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Comprehensive Evaluation of Tamil OCR Systems:
A Survey, Dataset Creation, Benchmarking, and
Error Analysis

S. Sivashanth, K. Sarveswaran, E. Y. A. Charles

Abstract— This paper presents a comprehensive evaluation of
Optical Character Recognition (OCR) systems for Tamil, a low-
resource language that continues to trail behind high-resource
counterparts in recognition accuracy despite substantial research
efforts. Tamil OCR is inherently challenging due to the script’s
intricate character shapes, numerous ligatures, and its large set
of 247 characters, including complex vowel-consonant
combinations. These features complicate segmentation and
recognition far more than Latin scripts. To contextualize the
evaluation, a literature survey was conducted, covering key
aspects such as pre-processing, recognition, and post-processing
techniques. A major barrier in Tamil OCR research is the
absence of a standardized diachronic benchmark dataset. To
address this, we curated a dataset of 164 scanned images from
printed documents spanning from 1850 to the present, taken at
10-year intervals. The collection captures eleven types of page
layouts and eight document characteristics, considering noise

levels, monolingual, and multilingual content, and printing
technologies, etc. Expert-verified ground-truth data, including
full-page transcriptions, line segmentations, and bounding boxes,
enable detailed system evaluation. Using this dataset, we
evaluated both commercial and open-source OCR systems
through three strategies: full-page recognition, line-level
segmentation, and bounding-box-based processing. Results show
that while commercial systems perform better in terms of
character and word accuracy, they struggle with complex layouts,
degraded text, and historical typefaces. Although the focus is on
Tamil, the evaluation approach and findings offer broader
relevance for OCR research in other complex-script languages.
The dataset and evaluation results are publicly available on
GitHub to support future work in this domain.

Keywords— OCR, Benchmark Dataset, OCR Evaluation,
Tamil, Pre-processing, Post-processing.

I. INTRODUCTION

Natural Language Processing (NLP) has emerged as a
pivotal area of Artificial Intelligence (Al) aimed at enabling
computers and digital devices to understand, interpret, and
generate human language.
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are credited.

Essential resources for NLP include extensive text corpora for
training and evaluation, benchmark datasets, lexicons,
annotation tools, task-specific datasets, pre-trained models,
and text-processing libraries.

Among these resources, Optical Character Recognition
(OCR) plays a crucial role in digitizing printed and
handwritten texts, forming the foundation for creating
linguistic corpora essential for NLP tasks in low-resource
languages, such as Tamil. The OCR converts text images into
machine-readable and editable formats. OCR systems consist
of various processing units to recognize characters, including
the pre-processing phase, which primarily employs image-
processing techniques to improve image quality and
recognition accuracy, and the post-processing phase to refine
the output [4].

OCR for Tamil presents inherent complexities due to the
script’s  structural and historical characteristics. Tamil
comprises 247 characters, including 12 vowels, 18 consonants,
and 216 compound characters formed through vowel-
consonant combinations, in addition to the unique character
“&” (Aytham). The script is highly agglutinative, with curved
and visually similar glyphs, overlapping ligatures, and vowel
markers that can appear before, above, or below the consonant
base [5], [6]. These spatial and morphological features
complicate  character segmentation and recognition
significantly more than in Latin-based scripts. Furthermore,
the shapes of Tamil characters have evolved over time, even

during the printing press era, due to regional typographic
preferences, technological limitations, and orthographic
reforms [7], [8]. This variability is compounded by the
coexistence of multiple font encodings (e.g., Bamini, TAB,
Unicode), making glyph standardization difficult [9], [10].
OCR development is further hindered by the lack of large-
scale annotated datasets covering diverse fonts, scanning
qualities, and historical styles [11]. Unlike scripts with case
distinctions, Tamil also lacks capitalization cues, which
reduces the availability of contextual features often used in
post-processing. Altogether, these challenges necessitate
tailored approaches in OCR model design and dataset
construction to ensure reliable recognition across both modern
and historical Tamil texts.

Tamil Optical Character Recognition is a specialized
technology designed to recognize and convert Tamil text from
scanned documents, images, or handwritten notes into
machine-readable and editable formats. Research on Tamil
Optical Character Recognition (OCR) has been notably
fragmented, with various groups and individuals conducting
studies independently at different times, leading to a lack of
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continuity and cohesion. This dispersion has resulted in
duplicated efforts and slower progress in the development of
robust standardized tools and datasets. Establishing a
coordinated approach with collaborative efforts and shared
resources is essential for enhancing the development and
application of Tamil OCR technologies [12], [13]. To address
these gaps, this survey paper provides a comprehensive
overview of OCR techniques as well as pre-processing and
post-processing methods specific to Tamil and other low-
resource languages. This study references 20 research works
related to Tamil OCR, identifying 13 OCR systems, of which
only five are publicly available. This research also explored
evaluation methods to effectively assess OCR performance.
By highlighting the current state of Tamil OCR systems and
identifying areas for future research, this survey aimed to
bridge the gaps in Tamil OCR development and support
broader NLP advancements in low-resource languages. This
study exclusively addresses the challenges of digitizing
printed Tamil texts, excluding the recognition of carvings such
as stone and wood inscriptions and handwritten manuscripts
such as ola and palm leaves. Although these forms are
significant, they require distinct methodologies for effective
recognition and preservation.

In addition to dispersed research efforts, the absence of a
widely recognized benchmark dataset for the Tamil OCR
further complicates the evaluation and comparison of different
systems [14]. Although there are some available datasets, such
as those curated by FutureBeeAl [15] and the Tamil OCR
Object Detection Dataset by the IITB Research Work [16],
they are not universally adopted, highlighting the need for a
standardized dataset [17]. Different OCR systems rely on
various types of datasets, including handwritten character and
segmented word datasets. The lack of a common benchmark
dataset hinders the standardized evaluation and comparison of
system performance, further complicating progress in Tamil
OCR. To fill this gap, this study focuses on developing a
benchmark dataset. In addition, this paper presents the
experimental evaluations of five OCR systems under diverse
conditions, such as different page formats, image qualities, and
processing methodologies.

The objectives of this study are as follows:

e Conduct a thorough review of OCR techniques
reported in the literature, with a special focus on
pre-processing, post-processing, and evaluation
techniques that address the complexities
associated with Tamil text recognition.

e Develop a benchmark Tamil OCR dataset that
reflects the complexities of the printed Tamil
script.

e Evaluate the performance of existing OCR
systems for Tamil script in printed texts published
after 1850.
The key contributions of this study are as follows:

e Comprehensive review: Conducted an in-depth
analysis of OCR approaches, pre-processing,
post-processing, and evaluation techniques.

e Dataset creation:
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o Compiled a benchmark image dataset
comprising 164 pages from printed
Tamil documents dating back to 1850,
spanning diverse fonts, layouts, and
printing conditions.

o Annotated the dataset with verified
ground truth text, ensuring high
accuracy and consistency for OCR
training and evaluation.

o Performed line-level segmentation on
selected pages, enabling fine-grained
performance analysis for OCR models
across different typesetting styles.

o Generated bounding boxes for textual
content, supporting spatial alignment
and facilitating integration with modern
OCR pipelines and machine learning
workflows.

e Comparative evaluation:

o Conducted a systematic evaluation of
both commercial and open-source OCR
systems using the developed benchmark
dataset comprising printed Tamil texts
from 1850 onwards.

o Performed detailed error analysis to
identify common failure  modes,
including character misrecognition,
hallucination of non-existent symbols,
segmentation failures (line, word, and
layout-level), incorrect rendering of
vowel  modifiers and  ligatures,
mishandling of Tamil numerals, and
inclusion of peripheral textual elements
such as stamps and stickers.

o Highlighted recurring challenges in
handling the spatial and structural
complexities of Tamil print, providing
insights to inform future OCR research
and system development.

The remainder of the paper is organized as follows. Section
I introduces the significance of Optical Character Recognition
for the Tamil language, the specific challenges associated with
Tamil texts, the scope of the survey, and the objectives and
contributions of the study. Section Il presents a comprehensive
literature review, covering character recognition approaches,
state-of-the-art OCR systems, existing Tamil OCR systems,
Tamil OCR datasets, pre-processing techniques, post-
processing techniques, and evaluation methods relevant to
Tamil OCR. Section 111 details the development of datasets,
experiments conducted, results obtained from evaluating
various OCR systems for Tamil, and error analysis. Finally,
Section 1V concludes the paper by highlighting the need for
continued research in Tamil OCR and the broader impact of
improved recognition systems on Tamil language users.

Il. LITERATURE REVIEW

A. Importance of OCR Systems for the Tamil Language
Optical Character Recognition (OCR) is essential for
preserving and revitalizing the cultural and historical heritage
of a language. Many languages, including Tamil, have a rich
literary tradition, with texts written on fragile materials such
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as paper, palm leaves, or stone inscriptions, which are
vulnerable to decay over time. Digitizing these documents
ensures their preservation in a durable format, safeguarding
them against physical deterioration or loss, while enabling
efficient information retrieval. OCR systems play a pivotal
role in this process by converting printed texts into digital
formats, making them accessible for future generations, and
facilitating modern applications such as text classification, text
summarization, language translation, information retrieval,
sentiment analysis, and text-to-speech systems. Through these
efforts, OCR not only preserves cultural heritage but also
ensures broader accessibility and usability in the digital age.

