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Abstract

It is very difficult for computers to read and extract data from the handwritten form of
documents in bilingual models like Bengali and English. The condition becomes much
more complex for Bengali scripts as it has numerous complex scripts, integrated letters,
numerous styles, which makes the recognition process way more complex. This research
focuses on a deep learning oriented model named Punolikon, a lightweight bilingual Op-
tical Character Recognition Model which helps to identify both the Bengali and English
handwritten form of documents efficiently and effectively. The model applies a novel hy-
brid deep learning model which includes Spatial Transformer Networks (STN) for input
normalization, ResNet-style bottleneck blocks with skip connections for channel reduc-
tion, MobileNetV3-Small backbone for effective feature extraction and Transformer en-
coders with multi-head self-attention for robust model sequence. The recognition module
handles conjunct consonants, vowel signs and Unicode normalization problems by using a
grapheme-based tokenization technique created especially for the complex Bengali letter.
For ensuring clean and clear text portion this model also relies on CLAHE along with
graysclale at preprocessing period. This hybrid model achieves 84.3% word accuracy and
9.87% Character Error Rate on overall text recognition using a test set of 18,953 word
samples. Fixing Unicode Normalization improved accuracy by 11%. The model shows
strong performance with 88.4% character accuracy and 92.08% average prediction confi-
dence. The detection part uses YOLOv8n for word localization and for the recognition
pipeline applies a hybrid STN-CNN-Transformer structure developed with CTC loss to
handle word crops. Finally, this integrated architecture helps the model to gain satisfac-
tory rate of accuracy in case of recognizing both Bengali (85.3%) and English (83.3%)
handwriting by keeping the system robust and effective. Also this provides a compre-
hensive solution for digitising handwritten and printed historical Bengali-English records,
offers administration digitisation and academical resources preservations.

Keywords: Handwritten Text Recognition, Bengali-English OCR, Deep Learning, Multi-
Head Attention, MobileNetV3, CTC Loss, Spatial Transformer Network, ResNet Bottle-
neck, Transformer Encoder, YOLOv8n
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Chapter 1

Introduction

1.1 Background

Handwritten documents are vital sources of information, preserving history and culture
and knowledge carried across generations. Many countries like Bangladesh, they store
important documents in handwritten forms which includes official documents, academic
notes and historical manuscripts. We know that Optical Character Recognition (OCR)
has been widely applied for translating printed text into a machine readable text but it
struggles with handwritten documents. Specially, handwritten text in Bengali language
which has a complicated script provides additional obstacles. Bengali scripts have con-
junct consonants, vowels and punctuation that make it more difficult and challenging for
typical OCR algorithms to reliably recognize. Additionally, in bilingual documents such
as those containing both Bengali and English texts, the problem becomes more obvious.
Therefore, we need an efficient and reliable OCR system that can such challenges quite
easily. Our thesis introduces a bilingual lightweight OCR model which we have named
as Punolikhon that aims to overcome these challenges. We have implemented a deep
learning based hybrid architecture, Punolikhon which can recognize both Bengali and
English handwritten text. This can help us to preserve and digitize valuable historical
and educational documents for future generations.

1.2 Rational of the Study or Motivation

The motivation for this study comes from the limitations of existing OCR algorithms
when it comes to accuracy in the recognition of handwritten texts by lightweight archi-
tectural model. In other countries including Bangladesh, handwritten papers are crucial.
While there have been breakthroughs in OCR models for printed texts, handwritten texts
especially in Bengali combined with English that too in a lightweight model remains a
challenge. Existing OCR models often work well with clear, printed text but struggle
when applied to handwritten documents particularly when the handwriting is irregular
or text is faded or deteriorating. Futhermore, many of these systems are built to handle
only one language and do not allow bilingual text recognition. This research is inspired
by the need for a system which can efficiently process handwritten documents in both
Bengali and English with a lightweight model. Additionally, there is a void in the avail-
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ability of OCR models that can handle both the complexity of Bengali script and the
multilingual character of many ancient texts. This research intends to address this void
by constructing a bilingual lightweight OCR system that can recognize old handwritten
texts in both languages.

