blamed on its orthographic
level.

7.4.1 Ligatures

The Bengali language has many complex characters, which are a result of a mixture
of consonants. These ligatures are often confused with segmentation-based systems,
thus enhancing substitution and deletion errors.

7.4.2 Matra and Diacritics

The horizontal matra is used to link the characters in words. This structure can
also have noise or partial discontinuities that typically lead to segmentation errors.
The diacritics used above or below words are often misaligned, resulting in wrong
identification.

7.4.3 Stroke-Level Similarity

A few of the Bangla characters have shapes that are almost identical, with minor
differences in the strokes. Such characters can be confused with CNN-based models in
low-resolution images. The transformer-based systems address this problem by using
contextual inference. The analysis of errors shows that script-specific peculiarities have
a strong impact on CER and WER, which makes the use of script-aware training
tactics relevant.

7.5 Cross-Script Generalization Capabilities

Cross-script generalization represents the ability of a system to perform across multiple
languages. In traditional approaches like Tesseract, there is a need for language-
dependent training data and the inability of these systems since the performance
decreases in relation to the usage of unknown scripts (Smith 2007). Architectures based
on Transformers allow multilingual pretraining and the ability to obtain language-
independent representations, which improves zero-shot transfer (Dong et al. 2021).
Models that are layout-aware, like LayoutLM, are more generalized as they include
spatial data and become resistant to any particular format of documents (Xu et al.
2020). Systems that rely on LLMs have a high level of adaptability due to the use of
large multilingual training corpora (Wang et al. 2025). However, there may be a risk
that performance in low-resource scripts underrepresented in pretraining will be low.
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7.6 Strengths and Weaknesses of Current Approaches

A critical comparative analysis shows that different OCR systems have different trade-
offs. In older systems like Tesseract, it is possible to distinguish smallness, ease of
implementation, and cost-effectiveness. Nevertheless, there are no complex contextual
modeling components in them, and it is difficult for them to cope with complicated
scripts and noise. The architecture of CNN-LSTM models contributes to improving
the accuracy due to the combination of visual and sequential learning components (Shi
et al. 2016). However, repetitive patterns prevent parallelization and long-dependency
modeling. Transformer-based OCR models like TrOCR represent cutting-edge systems
with a global self-attention model (Li et al. 2023). It improves multilingual recognition
but requires high computational power. GPT-4 (LLM-based KIE) has a high level
of reasoning and can extract information flexibly. The problem with hallucination
and high costs of computation calls for additional mechanisms of validation in order
to ensure reliability. In conclusion, hybrid systems with transformer-based OCR and
LLM assisted KIE modules represent the best trade-off.

8 Applications and Use Cases

In this section, we are going to talk about practical applications of OCR and IE
in various domains. Special attention will be paid to practical applications of these
technologies with low-resource languages like Bangla. The recent improvements in
deep learning and document understanding are changing the way information based
on documents is being digitized, managed, and analyzed.

8.1 Land Records and Legal Documents

Firstly, OCR technologies are helping the government and legal institutions to manage
land records (Favish 2019). In particular, OCR is useful in converting written and
printed text into a machine-readable format. This makes the process of processing data
much more efficient since, at the moment, it is done manually, which leads to slow and
inaccurate results (Ali et al. 2023). Also, with OCR technologies, the possibility of
fraud analysis in legal documents and extraction of accurate information from archives
becomes much higher (Hossain et al. 2022). Therefore, there is an evident necessity
to create a robust system for recognizing handwritten words for governments and
companies to analyze large amounts of handwritten land and legal documents. There
is a need for special OCR software for complex script languages like Bengali in order
to analyze deteriorated documents with fading, stains, hard-to-read handwriting, and
complicated layout. For example, datasets such as BaDLAD, a multi-domain Bengali
Document Layout Analysis dataset with human-annotated property deeds and public
government documents, can be used to improve layout analysis and the accuracy of
OCR in such cases (Shihab et al. 2023).