In addition, most low-resource languages are from regions
of developing or underdeveloped countries, where there is a
lack of infrastructure and mechanisms to preserve books and
other artifacts. Internal conflicts pose a threat to these
resources, emphasizing the need for digitization. By digitizing
texts, OCR systems help protect valuable cultural assets from
physical damage and loss while also providing a means to
preserve and share knowledge in regions where traditional
preservation methods may be inadequate. This underscores the
importance of OCR technology for safeguarding linguistic
heritage and promoting global accessibility and understanding.

Tamil, a classical language [18], has a rich literary heritage
spanning over two millennia. During this extensive period,
Tamil evolved through various media and writing styles,
reflecting the region's cultural, historical, and social changes.
Numerous Tamil texts, including ancient stone inscriptions,
palm-leaf manuscripts, and printed books still exist. This study
focuses exclusively on the challenges associated with
digitizing the printed Tamil texts. The recognition of carvings,
such as stone and wood inscriptions, as well as handwritten
manuscripts, such as ola and palm leaves, is considered outside
the scope of this study. Although these forms are equally
significant, they require distinct methodologies for their
recognition and preservation.

Access to comprehensive historical data, including
historical evolution and changes over time, is crucial for
conducting a diachronic study of Tamil. Digitizing all Tamil
texts, regardless of their form, is essential for preserving their
cultural heritage and facilitating linguistic and literary
research. The scarcity of digitized Tamil corpora poses a
significant challenge for training Large Language Models
(LLMs) [19], [20]. Consequently, LLMs often fail to handle
Tamil language processing effectively, which includes
understanding Tamil's heritage, knowledge systems, and
cultural context [21]. Increasing the availability of digitized
Tamil texts is critical for bridging this gap and empowering
LLMs to support Tamil.

B. Challenges of Tamil OCR
Tamil texts have been captured in various forms throughout

history, including carvings, handwritten manuscripts, and
printed materials. Each medium presents unique challenges
stemming from differences in the quality and techniques
required for their preservation and digitization. For example,
carvings on stones and wood often suffer from erosion and
uneven surfaces, making their recognition difficult.
Handwritten manuscripts, especially those on fragile palm or
ola leaves, require careful handling and specialized imaging
techniques to preserve clarity and detail. These challenges,

particularly in handwritten Tamil, are further exacerbated by
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character shape variations and cursive styles, as highlighted in
handwritten OCR studies [22], [23].

Adding to these challenges is the variation in Tamil writing
styles over the centuries. Tamil character shapes have evolved
significantly, and the structure of early writing is often
unrecognizable to modern Tamil native speakers. This
evolution not only complicates the recognition of historical
texts but also requires contextual understanding for accurate
interpretation. The Tamil script underwent a significant
transformation over time. Fig. 1 provides a visual
representation of the evolution of Tamil script over time. It
includes various stages of development, showing how the
script has transformed from its ancient forms to the modern
script used today. Until the 20th century, Tamil literature was
mostly written in poetic form, characterized by compact
expressions and complex syntactical arrangements. These
stylistic choices further add to the intricacies of recognizing
and digitizing Tamil texts.

In addition to the structural and stylistic complexities, the
lack of standardized font types and non-OCR-friendly font
designs significantly hinders the accurate recognition of Tamil
characters, posing a major challenge in Tamil OCR [24].
Furthermore, encoding Tamil symbols and numerals in
Unicode presents another challenge. While basic Tamil letters
are encoded in the Unicode Basic Plane [25] and additional
numerals and symbols have recently been included in the
Extended Plane [26], many newly encoded characters lack
proper application and font support. Moreover, several
symbols remain unencoded, limiting the ability to digitize very
old Tamil documents comprehensively. The lack of
standardized font encoding further exacerbates this problem,
complicating the recognition and digitization processes [27].

HISTORY OF TAMIL SCRIPT

adilue@alod |mews|KACAtNtNPMYrLV ILE

Contury [y @ e oner g 2GS | Contury |G M & GL awgp I U b & &Y 6T DT
BC3'CIM S FLEBD 1L|BC3C[tCAdRCINILBLE JOSPHED
AD2“C(HAH S+ LERPD 1LJARC[tCdRCIhLLBLIVOG® P
A3ClHHA:-+ LERPD 1LJAD3C[t dN ZRNDULI 00 N
ADA'C(M S 4 LEBD 1LfAD4'C|P o SIL UG @ SO
ADS5"C|&l 2 AD5"C(+Cd C33hULVWIVO® ]
A6 Clu%B 1227 92 |ADE"C[(t2d < RBIhLOD TIPS

AD7'C(HEB P22 7R 22 |AD?'C(tDd (MdhLVYIad T @
ADB C|H BT F22a 11 22 |ADS'C|(T 2 JBLMHIP UK 1 & P70
ADI'C(AABTFA2TTIZ33|ANIC{T L JBLAFAVLNT DI RTHH
ADIO'C|al 4 B 72872293 fADINC|T2EB2MHMUWVUT IV HR
AINC|H 5222709222 JADNC|243B2MH500YTNIPTHRB
ADIZC|H AD2 2277222 ADRC|T 5 IBL MG hLLL R N2l P 1A
ADIF'C|p1 24O F 22 TIZR9 | ADBC|T WIBLMBEHV0DT I PN 5
ADIClo B F22 T TZ23 |ADSC|4WIBLMHHULW T2 Q69|
ADIS'C[A G F 22 TT222 |AMSC|6UISLMDHYULWT QLRI D

ADIE'C(ALGTF22 TT23% | ADIE'C|FWESL™MGTLLWT VALDM Y
ADI7’Clol 3B F22,TT29% | ADITC|6NESLASDUDWUT Q2 QTDH
ADIBC|UASTF2 2 Tg 23 | ADIR'C|HM ES LM ST LIOWITM2LMD
ADIS'C|A@BF 22 TT222 | ADI'C[H M ISLME MU LWITQDalRMD

Fig. 1 Evolution of Tamil Script. Source:
https://commons.wikimedia.org/wiki/File:History of Tamil Script.jpg

Building robust OCR systems for Tamil requires
overcoming several obstacles. Previous research [27], [28],
[29] has highlighted issues such as incorrect character
recognition, difficulties in handling complex ligatures, low-
quality or noisy images, and the processing of documents with
intricate layouts. The complexity of the Tamil script, its large
character set, intricate ligatures, and syllabic structure that
incorporates compound characters and modifiers make the
development of effective OCR models particularly
challenging. Significant font variations, particularly in older or
nonstandard typefaces, further complicate this task by
preventing consistent text recognition across diverse printed
materials.
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The challenges of the Tamil script's complexity are
compounded by the unique difficulties posed by the Tamil-
Brahmi script, a precursor to modern Tamil. Its paleographic
variations and orthographic intricacies require specialized
methodologies and advanced machine-learning techniques to
achieve high recognition accuracy [30]. Addressing these
challenges requires a combination of tailored algorithms,
comprehensive datasets, and contextual understanding of
Tamil's linguistic and cultural evolution.

C. Literature Summary on Character Recognition
Approaches

Character recognition has been the focal point of research
on document analysis and OCR systems for several decades.
The evolution of these approaches, especially for complex
scripts such as Tamil, reflects broader technological
advancements in the fields of pattern recognition and artificial
intelligence. Early methods predominantly relied on
handcrafted features and template matching, which, while
foundational, were limited in their ability to handle script
variation and noise.

The introduction of machine learning has led to significant
advancements through techniques such as Support Vector
Machines (SVM) and Hidden Markov Models (HMM),
providing more flexible and robust models for recognizing
diverse fonts and distorted characters. Recent advances in deep
learning have transformed the field even further, with models
like Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs) significantly enhancing the
capabilities and accuracy of OCR systems.

In addition to these core approaches, modern advances,
such as transfer learning, attention mechanisms, and
Generative Adversarial Networks (GANSs), have opened new
possibilities, enabling higher accuracy and greater
adaptability, particularly in resource-limited languages such as
Tamil. These advancements address longstanding challenges
by allowing for more efficient training processes and improved
recognition of complex scripts.