1.3 Problem Statement

Traditional OCR models which are lightweight built encounter substantial restrictions
when it is applied to handwritten documents. These models often fail to precisely recog-
nize texts when the quality of the document is low or when the handwriting is complex.
This challenge is amplified when dealing with multilingual documents because the OCR
model must simultaneously process two different scripts Bengali and English. In the
case of Bengali text, the complexity of the text with it’s conjunct consonants and many
diacritics that makes it exceptionally tough for OCR models to reliably recognize let-
ters and phrases. Existing OCR models are often trained on clear and printed texts.
Therefore, we badly need an OCR model that can handle these challenges easily. This
research focuses on creating a bilingual Bengali-English OCR model (Punolikhon) using
a hybrid lightweight model that can efficiently recognize and digitize handwritten texts.
This model must also be able to handle both Bengali and English text from the same
document making it versatile for utilize in various real world applications.

1.4 Objective

The ultimate purpose of this research is to construct a reliable and adaptive bilingual
lightweight OCR engine model that can easily read, detect and recognize both the Bengali
and English handwritten text.
The fundamental objective of this model are :

1. To create and develop a hybrid deep learning oriented model which combines
YOLOv8n for detecting text and a HybridHTR_STN_Transformer model for rec-
ognizing the text.

2. To upgrade the quality of the image with some notable preprocessing techniques
like CLAHE and gre which removes noise and other distortion.

3. To run and perform the lightweight model accurately and efficiently via data aug-
mentation.

4. To train the model with diverse variations by dataset including Bengali and English
Handwritten documents and optimizes the model by using label smoothing, learning
rate scheduling and checkpointing for accurate performance.

5. To evaluate and measure the evaluation using notable OCR metrics like CER, WER
and Word Accuracy.By using these metrics helps to determine how effectively the
model is working.
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In short, we aim to construct an effective and adaptive OCR model that can read and
recognize old Bengali and English documents by any walk of people using our lightweight
model.

1.5 Methodology in Brief

This study adopts a data-based deep learning technique to design and evaluate a two
step optical character recognition model that can detect and recognize text from image
documents.This research is done using several main stages:

1. Data acquisition and preprocessing: Page images are collected from scanned
and camera-captured sources. Prior to modeling, handwritten text images are an-
notated manually and automatically, preprocessing variants are applied to reduce
illumination inconsistency and improve stroke visibility, including the original rep-
resentation, CLAHE-based contrast enhancement, and grayscale normalization[1].

2. Multimodal architecture development: A two-stage OCR formulation is adopted,
where localization and transcription are addressed as distinct but connected tasks.
Word localization is performed using a YOLOv8n-based detector that produces
bounding boxes with confidence scores, followed by post-processing to suppress
redundant predictions. Word-level transcription is performed using a hybrid STN–
CNN–Transformer recognizer, where geometric normalization is first applied, visual
features are extracted, sequential context is modeled, and alignment-free transcrip-
tion is produced via CTC decoding.

3. Training strategy: Model training is conducted separately for detection and
recognition to support modular optimization. The recognition model is trained on
word-level crops derived from annotated bounding boxes, and experimental compar-
isons are conducted between idealized ground-truth crops and detector-generated
crops to characterize the effect of localization quality on transcription performance.

4. Evaluation framework: Performance is evaluated in both detection and recog-
nition stages. In the detection part the performance is calculated using standard
localization measures and in the recognition section performance is measured by
transcription metrics like word accuracy,error rates. Diagnostic experiments are
included to quantify performance degradation under detection-generated crops and
to identify integration-related limitations.

5. Implementation: The pipeline is implemented as a reproducible sequence of steps
comprising preprocessing, detection with post-processing, crop generation and nor-
malization, recognition inference, and text post-processing. Outputs are produced
as bounding-box–aligned word transcriptions, with optional aggregation for page-
level reconstruction and reporting of confidence-oriented statistics.
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Figure 1.1: Workflow overview of the OCR pipeline

1.6 Scopes and Challenges

This research focuses on handwritten Bangla OCR at the word level, where the ob-
jective is to localize handwritten word regions from document images and transcribe them
into machine-readable text. The scope is motivated by two key gaps in existing work:
(i) comparatively limited research and publicly available resources for Bangla handwrit-
ten OCR, particularly with word-by-word bounding-box annotations, and (ii) the
shortage of lightweight OCR models that remain reliable under realistic handwriting
variability and document noise.