Modern OCR technologies in Bengali are able to analyze the layout of the doc-
ument and detect embedded images and signatures in order to make it completely
digitized. Open-source OCR tools like bbOCR are helpful in analyzing and digitalizing
historical and legal documents in Bengali (Zulkarnain et al. 2023). Current research
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is focused on information degradation and improving the text extraction accuracy
in order to preserve and extend the legal and land record accessibility in the era
of information. First of all, the process of OCR starts with scanning the document
into a digital image. This image is pre-processed with steps like binarization, noise
removal, and skew detection. At the last step, the system extracts the features and
recognizes characters in order to create accurate, machine-readable text. Additionally,
technologies for recognizing handwritten digits also help in the analysis of numerical
information in legal and land documents (Islam et al. 2023).

8.2 Finance

The financial industry greatly benefits from OCR technology, which recognizes char-
acters from invoices, receipts, and other financial documents to convert them into
machine-readable form. It enhances efficiency and minimizes errors due to human fac-
tors (Rexhepi et al. 2025). Manual processing of financial documents is tedious and
error-prone, but OCR technology automatically extracts the data required for financial
activities like expense management, recordkeeping, and auditing. The recent develop-
ments in machine learning and cloud technology have greatly helped in improving the
efficiency of OCR technology.

However, problems arise due to variations in layout, font, language, and script
(Rabby et al. 2024). Multilingual financial document understanding requires more
advanced models and datasets for layout analysis, such as BaDLAD, which contains
annotated financial documents like invoices and receipts along with structural ele-
ments like tables, logos, and signatures (Shihab et al. 2023). A proper OCR system,
including scanning, preprocessing operations like binarization, noise removal, skew
correction, and layout analysis, feature extraction, and text recognition, ensures suc-
cessful digitization (Islam et al. 2023). Advanced handwritten OCR for complex scripts
like Bangla, with quality datasets and software like bbOCR, would greatly aid multi-
lingual financial document analysis (Zulkarnain et al. 2023). Table 6 summarizes the
overview of the five areas where the OCR, technologies find their practical application.
In each area, the practical uses of the technology, the technology types used (DLA,
OCR, KIE, handwriting), the related datasets (BaDLAD, bbOCR, SROIE, CORD),
and the problems faced are provided. It can be seen that the technology is widely
applicable, but different fields have their own unique problems to tackle.

8.3 Healthcare

In the healthcare sector, OCR technology plays a very important role in the digitiza-
tion of electronic health records, prescriptions, and other healthcare documents. This
technology enables the reading of printed and handwritten documents to easily access
the information (Ali et al. 2023). Handwritten prescription documents, especially those
written in complex scripts such as Bengali with complex characters and marks, pose
some challenges (Maung et al. 2025). In state-of-the-art OCR technology, the use of
advanced models and DLAs identifies text regions, tables, images, and signatures even
in damaged and faded documents. The accurate recognition of handwritten text and
numbers is crucial to understand the doctor’s comments, prescriptions, doses, and
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Table 6 Applications of OCR and information extraction across different domains.

Domain Use Case Key Tech- Datasets Challenges
nologies
Land Property deeds, DLA, OCR, BaDLAD, Degraded docu-
Records &  legal docu- handwritten bbOCR ments, complex
Legal ments, fraud recognition layouts,  hand-
analysis written text
Finance Invoices, KIE, layout SROIE, Layout variabil-
receipts, bank- analysis, LLM- CORD, ity, multilingual
ing based extraction BaDLAD documents
Healthcare EHRs, prescrip- Handwritten Custom Handwriting
tions, medical OCR, DLA, medical variability, com-
records digit recognition datasets plex scripts
(Bangla)
Historical =~ Manuscripts, Deep OCR, BaDLAD, Paper decay, ink
& Cul- rare books, DLA, prepro- Gold Stan- bleed, faded text,
tural heritage preser- cessing dard Bangla  complex typog-
Archives vation raphy
Government Forms, regis- OCR, DLA, sig- BaDLAD, Mixed  printed
or Public tration, postal nature recogni- bbOCR or handwritten
Services codes, ID cards  tion documents, poor