1)  Traditional OCR Approaches:

e Template Matching: Template matching is a
traditional approach in which input characters are
compared with predefined templates stored in the
system [31].

e  Statistical Methods: These methods use statistical
properties of the characters, such as pixel
distribution and geometric features, to recognize
text. Techniques such as zoning and moment
invariants fall into this category [32].

e Structural Methods: These methods focus on the
structural features of characters, such as strokes,
loops, and intersections. Graph-based
representations and tree structures are often used
to model the relationships between different parts
of a character [33].

e Hybrid Methods: These combine elements of both
statistical and structural methods to improve
recognition accuracy. For example, a hybrid
approach may use statistical methods for initial
character segmentation and structural methods for
final recognition.
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These traditional methods laid the groundwork for more
advanced machine-learning and deep-learning techniques.
Although these methods are straightforward and work well for
printed characters with consistent fonts, they face significant
challenges in recognizing handwritten text and variations in
font styles commonly found in Tamil scripts. A similar
limitation is observed in recognizing artistic Chinese
calligraphy, where traditional methods fail to handle the
complex structures and diverse styles effectively [34].

2)  Machine Learning-Based Approaches: Feature-

Based Character Recognition

In machine learning-based optical character recognition
(OCR), feature-based approaches play a crucial role in
identifying and classifying characters. These methods involve
extracting distinctive attributes from character images, such as

shape, texture, or pixel distribution, which serve as inputs to
learning algorithms. By focusing on these features, models can
generalize across variations in font, size, and noise, improving
recognition accuracy. Common features used in these
approaches include:

e Geometric Properties: Aspect ratio, curvature, and
stroke width help differentiate character shapes.

e Texture-Based Features: Gradient histograms and
local binary patterns capture intricate details and
patterns within the character structure [35].

e Statistical Features: Pixel intensity distributions
and moments provide insights into the overall
appearance and density of characters [36].

e Frequency-Domain Features: Derived from
Fourier or wavelet transforms, these features
analyze spatial frequency components, enhancing
recognition capabilities [37].

e Histogram of Oriented Gradients (HOG): HOG
features capture edge directions and are
particularly effective for character recognition
tasks due to their robustness to variations in
illumination and pose.

e Scale-Invariant Feature Transform (SIFT): SIFT is
used to detect and describe local features in
images, robust to changes in scale, rotation, and
illumination.

e Speeded-Up Robust Features (SURF): SURF is a
faster alternative to SIFT, designed for real-time
applications, and robust  to various
transformations.

e Local Binary Patterns (LBP): LBP is a texture
descriptor that labels an image's pixels by
thresholding each pixel's neighborhood and
considering the result as a binary number. It
captures local texture and structure of characters,
making it effective in distinguishing different
shapes and styles, especially in varying font and
handwriting scenarios.

e Gabor Filters: Gabor filters are used for texture
analysis and feature extraction. They analyze the
specific frequency content in an image at various
directions and scales, similar to how the human

International Journal on Advances in ICT for Emerging Regions



visual system perceives textures. In OCR, they
enhance recognition of complex and distorted text
[38].

e Edge Orientation Histograms: These histograms
capture the distribution of edge orientations in an
image. This feature is robust to variations in
illumination and pose, aiding accurate
identification and classification of text under
diverse conditions.

Once relevant features are extracted from character
images, various machine learning algorithms are employed to
classify and recognize the characters. These algorithms learn
patterns from the feature representations and make predictions
based on learned associations. The choice of algorithm often
depends on the nature of the features, the size of the dataset,
and the desired trade-off between accuracy and computational
efficiency. Algorithms commonly used in machine learning-
based approaches include:

e Support Vector Machines (SVMs): SVMs
determine an optimal hyperplane to separate
different character classes. They have been
successfully applied to Tamil OCR, achieving high
accuracy rates [22], [39], [40], [41], [42]. SVMs
are particularly effective in high-dimensional
spaces and are versatile with different kernel
functions such as linear, polynomial, and radial
basis function (RBF) kernels.

e Hidden Markov Models (HMMs): HMMs are
particularly useful for sequential character
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recognition tasks, making them suitable for
recognizing handwriting or cursive scripts. They
model the probability of sequences of observed
events, which is ideal for capturing the temporal
dependencies in handwriting [43].

e Statistical Methods: Techniques such as k-nearest
neighbours (k-NN) and Bayesian classifiers
analyze the statistical properties of the extracted
features to classify characters. k-NN is a non-
parametric method that classifies based on the
majority vote of the nearest neighbors, whereas
Bayesian classifiers apply Bayes' theorem to
predict the probability of a character belonging to
a particular class [44].

e Random Forests: Random forests are an ensemble
learning method that constructs multiple decision
trees during training and outputs the mode of the
classes for classification tasks. They are robust to
overfitting and can handle large datasets with high
dimensionality.

Table | provides a summary of highly cited papers on
feature-based OCR approaches, detailing the features used,
datasets, and algorithms applied in these studies.

While feature-based OCR methods have shown good
performance for certain languages and specific tasks, they
have limitations, such as the need for manual feature
engineering and difficulty in handling complex and noisy data.
Deep-learning approaches address these challenges by
automatically learning and extracting relevant features from
raw pixel data, making them highly effective for diverse

TABLE |
HIGHLY CITED PAPERS ON FEATURE-BASED OCR APPROACHES

Research Paper Features Used

Data Set Used Algorithm Used

Gradient-Based Learning Applied | Gradient-based features

to Document Recognition [37]

MNIST Convolutional Neural

Networks (CNNs)

Gabor Filters for Document Image | Gabor filters

Analysis [35]

Custom dataset of
handwritten characters

Support Vector Machines
(SVMs)

Dissimilarity Representation for

Pattern Recognition [36] distributions, moments)

Statistical features (pixel intensity

Custom dataset of printed k-Nearest Neighbors (k-NN)

characters

Indian Script Character Geometric properties

Indian language dataset Hidden Markov Models

Recognition: A Survey [39] (HMMs)
Tamil OCR Using Support Vector | Texture-based features (gradient Tamil OCR dataset Support Vector Machines
Machines [40] histograms, local binary patterns) (SVMs)

Bayesian Classifiers for Printed
Character Recognition [41]

Frequency-domain features
(Fourier transforms)

Custom dataset of printed Bayesian classifiers

characters

Printed Tamil Character
Recognition Using HOG Features
[42]

(HOG)

Histogram of Oriented Gradients

Custom dataset of printed
Tamil characters

Support Vector Machines
(SVMs)

Scene Text Recognition using
Co-occurrence of Histogram of
Oriented Gradients [45]

Co-occurrence histogram of
oriented gradients (Co-HOG)

ICDAR2003 and Street
View Text (SVT) datasets

Support Vector Machines
(SVMs)

Handwritten English Character SIFT features

Recognition Using SIFT [46]

English Handwritten Dataset | Random Forests

OCR applications [47]. They handle complex patterns, noisy
data, and varying document qualities, thereby providing
superior accuracy and robustness [48]. For example, ensemble
deep convolutional neural networks have shown excellent
performance in recognizing handwritten Tai Le characters, a
challenging script with high character similarity and
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variability [49]. In addition, deep learning models offer
scalability and flexibility, allowing them to be fine-tuned for
specific tasks or languages [50]. Deep-learning-based OCR
can also be integrated with other Al technologies, such as
Natural Language Processing (NLP) and computer vision, to
provide a more comprehensive document understanding and
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analysis [51]. Furthermore, deep learning approaches have
shown promise in improving the OCR performance for low-
resource languages by leveraging transfer learning and
multilingual models [52]. These advantages make deep
learning a promising direction for advancing OCR technology.

3)  Deep Learning Approaches:

e Convolutional Neural Networks (CNNs): CNNs
have revolutionized OCR by enabling systems to
learn features directly from raw data without
requiring manual feature extraction. They
automatically learn features such as edges,
textures, and shapes, making them highly effective
for recognizing printed and handwritten texts [53].
Recent studies [14] demonstrated that CNNs
perform exceptionally well in Tamil OCR tasks,
effectively handling script complexities, including
varying font styles and intricate ligatures, with
high accuracy.

e Recurrent Neural Networks (RNNs): RNNs,
particularly Long Short-Term Memory (LSTM)
networks [54], [55], excel at recognizing
sequences of characters, making them particularly
useful for OCR tasks involving continuous scripts.
They help recognize text sequences and handle
text lines of varying lengths. By capturing the
contextual relationships between characters,
RNNs have significantly improved the accuracy of
OCR for complex texts.

4)  Recent Advances in OCR:

e Transfer Learning: Transfer learning [56] has been
increasingly used to improve OCR accuracy,
especially for languages with limited training data
such as Tamil. By fine-tuning pre-trained models
on large datasets, researchers have been able to
significantly ~ boost  recognition rates for
challenging scripts while reducing the need for
large amounts of domain-specific data.

e Attention Mechanisms: Attention mechanisms
have brought a new level of precision to OCR
systems by allowing models to focus on specific
parts of an input image [57]. This helps in
accurately recognizing complex or noisy
characters in scripts, such as Tamil, where
characters may vary in size and form. Recent
advances also include combining attention with
super-resolution techniques, such as the CNN-
based batch-transformer network (BT-STISR),
which uses self-attention and global attention to
enhance low-resolution text images for better
recognition accuracy [58].

e  Generative Adversarial Networks (GANs): GANs
are gaining attention for their ability to generate
synthetic training data that can be used to augment
OCR datasets. This approach is particularly
valuable for Tamil OCR, where creating a
comprehensive dataset may be challenging. By
generating additional training samples, GANs can
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improve the models robustness and accuracy in
real-world scenarios [59].