Scopes

The work contributes a novel Bangla handwritten word-level annotated dataset construc-
tion pipeline (including annotation and quality control), and designs lightweight, modular
deep learning components suitable for practical deployment and systematic evaluation.
The study targets Bangla handwritten document images and addresses both word detec-
tion and word recognition within a modular OCR pipeline. The emphasis on word-level
annotation and modeling is important because word-level supervision is substantially
more difficult to obtain than plain transcriptions, yet it is essential for page-level OCR
workflows.
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Challenges

Problems with various handwriting : The first and foremost problem arises with
the variations of handwriting of individuals for any single scripts[2]. This includes mul-
tiple strokes and structural similarities in Chinese characters, diverse sizes, styles, and
structural complexity in Tamil, and the presence of’hamzas’ and ’dots’ complicating Ara-
bic, particularly Quranic literature with its prevalent diacritics [3]. Amharic and Bangla
scripts are also challenging due to small shape changes and diverse writing styles [4], [5].
Even hand-drawn chemical structures are troublesome due to their many styles and poor
image quality[6]. Given the wide range of variables,achieving high accuracy is generally
difficult [7].
Data scarcity and annotation limitations (Bangla-specific): A major problem is
that there are not many large,publicly available datasets for languages, especially Bengali.
There has been very little work done on handwritten Bengali scripts especially in word
level annotations. THz image acquisition for historical documents is expensive and takes
a long time, which makes it hard to get the data [8], [9].
Problems with image processing and segmentation: It’s hard to split up text lines
in old documents because the fonts, styles, and degradation are all different [10], [11].
This often results in overlapping characters or touching bounding polygons that merge
lines and make it hard to recognize them correctly. THz images specifically suffer from
specklenoise and high-intensity artifacts.
Performance and Generalization of Deep Learning Models: Deep learning models
are often big and need a lot of computational power, which makes them hard to use on
devices with limited resources. They often aren’t strong enough and can’t be used on
new documents or compressed images. They also tend to overfit when the data is small
or not evenly spread out [3].
Evaluation and Compatibility : As usual, the regular way of pixel oriented archi-
tecture suffers in case of extracting features, as a result, it brings incomplete results.
As the results are corrupted and incomplete, it is not possible to compare the system’s
performance for further approaches [4].
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Chapter 2

Literature Review

2.1 Preliminaries

Handwritten Text Recognition (HTR) is the machine-readable digital text produced from
hand-written texts. From digitalizing historical records, form processing, and real-time
transcription to throughout many academic and professional spheres, this field is crucial.
Still challenging especially when working on intricate scripts like Bengali and Chinese
because of their convoluted character frameworks, multiple strokes, and character simi-
larities. Variations in individual handwriting styles, unequal spacing, broken strokes, and
noise or damage in scanned documents provide further problems that can seriously lower
recognition accuracy. Usually running two modes online which logs dynamic information
from pen movements and offline, which runs stationary scanned pictures HTR systems.
In the last few years, deep learning (DL) techniques have shown remarkable improve-
ments over traditional machine learning techniques in HTR. As with the conventional
approaches it relies on manually designed features extraction, but deep learning models
can easily and effectively extract high-level representations automatically from any types
of complex data.

Convolutional Feature Extraction

Convolutional Neural Networks (CNNs) are always a core component for the purpose
of feature extraction in HTR. Their convolutional layers are much capable of learning
and understanding visual patterns. It also can detect character architecture directly
from input data images, by minimizing the synthetic datasets. Most importantly, CNNs
have shown efficiency along with effectiveness for numerous scripts which include Bangla,
Tamil, Hindi, English and Ethiopic [4], [5].

Spatial Transformer Networks (STN)

To handle any sorts of geometric degradation and variations in handwritten format, a
Spatial Transformer Network (STN) is implemented into the recognition pipeline. STNs
provide a module which is learnable and can transform input images, which helps to align
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characters for the performance of better recognition. It reduces the effect of deformed text
and distortion, which allows subsequent layers to pay concentration on perfect feature
extraction [12].

MobileNetV3 for Lightweight Feature Representation

On the other hand, to ensure lightweight feature extraction, MobileNetV3 is implemented
for feature selection and extraction because of its lightweight design and computational
adaptability. It also uses depthwise separable convolutions along with the optimized net-
work blocks, making it usable and suitable for real-time HTR applications by maintaining
high accuracy [13].