illumination

record numbers (Islam et al. 2023). Deep learning algorithms enhance the performance
of the OCR technology in degraded historical documents by addressing stains, illumi-
nation, and faded text (Chaudhury et al. 2022). The systematic OCR process involving
preprocessing, binarization, noise removal, skew correction, and layout analysis allows
the accurate digitalization of documents, while datasets and open-source software like
bbOCR aid in multilingual processing on a mass scale (Zulkarnain et al. 2023).

8.4 Historical and Cultural Archives

The application of OCR technology in the digitization of historical and cultural data
is crucial for the preservation and improvement of the research aspect of such data
(Ali et al. 2023). OCR technology helps in the scanning of historical documents, which
are later transformed into an easily machine-readable form (Tuama and Mohamed
2025), (Machidon et al. 2026). The technology will help in reducing the storage space
that is required for storing such documents, which is crucial in preserving such rare
cultural data (Chaudhury et al. 2022). Historical documents are, however, challenging
due to issues such as paper decay, fading in text, staining of text, bleeding of ink,
complex writings, and handwriting styles (Tuama and Mohamed 2025), (Machidon
et al. 2026). The scenario becomes worse if the documents are written in languages
such as Bengali, which has compound characters, modifiers, and diacritics, especially
historical documents that may have varying typography and layout designs (Maung
et al. 2025).
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With better OCR technology, DLA, and preprocessing, it is possible to overcome
these challenges by segmenting irregular historical document pages into meaning-
ful units (Singh and Middleton 2025). High-quality human-annotated datasets such
as BaDLAD, as well as well-crafted ’gold standard’ training datasets, are critical in
improving the performance of deep learning-based OCR systems for low-resource lan-
guages such as Bengali (Shihab et al. 2023). The use of state-of-the-art open-source
tools such as bbOCR will play an important role in the large-scale digitization of
historical Bengali documents, while deep OCR, algorithms are necessary for handling
degraded and handwritten texts for historical data preservation and accessibility.

8.5 Government or Public Services Digitization

The digitization of government and public services has been greatly helped by OCR
technology that allows printed or handwritten texts to be converted to digital infor-
mation for efficient data retrieval (Rexhepi et al. 2025). For Bangladesh, the official
language of documentation is Bangla, hence the need for having robust OCR systems
for handling the digitization of handwritten texts for cultural preservation and public
access purposes. Application of OCR technology has significantly helped improve the
efficiency in the administration services of digitally processing various forms that have
information regarding students, registration numbers, and postal codes (Islam et al.
2023).

Advanced optical recognition systems are therefore needed for the handling of
different government official documents which may either be computer-composed, let-
terpress, typewriter, or handwritten (Rabby et al. 2024). With advanced technology,
Bengali can be able to identify layouts, maintain original alignments, images and rec-
ognizing signatures. The complete optical recognition process of document scanning,
preprocessing, feature recognition, and post-processing is essential in the digitization
of official documents, especially those that are faded due to poor illumination condi-
tions (Omee et al. 2012). Datasets such as BaDLAD have helped in developing accurate
models for official documents used by governments, with open-source tools such as
bbOCR being able to facilitate the digitization of documents at scale (Zulkarnain et al.
2023).

9 Challenges and Future Directions

The following sections will discuss some of the important obstacles that still hinder the
efficiency and usability of OCR and IE methods, especially for Bangla and other low-
resource languages. Some of the important problems that exist in the areas mentioned
above include poor quality of the documents, mixed-format documents, data paucity,
lack of generalizability, and bias. Some new trends such as self-supervised learning,
multi-modal learning, and LLMs are also discussed below.