D. State-of-the-Art OCR systems

Recent studies have highlighted the effectiveness of OCR
systems in recognizing printed and handwritten texts across
different scripts. Among the currently best OCR systems,
Tesseract OCR, Amazon Textract, and Google Document Al
stand out for their high accuracy and versatility. Tesseract
OCR, developed by Google, is widely used in academic
research and practical applications owing to its robust
performance and support for multiple languages [60]. Amazon
Textract excels in extracting text from complex documents,
including forms and tables, using machine-learning models,
and Google Document Al leverages advanced Al to provide
high accuracy, particularly in noisy document conditions,
making it a strong contender in the OCR field [61].

OCR technology has advanced significantly, achieving high
accuracy rates in various languages, including low-resource
languages. For example, an OCR system developed for
Marathi achieved a character-level accuracy of 88% in
recognizing printed documents [62]. Similarly, a Chinese-
English mixed OCR system demonstrated a character-level
error rate of 0.87% for magazine samples and 0.75% for book
samples [63].

E. Existing Tamil OCR systems

Several Optical Character Recognition (OCR) systems have
been developed for Tamil, showcasing the diverse
methodologies and approaches that have significantly
contributed to this field. However, challenges remain in
accurately recognizing specific characteristics and ligatures,
underscoring the need for further improvement.

Previous studies have reported that, although these OCR
systems demonstrate promising results, they continue to face
significant challenges. These include misidentification of
Tamil numerals, confusion among similarly shaped characters,
difficulties with code-mixed text, low performance on poor-
quality images, and documents with complex layouts [27],
[28], [64].

To provide more detailed insights, Table Il summarizes the
key features, datasets, and evaluation metrics of the various
Tamil OCR systems. This comparison highlights the strengths
and limitations of each system, offering a comprehensive
overview of the progress made in the Tamil OCR and the gaps
that remain to be addressed. The accessibility of these OCR

systems is stated along with their names in a table.

F. Tamil OCR Datasets

Tamil documents come in various forms, each of which
presents a unique challenge for OCR systems. These include
printed texts, such as books, newspapers, magazines, and
pamphlets, which vary in font style, size, and layout.
Handwritten texts encompass personal notes, letters, and
forms and present a wide range of handwriting styles and
quality. Historical manuscripts, including ancient scripts and
palm-leaf documents, often suffer from wear and tear, further
complicating OCR tasks.

Although there are a few specialized datasets available,
such as the uTHCD dataset [14], which provides
approximately 91,000 samples for handwritten Tamil
character recognition, comprehensive datasets for Tamil OCR,
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particularly for printed text and historical documents, are still
scarce. Recently, a new dataset specifically designed for word-
level recognition of Indic languages, including Tamil, was
introduced [71]. This dataset includes training, testing, and
validation splits, with images annotated at the word level. The
word-based segmentation approach makes it particularly well-
suited for developing and evaluating OCR models aimed at
Tamil word recognition. Such resources significantly enhance
the capability to train robust OCR systems and address
challenges related to font variations, noise, and complex
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G. Pre-processing Techniques for Tamil OCR

Pre-processing plays a crucial role in enhancing the
accuracy of the OCR. Techniques such as image binarization,
noise reduction, and skew correction are essential for
optimizing inputs for OCR systems. [72] introduced a skew
detection method utilizing the Radon transform, achieving a
recognition rate of 96.30% for skew correction. They also
proposed an SVM-based classification technique for
distinguishing between text and non-text regions, reporting a
classification accuracy of 99.18%. Addressing issues such as

layouts.

This growing collection of datasets,
character-level and word-level resources, paves the way for
more effective and adaptable OCR models for the Tamil

language processing.

lighting, rotation, and resolution in scanned image quality are
crucial, as these factors significantly affect recognition
performance. A multithreaded approach to pre-processing
tasks, as proposed in [73], has shown potential in reducing

including both

TABLE Il
COMPARISON OF TAMIL OCR SYSTEMS

References

Datasets/Technologies/Evaluation

Aharamariyi Tamil OCR [27]
(Not accessible)

Used Datasets: 501 words from a small Tamil corpus
Used Technologies: Tesseract engine
Evaluation: Character-Level Accuracy 81%

Tamizhi-Net OCR [28]
(Not accessible)

Used Datasets: PDF documents from the official websites of the Sri Lankan parliament

Used Technologies: Tesseract engine, LSTM-based training

Evaluation: Reduced character-level error rate of Tesseract to 2.61% for Tamil and to 4.74% for Sinhala.
The word-level error rates were reduced to 20.61% for Tamil and 26.58% for Sinhala.

OCR Tamil [65]
(Accessible)

Used Datasets: Did not explicitly mention the dataset
Used Technologies: Permuted autoregressive sequence (PARSeq) models, CRAFT text detector
Evaluation: Character-Level Accuracy 95% for newly printed Tamil books

Hybrid Decision Tree-based
OCR System [66]
(Not accessible)

Used Datasets: Tested on a dataset of 12,400 Tamil character samples
Used Technologies: Hybrid approach of DAG and UDT SVMs with a radial basis function (RBF) kernel
Evaluation: Character-Level Accuracy 98.80%

A Multi-Font, Multi-Size
Optical Character Recognizer
(OCR) of Tamil [67]

(Not accessible)

Used Datasets: Symbols extracted from Tamil texts in printed books; rare symbols supplemented with
computer-generated fonts

Used Technologies: Skew correction using Hough Transform and PCA; morphological processing;
connected component analysis; three-level tree-structured classifier with nearest neighbor using
Euclidean distance

Evaluation: Character-Level Accuracy 99.1%

Tamil GNANI [68]
(Not accessible)

Used Datasets: Over 4,000 samples, including Tamil text from magazines, novels, technical papers, and
shloka books. Fonts such as TM-TT Valluvar, TAB\_Arulmathi, Inaimathi, TM-TT Bharathi, and TAM-
Aniezhai. Tested on font sizes 14 to 20

Used Technologies: Pre-processing (binarization, skew detection), segmentation (projection profiles,
connected component analysis), normalization, feature extraction (Block DCT), Nearest Neighbor
Classifier, implemented in Visual C++

Evaluation: Character-Level Accuracy 98%

Omnifont Tamil OCR [42]
(Not accessible)

Used Datasets: Annotated corpus of 1,000 scanned pages from books printed between 1950-2002, XML-
annotated database with 5,000 scanned pages and Unicode-typed text

Used Technologies: Karhunen-Loeve Transform (KLT) features, Support Vector Machine (SVM)
classifier with RBF kernel, Discriminative Directed Acyclic Graph (DDAG) configuration, noise-tolerant
segmentation

Evaluation: Character-Level Accuracy 94% for Tamil

OCR software for printed
Tamil text [69]
(Not accessible)

Used Datasets: Neatly printed Tamil text, old books
Used Technologies: Interactive recognition, training module, spell-check integration
Evaluation: Character-Level Accuracy over 99% for neatly printed Tamil text

A Complete OCR System for
Tamil Magazine Documents
[70]

(Not accessible)

Used Datasets: Scanned Tamil magazine pages

Used Technologies: Pre-processing (compression, skew correction using CSP, Otsu’s binarization, noise
removal), block segmentation and classification using Radial Basis Function Neural Networks (RBFNN),
character recognition using RBFNN with Gabor filters, connected component extraction, reconstruction
into HTML format

Evaluation: Character-Level Accuracy 90-97%

computational time by processing skew detection,
binarization, and segmentation tasks in parallel threads,

thereby enhancing efficiency. Font variations pose a

International Journal on Advances in ICT for Emerging Regions

significant challenge for OCR systems, particularly for
complex scripts, such as Tamil. Embedding optical co-features
into fonts, as proposed in [24], offers a novel solution to
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enhance machine readability without compromising human
legibility.

H. Post-processing Techniques for Tamil OCR

Post-processing plays a crucial role in improving the output
accuracy of the Tamil OCR systems. Various techniques have
been explored to refine raw OCR output, enhancing both
syntactic and semantic correctness. One of the most prominent
approaches involves using a tree-based algorithm to identify
missing or incorrect words, thereby ensuring that the detected
words maintain their contextual relevance. In addition,
stemming and lemmatization have been employed to reduce
words to their root forms, which guarantees semantic
accuracy, a method that has proven effective in Tamil OCR
systems [74].

Although these techniques address syntactic accuracy, a
deeper contextual refinement requires more sophisticated
approaches. Beyond semantic refinement, rapid error
correction tools such as SymSpell have been utilized to speed
up the detection and rectification of errors in OCR outputs.
SymSpell offers quick correction suggestions, whereas Bloom
filters serve as validation tools to ensure that only valid words
are retained, thereby adding an extra layer of error prevention
[75]. These techniques help streamline the OCR correction
process and ensure a cleaner output.