Grapheme Tokenization and Unicode Normalization

To recognize any complex symbols like the Bengali languages has, it definitely needs
a Grapheme tokenization method model to get better performance. That’s why the
grapheme level is used instead of the character level for recognizing those complex alpha-
bets. Grapheme tokenization first segments the whole text into some meaningful parts,
which adopts combined forms of consonants, vowels, and diacritics of Bengali languages
[14], [15].
Moreover, Unicode NFC normalization gives stable encoding. It reduces discrepancies be-
tween visually identical but differently encoded sequences and improves model reliability
[16].

Sequence Modeling and Text Decoding

After doing feature extraction, either features are decoded directly with the help of se-
quence modelling layers together with CTC (Connectionist Temporal Classification) loss
or recurrent layers like LSTM or GRU are used. Without strict alignment between the
input image and its matching text, CTC allows training with variable-length sequences.
As a result, handwritten words can be reliably recognised even if there are missing or
distorted letters [17].

2.2 Review of Existing Research

Handwritten character recognition (HCR) is an important area of research, particularly
for its applications in medical records, ancient manuscripts, and general document pro-
cessing. Recent advancements in machine learning and deep learning have significantly
improved the performance of HCR systems. This review discusses some recent papers
that focus on HCR in various domains. The papers employ different deep learning archi-
tectures, including Convolutional Neural Networks (CNNs), Long Short-Term Memory
(LSTM) networks, [18] and federated learning. Here we are going to address the chal-
lenges posed by noisy, messy, and complex handwritten characters.
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In 2022 Tabassum presents a machine learning-based approach to recognize hand written
medical terms. In developing countries it is crucial to ensure accurate prescriptions in
healthcare settings [19] .But in Bangladesh most doctors still rely on handwritten pre-
scriptions. The authors highlight the significance of illegible hand writing that leads to
errors in prescriptions. This paper gives a novel data augmentation technique Shifting,
Rotation and Stretching (RSS) which is applied to increase the sample size and also im-
prove model stability. With RSS augmentation, that model shows an average accuracy of
93.0 % which shows a notable improvement of 19.6 % over models that did not use data
augmentation [19]. The authors use a Bidirectional Long Short-Term Memory (BiLSTM)
network to process the data sequence of medical terms. This choice is motivated by the
ability of LSTMs to effectively handle sequential data and capture the temporal depen-
dencies inherent in handwriting. The smartpen proposed in this work could potentially
reduce medical errors and save costs by digitizing prescriptions in real-time. This work
illustrates the potential of deep learning in assisting doctors in improving their workflow
and minimizing the impact of poor handwriting in medical prescriptions.
Krithiga in 2023 tells about the challenges to recognise ancient Tamil characters. Specif-
ically, the Vattezhuthu script, which changes significantly over time. Because those
languages were written on materials like rock or palm leaves, the process of digitizing
those ancient manuscripts is very challenging because of distorted text conditions. The
authors significantly discuss numerous preprocessing ideas like feature extraction, and de-
noising to deal with the degradation of ancient characters [11]. The paper reviews CNN
and ResNet architectures which shows significant results in categorizing ancient Tamil
characters. It also analyses the significance of proper dataset creation and provides us
the scarcity of designated ancient text data. Researchers should synthesize new datasets
or increase existing ones to address the limited availability of training data. The models
discussed in the paper are focused on the segmentation of ancient text and turns them
into recognizable characters. They use methods like horizontal projection analysis and
generative adversarial networks (GANs) to improve segmentation accuracy. This paper
shows the complexity of dealing with overlapping text and the challenges of various writ-
ing styles and materials [11]. This comprehensive analysis not only shows the technical
challenges but also the future scope of developing a more robust model which can handle
variations in scripts. Deep learning helps to preserve historical records for the future by
digitizing them [11].
Kim introduces a novel deep learning-based model to improve the performance of Chi-
nese character recognition. They address the problem of messy handwriting, which is
common in Chinese handwriting and it drastically reduces the performance of traditional
Optical Character Recognition (OCR) [19]. Their method classifies characters as either
neat or messy. It uses a federated learning approach to handle data privacy concerns.
By training models on local devices and averaging the model weights they show that
federated learning can improve the recognition performance while protecting user data