9.1 Document Quality and Noise Issues

The problem of sensitivity to the degradation of handwritten Bangla documents, such
as low-resolution scans, uneven illumination, ink bleeding, and complex backgrounds,
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is very serious, resulting in poor performance of segmentation and recognition meth-
ods. The performance of the combined YOLO and CNN pipeline for handwritten
Bangla script is high, and correction and data augmentation methods were identified
as key challenges in noisy conditions (Maung et al. 2025). At the same time, testing
the capabilities of Tesseract and EasyOCR on the Bangla-CrossHair dataset also con-
firms that performance depends on the image quality and preprocessing techniques
(Chowdhury et al. 2025). Research into historical documents reveals the necessity
of specialized layout detection techniques and machine learning-based correction of
the degraded document layout to achieve adequate recognition results (Fleischhacker
et al. 2025). Additionally, advances in the area of document layout analysis and text
line detection are important in order to prevent error propagation in the subsequent
recognition modules (Fateh et al. 2024).

9.2 Handwritten and Printed Mixed Documents

Mixed-document contexts are difficult in the structural and semantic aspects because
they include handwritten and printed text. Benchmark testing results show that a
classic OCR system such as Tesseract is unable to achieve reliable recognition for two
types of documents, as shown in the research (Chowdhury et al. 2025), (Nazeem et al.
2024). Systems such as Invizo for Arabic text documents show that the implementation
of an integration pipeline is much better at coping with fragmentation as compared to
conventional solutions (Shugaba et al. 2026). However, the accuracy of text recognition
is lower for more complicated documents (Waly et al. 2025). Ocean-OCR and other
systems show good results in mixed OCR processing through utilization of cross-
modal representations; however, a low quantity and variety of training data negatively
influence the performance of this approach (Sharma et al. 2025), (Chen et al. 2025). All
these examples prove that OCR application for Bangla language requires a good layout
analysis that would accomplish construction-aware segmentation and good modeling.

9.3 Low-resource and Domain-specific Languages

The challenges of Bangla handwritten OCR include limited annotated training
datasets, lack of sufficient domain variation, and poor representation of ligatures and
compound character classes. In the case of Bangla handwritten OCR, the hybrid
framework recognizes data paucity and lack of augmentation as major research chal-
lenges, especially when dealing with unconstrained handwriting (Maung et al. 2025).
Open-source OCR libraries comparative analysis reveals that low-resource languages
are generally lagging behind English due to a paucity of pretraining data corpora as
well as script optimization (Nazeem et al. 2024). The research into the use of vision-
language transformers for multilingual low-resource Urdu OCR suggests the potential
to adapt similar techniques for Bangla OCR (Cheema et al. 2024). Moreover, the
unified end-to-end approach recommended in General OCR, Theory provides insights
about scalability of pretraining and holistic modeling in order to reach the OCR-2.0
era (Wei et al. 2024).
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9.4 Generalization, Robustness, and Fairness

The major shortcoming that all OCR systems for handwritten Bangla text recog-
nition share is a lack of proper generalization abilities. Although the Transformers
provide better performance compared to other models with regard to context embed-
dings and sequence processing, they will still require large datasets to be trained on
diverse writing styles and domains (Fujitake 2024). The disadvantages outlined in the
OCR-Reasoning Benchmark support the notion that the cutting-edge multi-modal
pretrained language models are unable to conduct complex reasoning procedures with
images of text due to their own limitations when it comes to semantic generalization
of the content being analyzed (Huang et al. 2025). Moreover, the comparative analy-
sis of various OCR methods applied to natural scene images showed that robustness
differs depending on various conditions and the complexity of the script (Prakash and
Hanumanthaiah 2022). Thus, it is important to highlight the necessity of ethical eval-
uation and cross-script evaluation research, as well as the need to create representative
datasets from various domains in order to achieve good OCR services for Bangla or
any other low-resource languages (Mahadevkar et al. 2024).