To achieve deeper contextual accuracy in Tamil OCR, word
embeddings [76] and large language models (LLMs) have
emerged as promising tools for addressing grammatical and
semantic inconsistencies by capturing the language's complex
linguistic nuances. Notably, a recent approach [77]
demonstrated this potential by employing a multilingual
RoBERTa model to develop a context-sensitive Tamil
spellchecker, achieving over 91% accuracy in error detection
- highlighting the broader applicability of LLMs to post-OCR
correction tasks, particularly for long-form documents where
context is critical [19].

By integrating LLMs, OCR systems can improve their
understanding of text structure and meaning, resulting in more
accurate corrections, particularly for tasks such as Named
Entity Recognition (NER), which identifies proper nouns and
domain-specific terms. However, challenges remain,
particularly the limited availability of Tamil-specific LLMs
and the substantial computational resources required for large-
scale applications. Despite these challenges, LLMs offer a
promising future for enhancing OCR systems by addressing
complex linguistic nuances and improving the document-level
coherence.

Canti Error Detection is another crucial method that ensures
the correct use of vowel modifiers, which are often
misrecognized in Tamil scripts. Maintaining correct vowel
modifiers is essential for preserving the phonetic and visual
integrity of a text, contributing to both its legibility and
accuracy. To complement these error detection mechanisms,
word frequency analysis and character-level bigram similarity
have been applied to optimize corrections by prioritizing
frequent words and correcting improbable character
combinations [78].

Statistical models, such as n-gram models, have also been
applied to correct OCR errors by predicting the likelihood of
certain characters and word sequences in Tamil text. For
instance, the use of bigram models improves the accuracy of
OCR by leveraging statistical predictions to correct common
errors in word sequences [79]. These models help minimize
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improbable word combinations, thereby increasing the
reliability of OCR outputs [80].

Spell checkers generally address two categories of errors:
non-word and true-word errors. Non-word errors may arise
from invalid words or words that are valid but absent from a
given lexicon. True word errors, on the other hand, refer to
words that are valid in isolation but contextually inappropriate
within a sentence. Reference [81] demonstrates that combining
bigram probabilistic models with Minimum Edit Distance
(MED) techniques can effectively detect and correct such real-
world errors in Tamil. This hybrid approach has shown
promising results in improving contextual accuracy, making it
particularly beneficial for OCR post-processing and broader
natural language processing tasks.

In addition to statistical approaches, rule-based correction
techniques have been applied to the Tamil OCR systems,
incorporating Tamil-specific logistic rules to correct common
errors. This includes handling vowel modifiers, compound
characters, and sandhi rules that govern the sound
combinations between words in Tamil. Such rules are essential
for aligning OCR outputs with the unique linguistic features of
Tamil [82].

Finally, machine-learning approaches have shown potential
in post-processing Tamil OCR systems. Techniques such as
Statistical Machine Translation (SMT) and Neural Machine
Translation (NMT) have demonstrated their ability to learn
correction patterns from large datasets, where parallel corpora
of OCR outputs and their manual corrections are used to refine
system performance. These machine learning methods enable
more dynamic corrections that improve over time as the model
is exposed to more data, thus enhancing the accuracy and
adaptability of the OCR system.

I. Evaluation Techniques

Standardized benchmarks are essential for comparing the
performance of different Tamil OCR systems. Common
evaluation metrics include Character Error Rate (CER), which
measures the edit distance between the OCR output and
ground truth at the character level [83]. CER is the fraction of
the sum of the number of substitutions, deletions, and
insertions, considered to the total number of characters in the
expected output. The Word Error Rate (WER) provides a more
semantic evaluation by calculating the edit distance at the word
level and assessing the accuracy of OCR output in capturing
meaningful text units [84]. In WER, substitutions, deletions,
or insertions are considered when creating the sentence, as in
the expected output [85].

To further enhance the evaluation accuracy, methods such
as the Levenshtein distance and its variant, that is, the
Modified Levenshtein Distance [86], have been utilized. In
these approaches, substitutions, deletions, and insertions are
assigned specific weights based on character similarity,
providing a more nuanced measurement of the edit distance
between the OCR output and the ground truth. This
adaptability is particularly useful when assessing the
performance across different Tamil scripts and fonts. The
unique word anchor method further contributes to the
evaluation by identifying keywords in the text, enabling more
robust comparisons of significant textual components.

Another approach, the Longest Common Substring Method,
proved valuable by identifying the longest contiguous
sequence of characters shared between the OCR output and the

International Journal on Advances in ICT for Emerging Regions



ground truth [87]. This method provides insight into a system's
ability to preserve text continuity and mitigate the impact of
isolated errors. Combined with standard evaluation metrics,
these techniques offer a comprehensive assessment of OCR
systems, contributing to their continuous development and
refinement in Tamil-language document processing.

Additionally, the F1 Score, which balances precision and
recall, offers a comprehensive measure of the OCR
performance across various datasets and document types. The
F1 Score can be calculated at both character and word levels.
These metrics play a pivotal role in evaluating the reliability
and effectiveness of OCR systems in Tamil documents.

I11l. EVALUATION OF THE EXISTING OCR SYSTEMS

A. Dataset Development

The dataset for this study was developed using a collection
of 164 images sourced from the Library, University of Jaffna,
and Noolaham Foundation, covering publications from 1850
and selected at 10-year intervals. The Library, University of
Jaffna, is a major academic information resource centre in
Northern Sri Lanka that supports extensive collections across
various disciplines [88]. The Noolaham Foundation is a
nonprofit organization dedicated to digitizing and preserving
documents related to Tamil-speaking communities, offering a
vast and diverse archive [89]. Both institutions boast extensive
collections of documents to ensure that the dataset
encompasses a diverse set of images. These images represent
various document types, including cover pages, imprints,
tables of content, plain text, tables, text accompanied by tables
or images, advertisements, oriented text, and text in two
columns, as shown in Fig. 2. This diversity is crucial for
capturing a wide range of contexts, thereby enhancing the
robustness, comprehensiveness, and adaptability of Tamil
OCR system evaluations.

Each image was categorized on the basis of three primary
attributes: image condition, mono/multilingual text, and
printing technology. A knowledgeable expert in historical
printing technologies was consulted to verify the specific
methods used in each case.

e Image Condition: Images were classified as good,
damaged, or noisy, reflecting the preservation state
and quality of the materials, which can significantly
impact OCR recognition accuracy.

e Number of Languages: Each document was labeled
as either monolingual or multilingual, depending on
whether the images contained text in a single
language or a combination of multiple languages.

e Printing Technology: The printing technique was
identified as either a letterpress or digital print,
distinguishing historical prints from modern
reproductions and highlighting technical challenges
for OCR systems with different types of printing.

The dataset encompasses a diverse range of sources,
including books, newspapers, magazines, and pamphlets,
ensuring a broad spectrum of textual forms and structures. To
maintain high-quality inputs suitable for OCR tasks, all images
were scanned at a resolution of 300 dots per inch (DPI),
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Cover page Imprint Table of Content Plain text

Table Text with image Oriented text

Text with table

Preface

Text in two columns
Fig. 2 Examples of diverse page formats.

providing the necessary clarity to enable accurate character
recognition.

Ground-truth text was manually created for each image with
the support of the Google Docs OCR engine to ensure
accuracy. Because Google Docs does not support TIFF image
files, the images were first converted into the PNG format. The
converted images were then processed using Google Docs to
extract text, which was subsequently manually corrected with
the assistance of linguistic experts. This ground truth was used
as a reference to evaluate the OCR outputs, enabling
quantitative comparisons between the recognized text and
ground truth.

To facilitate structured evaluation, a detailed metadata file
was created to capture the essential attributes of each image.
The metadata file was organized into three primary fields.

e Image Information: Specifies
resolution, memory size, paper
condition, width, and height.

image format,
color, image

e Data Information: Lists attributes such as font size,
font style, resource type, script, number of languages,
domain, genre, and content format.

e Data Source Information: provides contextual
information about the document's origin and
historical background, essential for traceability,
including its title, subtitle, alternative title, parallel
title, author, publisher, edition, publication year,
printing location, type of material, printing
technology, ISBN/ISSN, and copyright details.

Using the metadata file, images can be filtered based on
specific characteristics such as the publication era, document
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type, and/or script language. This allows for targeted
evaluation of OCR systems under various conditions.

In addition, bounding boxes were manually created for 164
images, covering all diverse page formats, image conditions,
printing technologies, and language types present in the
dataset. Both line- and region-based approaches were used to
create bounding boxes by leveraging software called Labellmg
[90] to annotate the images. The line-based approach is
particularly useful because of varying font styles and text
sizes. The bounding boxes for each image were saved as JSON

files, and each bounded text was manually annotated with the
bounding-box coordinates (xmin, ymin, xmax, and ymax) to
establish the ground truth. The ground-truth data were
integrated to create a benchmark dataset for experiments
involving bounding boxes. Additionally, five plain-text
images were randomly selected from the dataset and cropped
line-by-line, with each cropped section saved individually to
evaluate the line-by-line recognition performance of the
systems.