[3]. The paper compares their federated learning approach with global and local learning
models.They show that their method outperforms existing approaches including FedAVG
with a 301.2% improvement in accuracy and a 241.54% increase in the area under the
curve (AUC) score. The authors specifically use EfficientNetB0 for the classification task
which allows the model to achieve high performance even with limited data. The paper
also employs various deep learning models such as ResNet50V2 and Swin Transformer in
order to compare their performance in classifying messy handwritten Chinese characters.
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The mixture of federated learning is remarkable as it helps to improve the model with-
out requiring data. It needs to be uploaded to a central server which addresses privacy
concerns. This federated approach is a vital contribution of the paper showing how dis-
pensed learning can be. It is used to improve handwriting recognition systems especially
in environments where data privacy is prioritized. Murali in 2025 proposes a Deep Pro-
gressively Learning Model (HCR-DPLM) for noisy handwritten character classification
specifically for offline handwritten text recognition. The model focuses on overcoming
challenges in noise removal and character segmentation. They are key obstacles in of-
fline handwritten recognition. The authors propose a transfer learning strategy which
leverages pre-trained networks for feature extraction that helps in reducing the need for
large datasets. This approach improves the model’s core ability by allowing it to work
efficiently with smaller datasets [20]. The authors highlight that the pixel-level classifier
employed in their method. It helps to remove noise effectively from handwritten charac-
ter images. They show their method significantly improves its performance particularly
while dealing with noisy data.
Dutta uses deep learning to enhance terahertz (THz) imaging, particularly its use in
non-destructive historical documents analysis [8]. THz imaging is valuable to examine
damaged documents without damaging them. It often suffers from noise, especially in
high-speed imaging scenarios. To address this issue, the authors apply an unsupervised
CycleGAN model to generate paired noisy and clean THz images, followed by a super-
vised Pix2pixGAN model for image denoising. Their results show that, after the denoising
process 99% of characters on Xuan paper are clearly recognizable and 61% on standard
paper are sufficiently clear. These findings highlight the potential of deep learning to im-
prove the quality of THz images, enabling more effective analysis of historical documents
without causing harm to the artifacts [8].
Ouyang in 2024 had a thesis showing ChemReco, a deep learning-based tool designed
for recognizing hand-drawn chemical molecular structures, particularly those involving
carbon, hydrogen, and oxygen atoms. Their model addresses the need for efficient conver-
sion of hand-drawn chemical structures into machine-readable formats like SMILES codes
which are crucial for computational analysis in chemistry. To take care of the lack of real
training data, they generate and depend on the synthetic images of hand-drawn figures.
Finally, their model uses a special encoder-decoder design consisting of EfficientNet and
Transformer networks, which helps to achieve a high accuracy of 96.9%. For that, Chem
Reco is very useful for the chemical research field and also for educational purposes. It
can also accomplish tasks like automatically checking and grading hand-drawn diagrams
of chemistry of the students [6].
Zaman et al. in 2022 proposes a CNN-based model for Bangla handwritten word recog-
nition to evaluate different CNN architectures such as 2-Layer CNN, Pure CNN and
3-Layer CNN this shows 97% accuracy. This research uses a custom dataset that uses
100 frequently used Bengali words [21]. Jubaer et al. introduces the BN-DRISHTI model
in 2023. This model is a combination of the YOLO framework with Hough and Affine
transformations. This model is trained on an extended version of the BN-HTRd dataset
(v4.0). It has achieved 99.97% F-score in line segmentation and 98% in word segmenta-
tion [22]. Pal et al. shows a two-stage Single Shot Detector (SSD) system for Bengali
handwritten word recognition in 2024. This model used MobileNetV2 as backbone struc-
ture for character detection and followed by fine-tuning to recognize words. Its F1-score
is 82.86%, showcasing the model is efficient to recognize Bengali words [23].
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Zulkarnain et al. develop a bbOCR pipeline to recognise Bengali words in 2023.It is a
combination of YOLO and image preprocessing.This model uses Bangla text documents
for experiment and shows that the model has the capability to handle noisy and real-world
handwritten data [24].Basher et al. proposes BnGraphemizer which is a grapheme-based
tokenizer in 2023. It splits Bengali words into graphemic units for effective segmenta-
tion.This model used CRNN as their main structure and shows that BnGraphemizer-
based model has outstanding performance in character level [25].Roy et al.tells grapheme
based methods in 2023 to handle complex Bengali characters. These novel methods,
Vowel Diacritics Separation (VDS) and All Diacritics Separation (ADS),show better per-