9.5 Emerging Solutions

The new models will be useful in developing OCR for Bangla handwritten texts.
For instance, the Ocean-OCR model employs the integration of images and lan-
guage for a deeper contextual understanding and generalization of OCR (Chen et al.
2025). The use of decoder-only transformer models such as DTrOCR will also allow
for better end-to-end modeling and context alignment and therefore avoid using the
traditional procedures of data preprocessing, which have been developed manually
(Fujitake 2024). Using self-supervised and generative methods such as TextPixs allows
generating synthetic data, implying the use of diffusion conditioned on glyphs and
OCR-guided supervision, which may be helpful for solving problems under the condi-
tions of limited resources (Gillani et al. 2025). The last but not least method to increase
the efficiency of OCR in Bangla manuscripts will be the use of large-scale language
models for correcting the results of the OCR of historical manuscripts, which leads to
considerable improvements in the transcriptions (Thomas et al. 2024). In general, the
above-mentioned findings indicate ways to develop efficient solutions for Bangla OCR.

10 Conclusion

This paper provides a detailed discussion of the current state-of-the-art progress made
within the areas of OCR, DLA, IE, and KIE, with a focus on deep learning-based
approaches in the areas of OCR and DLA specifically in the domain of Bangla and
other low-resource languages. To be more specific, the current state-of-the-art progress
made within the area of OCR, with the evolution of OCR from its earliest rule-based
methods to the modern transformer-based and vision-language models, is highlighted
within this survey. The significance of integrating techniques from document layout
analysis and text recognition is also highlighted in the survey with respect to achieving
better results.
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10.1 Summary of key insights

The objective of this survey was to analyze recent trends in the field of document anal-
ysis and processing in relation to the following sub-topics: OCR, DLA, IE, and KIE
in the context of Bangla and other low-resource languages using deep learning-based
solutions. The findings of this survey show that the field of document processing and
analysis has experienced a paradigm shift from the traditional handwriting feature
engineering-based methods to the advanced deep learning and vision-language tech-
niques, including layout-aware language models and LLMs. Advanced techniques for
document image recognition are more efficient at capturing contextual information,
which in turn contributes to higher accuracy in both layout analysis and information
extraction.

Furthermore, this survey reveals that modern-day document analysis systems tend
to adopt an approach combining OCR and IE systems rather than relying solely on
OCR in order to achieve better results in complex document layout while preserving
reading order and extracting relevant information systematically. Nonetheless, several
barriers have been identified that hamper the development of research in the domain
of document processing and analysis, especially in low-resource languages like Bangla,
including the non-existence of standardized annotated datasets, lack of benchmarking
standards, high computational power requirements, and poor generalization capabili-
ties. Lastly, this survey concludes by suggesting some research directions in order to
further the research in document analysis.

10.2 Long-term vision for OCR and IE in low-resource
languages

The future of OCR and IE is associated with creating systems that can extract infor-
mation from images of documents with a minimal amount of human intervention
and that can understand the structure and the content of the document at the level
of an average person reading the document. To solve the problem with low-resource
languages like Bangla, it is important to get more annotated data and create a bench-
mark. Moreover, it is necessary to create a multilingual foundation model capable of
performing cross-lingual transfer. Thus, the future of research needs to be associated
with developing an end-to-end system that recognizes text, analyzes the structure,
and extracts information using vision-based language models and large-scale language
models. Such a model is very necessary to digitize historical documents, legal entities,
healthcare, financial, and public services. At the same time, it is extremely important
that low-level languages get the same opportunities to benefit from new technologies
as major languages.

Nowadays, OCR and IE are recognized as actively developing and researched fields
of science. It is worth mentioning that recognition systems for text in the document
do not stop developing, whereas the solution for languages with low resource is still
under research. The future of OCR and IE will definitely bring more available and
efficient systems thanks to the efforts of academia, industry, and government. In the
future, OCR will be able not only to digitize texts but also preserve the world’s cultural
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heritage, optimize business processes, improve the quality of public services, and make
people digitally literate.
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