The resulting dataset provides a comprehensive foundation
for testing the effectiveness and efficiency of OCR systems in
Tamil texts, fostering advancements in technology designed to
handle the complexities of Tamil scripts across diverse
document types and historical contexts.

B. Scanning Challenges

Scanning historical documents poses several challenges.
The key difficulties encountered include the following.

e Lighting Issues: Uneven lighting during scanning
caused unwanted shadows on the pages, affecting text
clarity and introducing noise that complicated OCR
recognition.

e Page Fragility: Many documents, particularly those
from the 19th and early 20th centuries, had delicate
and brittle pages due to paper degradation over time.
Special care is required to handle these materials
without tearing or causing further damage during
scanning.

e Aging Effects: Most of the scanned pages had turned
yellowish over time due to the natural aging process
of paper. This discoloration, combined with faded or
degraded text, poses an additional challenge for OCR
systems to accurately distinguish the characters from
the background.

e Distorted or Warped Pages: Some books were
tightly bound, causing text near the margins to appear
curved or distorted when scanned. This issue makes
it more difficult for OCR models to recognize text
accurately without additional pre-processing.

C. Experiments

The experiments conducted in this study aimed to evaluate
the performance of five OCR systems: Google Cloud Vision
API (GCV API) [91], Google Docs API (GD API) [92], open-
source Tesseract OCR (OST OCR) [60], Surya OCR [93] and
OCR Tamil [65]. These systems were selected to represent a
diverse set of approaches, including both commercial and
open-source solutions. Google Cloud Vision and Google Docs
APIs are widely recognized commercial tools known for their
high accuracy and multilingual support. The Tesseract OCR
was chosen as the baseline open-source engine given its
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widespread adoption, active development community, and
comprehensive language support, including Tamil. Surya
OCR and OCR Tamil were chosen due to their public
availability.

To thoroughly assess the strengths and limitations of these
systems, three distinct evaluations were performed to gain a
comprehensive understanding of their capabilities, focusing on
how well these systems handle challenges, such as noisy and
damaged images, diverse text formats, multilingual
documents, variations in printing technologies, and diverse
page layouts.

The OCR quality assessment was conducted using the
Character Error Rate (CER) and Word Error Rate (WER),
which are the standard metrics in OCR evaluation. CER,
defined in Equation (1), measures the number of character-
level insertions, deletions, and substitutions required to match
the OCR output to the ground truth, normalized by the number
of characters in the ground truth. Similarly, WER, defined in
Equation (2), evaluates errors at the word level, capturing the
effectiveness of the OCR system in preserving the semantic
integrity of the text.

CER=(S+D+1)/N 1)

Where:
e S =Number of character substitutions
e D = Number of character deletions
e | = Number of character insertions

e N = Total number of characters in the ground truth

WER=(S+D+1)/N 2)

Where:
e S = Number of word substitutions
e D = Number of word deletions
e | = Number of word insertions
e N = Total number of words in the ground truth

While CER is widely used, it assigns the same penalty to all
substitutions, insertions, and deletions. However, in Tamil,
some characters are visually or linguistically similar, such as
‘6> and ‘s’, and their confusion reflects a minor recognition
error. Conversely, confusing ‘&’ with a visually and
phonologically different character like ‘6b” is more severe.
CER does not distinguish between these cases, potentially
underestimating the true severity of certain OCR errors. Future
work could incorporate weighted error metrics that assign
higher penalties to dissimilar characters and lower penalties to
closely related vowel- or consonant-modified forms.

1)  Evaluation - Performance for diverse page formats

and special categories:

The first experiment assessed the ability of the OCR
systems to recognize Tamil text across different page formats
and conditions. These formats include cover pages, imprints,
prefaces, tables of contents, plain text, text with images, text
with tables, multi-column layouts, oriented text, and
advertisements. The evaluation also considered different
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image conditions, good, damaged, noisy, and noisy-damaged,
along with monolingual and multilingual texts. Additionally,
documents printed using letterpress and digital printing
technologies were included to assess system performance
across different printing methods. This experiment was
designed to explore insights into how each OCR system
handles diverse page formats and conditions, highlighting its
ability to accurately recognize Tamil text.

2)  Evaluation - Performance for line-by-line segmented
text images:

The second experiment compared the performance of OCR
systems using two distinct processing methods: line-by-line
segmentation and full-image processing. In the line-by-line
approach, images are segmented into individual lines while
maintaining the same resolution, with each line processed
separately before merging the results into the final recognized
text. An example of a line-by-line segmented image is shown
in Fig. 3. This evaluation examined the benefits of dividing
images into smaller sections, particularly when handling text
alignment, noise, and segmentation issues, as opposed to
processing an entire image in one pass.
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Fig. 3 Line-by-line segmentation. Each line is extracted and processed
separately to enhance recognition accuracy.

3)  Evaluation - Performance for bounding-box defined

images:

The third experiment focused on bounding-box
segmentation to assess OCR performance. In this approach,
images are segmented into predefined regions based on
bounding boxes, and text recognition is performed separately
within each box. An example of bounding-box segmentation
is shown in Fig. 4. The results from each cropped section were
compared against the corresponding ground truth text, with
bounding-box coordinates included for precise comparison.
This experiment aimed to evaluate the effectiveness of the
systems in handling text extracted from specific regions of an
image and to understand how bounding-box detection
influences OCR accuracy. It also provides insights into the
challenges and advantages of isolating text sections for OCR,
particularly in documents with complex layouts or overlapping
content.

Each of these experiments was designed to obtain valuable
insights into the performance of OCR systems under various
conditions, thereby providing a deeper understanding of their
strengths and limitations. These evaluations are expected to
highlight the trade-offs between different processing methods
and shed light on the factors that influence the accuracy of
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Fig. 4 An example of bounding box segmentation.

Tamil text recognition across diverse document types and
image conditions. The outcomes of these experiments are
anticipated to identify the most effective approaches for
optimizing OCR performance in Tamil text recognition.

D. Results and Discussion

The following figures illustrate the character and word
accuracy of the Google Cloud Vision API, Google Docs API,
Open-source Tesseract OCR, Surya OCR, and OCR Tamil
across diverse page formats, document conditions, printing
technologies, and processing methods. These comparisons
underscore the strengths and limitations of both the
Commercial and open-source OCR systems.

The evaluation of optical character recognition (OCR)
systems, as shown in Figs. 5 and 6, and detailed in Tables 111
and 1V, reveals significant variations in the performance of
different models and page formats. Commercial OCR
solutions, such as the Google Cloud Vision API and Google
Docs API, consistently outperform open-source alternatives,
such as Tesseract OCR, Surya OCR, and OCR Tamil. The
analysis demonstrated that commercial models deliver higher
accuracy in both character-level and word-level recognition,
showcasing their superior performance in handling diverse
input types. Among open-source OCR systems, OCR Tamil
demonstrates a strong performance across the most diverse
page formats compared to other open-source OCR systems.
Open-source Tesseract OCR excels in recognizing text in two-
column layouts, outperforming other open-source alternatives.
In contrast, Surya OCR demonstrates the weakest
performance, particularly in handling text with images,
oriented text, and advertisements. Notably, in some cases, the
OCR systems' accuracy scores at both character and word
levels were negative, falling below -100% (e.g., -125.37, -
163.01). This was likely due to the OCR output containing
significantly more incorrect text than the ground truth. This
was typically caused by hallucinated characters, formatting
artifacts, or segmentation errors.
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~—— Google Cloud Vision AP
Google Docs API

—— Open Source Tesseract OCR

= Surya OCR

—— OCR Tamil

Table of content—__

Advértiéement

Oriented text

Text i

Fig. 5 Character Accuracy for Diverse Page Formats.

TABLE Il
CHARACTER ACCURACY (%) OF OCR SYSTEMS ACROSS DIVERSE PAGE
FORMATS
Page Format GCV | GD OST | Surya OCR
API API OCR | OCR Tamil
Cover 22.98 | 22.35 6.44 -15.45 -0.73
Imprint 82.44 | 80.65 | 78.57 80.88 81.17
Preface 93.89 | 94.03 | 7852 86.44 84.58
Table of Content 65.97 | 67.69 | 6454 47.46 67.18
Plain Text 95.28 | 94.72 | 78.30 78.13 83.17
Text with Image 86.70 | 85.20 | 49.35 -36.75 70.13
Text with Table 69.19 | 69.41 | 70.62 74.20 70.07
Table 59.41 | 60.63 | 53.40 45.94 59.51
Text in two columns 71.35 | 63.18 | 67.96 29.96 31.52
Oriented Text 64.07 | 63.27 7.93 | -118.22 -16.92
Advertisement 81.57 | 81.78 | 43.14 -88.92 23.99

—— Google Cloud Vision API
Google Docs API

~— Open Source Tesseract OCR

= Surya OCR

—— OCR Tamil

Fig. 6 Word Accuracy for Diverse Page Formats.