formance in comparison to traditional OCR [26].Rahman et al. proposes a Deep Learning-
based Bangla Handwritten Text Recognition in 2023 combining CNN and RNN archi-
tecture.This model achieves promising results specially in recognition complex Bengali
Characters [27].
Mridha et al. in 2021 proposed a dataset containing Bengali handwritten text.It contains
isolated characters words.This research main goal was to improve BHTR model.It shows
CNN models efficiently recognize character recognition.Though some challenges remain
due to different handwritten styles [28].Hossain et al.proposes a hybrid CNN-CTC archi-
tecture for Bengali handwritten character recognition in 2022. Their model was trained
on the BN-HTRd dataset.It achieved 92% accuracy in character segmentation [29]. Azad
et al. introduces a new model namely BornoNet in 2018.It is a CNN-based model that can
recognize handwritten Bengali characters.This model has three distinct dataset and has
achieved 95.7%-98% accuracy in character recognition [30].Taufique et al. shows a model
Inception CNNs in 2018 to recognize handwritten Bengali characters.It has achieved
96.7% accuracy in character recognition.It shows the efficiency of CNN architectures for
handwriting Bengali tasks [31].
Parthiban et al.(2020) proposes an RNN-based OCR framework.That uses TensorFlow.It
achieves approximately 90% accuracy and highlights scope for further architectural im-
provements in future research. Although it is limited for its dataset size and has lack of
word level recognition [32]. Ingle et al. (2019) addresses the challenges to integrate offline
handwritten text recognition into large-scale OCR systems by leveraging online hand-
writing data and efficient non-recurrent neural network models.The approach achieves
accuracy comparable to LSTM-based methods while improving scalability and enabling
seamless integration of handwritten and printed text recognition.Memon et al. review
176 research papers in 2020 that were published between 2000 and 2019 on handwritten
OCR that highlight major systems, datasets and advances driven by machine learning
and AI [33]. The study summarizes state-of-the-art methods while identifying research
gaps and future directions in handwritten character recognition [34]. Moreover,Yuan
et al. (2012) presents a CNN-based approach for offline handwritten English character
recognition using a modified LeNet-5 architecture with error-correcting codes. Evaluated
on the UNIPEN dataset.This model achieves 93.7% accuracy for uppercase and 90.2%
for lowercase characters [35]. This paper shows a comprehensive analysis of Handwrit-
ten Character Recognition (HCR) which gives an idea of human handwriting variations
and its digitization advantages. It summarizes existing methodologies, their advantages,
limitations and accuracy.It shows the ongoing need to improve efficiency and recognition
performance [36].
Mishra et al. demonstrates a CNN-based OCR system trained on the NIST dataset of
over 100,000 images in 2023. It recognizes both handwritten and printed characters.
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The model achieves 90.54% accuracy by learning image features and predicting character
classes. It shows the effectiveness of deep learning in Intelligent Character Recognition
[37]. Ansari et al. (2022) shows an CNN-based institutional OCR model that implements
numeric recognition by using greyscale. It shows 99% accuracy [38]. But this paper is
restricted to digit only [38]. Mehta et al. (2016) shows a character recognition system for
scanned images using a three-layer ANN combined with a Nearest Neighbour approach.
The model classifies segmented characters into Unicode, addressing variations in fonts and
styles, though accuracy metrics are not reported [39]. Afroge et al. in 2016 implements
artificial neural networks and gets 99% accuracy for numeric digits, 97% accuracy in
capital letters and 96% accuracy for small letters. But this research is limited to digits
or characters only [40]. Katoch et al. show a CNN-based approach in 2022 on the A–Z
Handwritten dataset. It shows the efficiency of deep learning in character recognition. It
achieves 100% accuracy on the test data [41].
Above all studies mentioned show the importance of deep learning methods across var-
ious fields. These studies show the importance of deep learning for solving complex
problems including handwriting text recognition in different languages,analysis of his-
torical documents and chemical structure recognition. To overcome problems like data
scarcity,writing variations they use data augmentation techniques,synthetic datasets and
advanced neural networks architectures. Methods using GRU layers also CRNN show
good accuracy as reported by Hossain et al. (2023) and Basher et al. (2023) [25], [27].
But maximum papers did not give notable metrics like CER, WER for Bengali OCR.
It makes it difficult to show the comparison.Some papers create their own custom make
datasets like BanglaWriting, BanglaWord Dataset, BN-HTRd while other papers use syn-
thetic datasets. From basic architectures of CNN to advanced process like CTC loss as
well as YOLO-based segmentation methodologies shifted. However,these processes have
limitations with highly complex handwriting styles like overlapped characters or cursive
writings.