Error Analysis of Systems' Performance Across Diverse
Page Formats

All systems faced challenges when processing cover pages
due to the presence of complex layouts and graphical elements,
which pose significant difficulties for OCR systems across the
board. Common issues included the generation of extraneous
symbols, such as\, &, ", and _ which were absent in the ground
truth but appeared owing to graphical artifacts or segmentation
errors. Misrecognition of Tamil characters frequently resulted
in distorted or incomplete words, with unrelated symbols or
incorrect substitutions introduced. For instance, the word
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TABLE IV

WORD ACCURACY (%) OF OCR SYSTEMS ACROSS DIVERSE PAGE FORMATS
Page Format GCV GD OST Surya OCR

API API OCR OCR Tamil
Cover -18.73 | -22.80 | -125.37 | -163.01 | -61.96
Imprint 67.47 66.56 36.68 46.90 56.73
Preface 81.08 79.97 8.16 38.40 39.77
Table of Content 26.13 31.01 -433 | -20.01 31.30
Plain Text 79.72 78.89 18.28 3151 | 40.56
Text with Image 55.63 50.12 | -25.46 | -200.54 12.81
Text with Table 56.89 55.83 22.52 47.26 53.75
Table 27.89 3155 -7.52 | -15.10 30.06
Text in two columns 40.73 34.61 -4.33 -19.47 -A.77
Oriented Text 32.88 25.08 | -115.08 | -391.90 | -77.59
Advertisement 62.62 62.70 | -41.11 | -184.95 -6.02

eowelsyh appeared as  @nidlwedsyd,  where

characters and vowel modifiers were misinterpreted or omitted
entirely, resulting in nonsensical outputs. Tamil's complex
ligatures and vowel modifiers were often poorly handled,
breaking the word structure (e.g., eppgFuwj instead of
wHLPFHW D). Structural disorganization was another
persistent issue, with Tesseract OCR failed to maintain the
original text's hierarchy, such as numbered lists or sections (for
example &M, WMEHTIHGMESLD instead of
&E.2&HMISEGME&EHMD. Word formation errors were also
common, where characters from unrelated words were joined
or fragmented, creating nonsensical phrases (e.g.,
Gumrsl.sl&6sW instead of GUMISSISHEHWIF). Some errors
stemmed from incorrect word segmentation. For example,
SBETINTSFH &6T Was misrecognized as SIH&mreLpr
SH a1, where an incorrect split introduced a semantic and
phonetic disconnect, distorting the intended meaning. The
Open-source Tesseract OCR performed reasonably well in
recognizing Tamil digit characters. However, other OCR
systems failed to recognize Tamil numerals, instead
misidentifying them as visually similar Tamil letters, which
led to inaccuracies. Surya OCR, in particular, generated
additional characters when processing text from oriented
pages, significantly reducing its accuracy. Similarly, OCR
Tamil processed text continuously in the output file, even
when the text appeared in multiple lines in the original image.
This caused deviations from the ground truth and introduced
additional error rates owing to the formatting inconsistencies.
This also affected the overall accuracy of the OCR system.
Likewise, Google Docs OCR continuously processed certain
portions of text in the output file, particularly when paragraphs
or grouped text were present. However, unlike OCR Tamil,
this issue occurred only in specific cases rather than affecting
the entire text.

The evaluation of OCR systems across varying document
conditions, mono/multilingual text, and printing technologies
highlights distinct differences in their performance. Figs. 7 and
8, and detailed in Tables V and VI, show the performance of
each system across different document conditions,
demonstrating that commercial OCR solutions, such as Google
Cloud Vision API and Google Docs API, consistently deliver
higher accuracy than open-source alternatives such as
Tesseract OCR, Surya OCR, and OCR Tamil. These
commercial systems demonstrate robustness under all
conditions. However, under “noisy condition” or “noisy and
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damaged condition”, their performance noticeably decreases,
although they still outperform the open-source OCR systems.
OCR Tamil demonstrates strong word-level accuracy across
various conditions, outperforming Surya OCR and Tesseract
OCR. Tesseract OCR struggles more with “multilingual text”
and “noisy and damaged condition” compared to other OCR
systems. Furthermore, documents produced using modern
digital print technology yield higher accuracy across all
models than older letterpress technologies, highlighting the
impact of print quality on OCR performance. Surya OCR
generally performs poorly across most conditions. However, it
shows relatively better performance in categories such as
“multilingual text”, “digital print technology”, “good
condition”, and “noisy and damaged condition” when
compared to its performance in other areas. Despite this, it still
performs worse than the other OCR systems.

- Google Cloud Vision API
Google Docs API
~— Open Source Tesseract OCR
= Surya OCR
“ondi OCR Tamil

Noisy-Condition

Multilingua

Fig. 7 Character Accuracy for Special Categorization.

TABLE V
CHARACTER ACCURACY (%) OF OCR SYSTEMS FOR SPECIAL
CATEGORIZATION

Special Categories GCV | GD OST | Surya | OCR
API API OCR | OCR | Tamil
Good condition 85.03 | 83.85 | 68.28 | 48.12 | 64.87
Damaged condition 86.64 | 86.14 | 62.01 | -16.58 | 65.75
Noisy condition 55.58 | 54.93 | 44.30 | 20.67 | 36.05
Noisy & damaged 57.61 | 56.46 | 40.72 | 49.29 | 46.54
condition
Monolingual text 76.05 | 75.09 | 58.79 | 2857 | 56.12
Multilingual text 84.14 | 82.84 | 67.94 | 76.86 | 71.31
Letterpress technology 77.84 | 76.98 | 57.06 | 32.85 | 58.67
Digital print technology | 84.11 | 82.16 | 75.37 | 55.61 | 70.67
TABLE VI
WORD ACCURACY (%) OF OCR SYSTEMS FOR SPECIAL CATEGORIZATION
Special Categories GCV | GD OoSsT Surya | OCR
API API OCR OCR Tamil
Good condition 68.63 | 67.79 8.96 | -17.90 29.22
Damaged condition 66.81 | 66.67 -6.11 | -79.59 30.59
Noisy condition 27.62 | 24.37 | -55.27 | -76.65 -8.61
Noisy & damaged 19.13 | 15.17 | -62.52 | -46.69 -15.58
condition
Monolingual text 53.78 | 52.11 | -15.61 | -51.71 14.00
Multilingual text 65.96 | 65.24 7.20 36.47 38.72
Letterpress technology 53.70 | 52.02 | -20.10 | -49.78 11.76
Digital print technology | 71.29 | 70.49 23.27 14.65 50.98
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Fig. 8 Word Accuracy for Special Categorization.

Error Analysis - For special categorization

One factor that affected the performance of all the systems
under noisy conditions was that the ground truth did not
include labels or rubber stamps, even though the systems
recognized them. This mismatch likely led to a lower accuracy,
as the systems detected these extra elements, but they were not
in the reference data. For instance, elements like “UNIVERSITY
OF JAFFNA”, “ARCHIVES”, “Digitized by Noolaham
Foundation”, and “noolaham.org”, which appeared on rubber
stamps and stickers, were incorrectly included as part of the

recognized text. A major source of error was the system’s
difficulty in handling text layout and segmenting text from
non-textual components such as logos, stamps, or graphical
elements. Surya OCR, in particular, struggled with this aspect,
leading to the inclusion of extraneous symbols and irrelevant
text. Another common issue was the confusion caused by
bilingual text, particularly under conditions of low character
clarity. In such cases, English characters were often
misinterpreted as Tamil. For instance, the phrase
“KAILASAPATHIYUM NAANUM” was misrecognized as U
\KAILASAPATHIYUM NAANUM”, “A CRITICAL ASSESSMENT”
appeared as “LI6b& CRITICAL ASSESSMENT”, and “Qeu.
grdprg ywn” appeared as “Qal. emd B FFwm”.
Additionally, the system faced challenges in segmentation,
such as fragmenting “GHeuTa-
F.a0.&Wmeora B TeorTy” iNto “@aeurery - H@. ol
sedwnmevor g TeoTm”” breaking the natural word flow. These
segmentation issues, coupled with the system's inability to
handle Tamil's complex ligatures and vowel modifiers
effectively, further compounded the errors at the word level,
leading to distorted or nonsensical outputs.

The evaluation results revealed distinct performance
patterns among the five OCR systems across the various
processing methods, as shown in Figs. 9 and 10. Commercial
OCR systems, particularly Google Cloud Vision API and
Google Docs API, consistently deliver higher accuracy in both
character-level and word-level recognition compared with
open-source solutions such as Tesseract OCR, Surya OCR,
and OCR Tamil. Commercial systems demonstrate notable
reliability in both the full-image and line-by-line segmentation
approaches. Surya OCR and OCR Tamil showed significant
weaknesses in word-level recognition, particularly in line-by-
line segmentation.
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OCR Tamil

Surya OCR

Open Source Tesseract OCR

Goagle Ducs APT

Google Cloud Vision API

Il

Fullimage W Line by line

Fig. 9 Comparison of Character Accuracy for Different Methods (Full Image
vs. Line-by-Line).

Error Analysis - For Line-by-Line Segmentation

Surya OCR faced significant challenges, including
misrecognition of characters, misalignment or omission of
vowel modifiers, and improper segmentation of words.

OCR Tamil

Surya OCR.

Open Source Tesseract + OCR

Google Docs APT

Guogle Cloud Vision AP

I’

Full image W Line by line

Fig. 10 Comparison of Word Accuracy for Different Methods (Full Image
vs. Line-by-Line).

Additionally, random characters such as repeated numerals or
nonsensical sequences often appeared in the output, likely
caused by background noise or artifacts in the input image. The
system also struggled to differentiate between meaningful text
and non-text regions, frequently hallucinating text in areas
where no text existed. OCR Tamil, on the other hand,
performed well when processing full images; however, when
handling cropped images line-by-line, it generated output text
without proper spacing between words. This lack of spacing
led to lower word-level accuracy, although the character-level
accuracy remained promising. Similarly, Tesseract OCR
exhibited several notable weaknesses in line-by-line
segmentation. A prominent issue was the frequent
hallucination of characters, particularly in the incorrect
rendering of Tamil numerals, punctuation, and conjunct
consonants. In many cases, it inserted irrelevant symbols or
random Latin script tokens (e.g., “DLO”, “IVS HO”, and
“Amy br”), indicating a failure to filter out background noise

or non-textual artifacts, especially in complex poetic or dense
prose segments. Tesseract also suffered from alignment drift
in longer lines, resulting in misplaced character stacking and
visual clutter.

The results demonstrated that the performance of OCR
systems is significantly influenced by the use of bounding-box
segmentation techniques. In terms of Character Accuracy
(CA) and Word Accuracy (WA), both the Google Cloud
Vision APl and Google Docs API show notable improvements
when processing cropped images compared to the original
unprocessed images. This suggests that isolating text regions
through bounding boxes effectively enhances recognition
accuracy by reducing noise and irrelevant visual elements in
the input, as shown in Figs. 11 and 12, respectively.
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In contrast, open-source systems, such as Tesseract OCR,
Surya OCR, and OCR Tamil, struggle with cropped images
and exhibit significantly lower performance. Surya OCR, in
particular, experienced a dramatic decline in CA and WA,
performing far worse on cropped images than on the original
images. OCR Tamil, while moderate in its performance on
original images, demonstrates a relatively better accuracy than
Surya OCR when handling cropped images, although its
performance remains below that of commercial solutions.
These results highlight the limitations of open-source systems
in managing segmented inputs, emphasizing the need for
improved segmentation techniques and contextual post-
processing to enhance their effectiveness.

—— Cropped Inages Based on Bounding Boxes

Original Images

50 '_7_7\
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8
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a™ o o ot
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Fig. 11 Comparison of Character Accuracy for Different Methods (Cropped
Images Based on Bounding Boxes vs. Original Image).

60 —
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—e— Cropped Images Based on Bounding Boxes
Original Images

o R
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Fig. 12 Comparison of Word Accuracy for Different Methods (Cropped
Images Based on Bounding Boxes vs. Original Image).

Error Analysis - For bounding-box segmentation

One possible explanation for the decrease in the
performance of open-source OCR systems for cropped images
based on bounding boxes compared to the original image is the
reduction in image quality during the segmentation process.
Cropping often led to decreased resolution, particularly for
smaller text regions, and introduced distortions or noise that
hindered accurate text recognition. Additionally, the
contextual information present in the original image, such as
neighboring text or layout structure, was often lost during
segmentation, further impacting the OCR system's ability to
interpret content accurately. In particular, the Surya OCR
revealed significant challenges at the global level. The system
struggled to accurately recognize and reproduce Tamil texts,
particularly when dealing with complex layouts or mixed
graphical elements. Key issues included the introduction of
extraneous symbols (e.g., “eu&HEWmF” misrepresented as
“asHREwmy . .”, incomplete or fragmented text recognition,
unnecessary line breaks, and spacing errors. For instance, the
phrase “sa=fleoTendmeund Lymesorin.” was fragmented as
“TH8l emetordHeLE Lgmesorid.”, thus distorting its original
meaning. Additionally, some bounding boxes contained
entirely unrelated text, such as “Camera Brannel 31
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TABLE VII
EXAMPLES OF OCR ERROR TYPES IN TAMIL TEXT

Error type OCR output Ground truth

Vowel modifier misrecognition | &flloGevss Erfllnemevg

Extra VOHMTTHESGMIHSHLD VEMTEHGDEHSHLD

symbols/artifacts

Tamil numeral misread &L Fo_

Word split/merge errors BIL 960 BHS! BT 1960 (BH S

Punctuation misrecognition &, 6T1(WD&& &([. TS5 S|

Language switching errors G&. eTely. F6UGLOITITE0T [6.5. G &.6T6N. &6 (G DM 6T B.A.

Character substitution ULV &SI ULEVWSS!

True word error 2|60 S|600TIT

Line structure loss WITHLILIMEooTS &l LILY WITPLILIMTetoTS Sl
AMSADFFRIGSST (HeOL W | SLODFFMHISSSTIHEL L
AN BLILSHGTLILG ANBLILIS S 6T LG

Redundant glyphs 2_& ITJ600T Rl 61 & CorT 2_&ITJ600T I &HG6T

Concession : CATHERSENTIAL PRODUCE”, which was
erroneously introduced and irrelevant to the original content.
The system also struggled with Tamil-specific features such as
vowel modifiers, ligatures, and symbols, often misinterpreting
or entirely omitting them.

We have collected all the errors from the evaluations,
analyzed them and found many of the errors fall into ten types.
Table VII presents representative examples of the common
OCR error types identified during the evaluation. By analyzing
these error types, it becomes possible to identify where
targeted post-processing approaches may help reduce OCR
errors in future systems.

IV.CONCLUSION

Tamil Optical Character Recognition (OCR) has seen
notable advancements in recent years, with the use of deep
learning techniques and post-processing methods, including
large language models, to improve system accuracy. However,
challenges remain in handling complex layouts, degraded
documents, historical Tamil symbols, and handwritten texts.
The limited availability of large and diverse datasets and
standardized benchmarks has also slowed the progress of OCR
development.

We developed a diverse dataset of 164 scanned images from
the Library, University of Jaffna, and the Noolaham
Foundation, covering publications from 1850 onward. The
dataset includes a wide range of document types and is
categorized by attributes such as image condition, language
composition, and printing technology. Ground-truth text was
carefully prepared through a blend of automated extraction and
expert manual correction, with bounding box annotations to
support detailed evaluation. This comprehensive dataset
enables a realistic and thorough assessment of OCR system
performance and serves as a valuable benchmark for
advancing Tamil OCR research.

The evaluation of commercial OCR systems, such as
Google Cloud Vision APl and Google Docs API, showed
higher character- and word-level accuracy compared to open-
source systems such as Tesseract OCR, Surya OCR, and OCR
Tamil, especially for well-maintained and digitally printed
documents. However, all the systems showed reduced
performance with cover pages, noisy documents, and damaged
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text, reflecting the impact of document quality on the OCR
results.

A small performance difference was observed between line-
by-line and full-image processing. Full-image processing
performs slightly better because of its ability to capture the
contextual relationships across documents. This suggests that
post-processing could further enhance the accuracy. Based on
our observations, full-image processing may allow the OCR
systems to make more consistent post-processing steps when
the entire page is available, although the specific internal
mechanisms used by these systems are not publicly
documented. In the full-image mode, OCR systems may
capture contextual information based on the surrounding text,
and the systems may correct errors using this context.
Nonetheless, the choice of the method may depend on
document-specific factors.

Bounding box segmentation improved recognition accuracy
for commercial systems, whereas open-source systems,
particularly Surya OCR, encountered challenges, likely due to
the lower image quality resulting from the segmentation
process.

We also analyzed the OCR outputs and categorized the
errors into ten types. These error patterns indicate where future
improvements could be directed. For example, handling of
vowel modifiers could be strengthened, discrimination of
visually similar characters could be improved, and robustness
against degradation in historical documents could be
enhanced. In addition, more reliable word-boundary handling
would help address word split or merge issues. Different post-
processing approaches could be explored in future work to
address these categories and further improve OCR accuracy.

As discussed in this paper, Tamil text forms a small portion
of large language model datasets. Despite Tamil's long literary
tradition and global speaker base exceeding 80 million, many
documents, particularly manuscripts on ola leaves, remain
undigitized.

Future research should focus on creating more adaptable
OCR systems capable of handling diverse inputs. Integrating
large language models into post-processing workflows can
help close the gap between the OCR outputs and meaningful
text interpretation. Tamil OCR systems have the potential to
not only transcribe text but also support information retrieval,
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digital preservation, and knowledge extraction from Tamil
literature and historical archives.
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