2.3 Summary of Key Findings

Recent advancements in HCR and HTR have enormous impacts on areas of medical doc-
ument preservation,ancient manuscripts identifying difficult styles of handwriting. Deep
Learning models such as CNNs and BiLSTMs play an important role by adjusting with
noisy datasets and improving model robustness.
Using CNN and ResNet architectures deep learning helps to recognize fragmented and
damaged texts that helps in preservation of ancient Tamil manuscripts [11].Similarly,
terahertz (THz) imaging shows the importance of deep learning in order to improve
document readability without damaging fragile artifacts [8].
Deep learning improves handwriting recognition across multiple domains, including chem-
ical structure recognition from hand-drawn diagrams, which highlights the broader impact
of Transformer-based models over natural-language OCR [6].
Moreover, noticeable improvements in the field of handwriting recognition have been en-
sured by the use of deep learning models like CNNs and sequence models [42]. These im-
provements demonstrate that deep learning can help in document preservation,chemical
structure identification, healthcare and bilingual or multilingual writing recognition.
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Author Year Model Architec-
ture

Dataset Metric Limitation

Parthiban et al. 2020 Basic RNN archi-
tecture

Handwritten
English

Accuracy
90%

Needs large datasets; no
word-level recognition

Hossain et al. 2024 DenseNet121 with
GRU layer, CTC
loss

Handwritten
Bengali

CER 0.091,
WER 0.273,
Accuracy
95.643%

System’s tokenization
depends heavily on the
dataset accuracy and
method

Basher et al. 2023 BnGraphemizer,
CRNN with BiL-
STM

Bangla
(Synthetic
Dataset)

– Limitations in handling
writing styles

Roy et al. 2024 CNN with Vowel
Diacritics Separa-
tion (VDS), All
Diacritics Separa-
tion (ADS)

Bangla
(Synthetic
Dataset)

– Language limitations;
model struggled with
real-time application

Jubaer et al. 2023 YOLO with Hough
and Affine trans-
formation for skew
correction (BN-
DRISHTI system)

Bangla (BN-
HTRd v4.0)

99.97% for
line segmen-
tation and
98% for word
segmenta-
tion

Limited number of hand-
written dataset (only 786
images); skew correction
needed to enhance line
segmentation

Mishra et al. 2023 CNN NIST dataset 90.54% Only single characters;
not word- or line-level
recognition

Table 2.2: Summary of selected literature, model architectures, datasets, metrics, and
limitations.
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Chapter 3

Requirements, Impacts, and
Constraints

3.1 Final Specifications and Requirements
This section shows both the operational requirements along with the technical require-
ments for the purpose of implementing and deploying Punolikhon, a bilingual OCR sys-
tem that can easily recognize both the Bengali and the English handwritten form text
accurately and effectively. These configurations guarantee the system can perform well
on standard hardware and software, keeping it also suitable for real life deployment.
Punolikhon is implemented using a lightweight architecture at the inference phase, which
allows the users to function on everyday platforms like mobile devices. In contrast, the
training phase remains a development-time process that may require higher compute re-
sources; therefore, training requirements and user-facing deployment requirements are
conceptually distinct. The system is thus deployable without requiring end-users to ac-
cess any high-end GPUs, because model development and model consumption represent
different operational contexts.
From the perspective of hardware requirements, Punolikhon targets mobile and edge-
oriented inference, where the primary objective is to execute recognition and detection
with minimal latency and limited memory. For user-side inference on modern mobile de-
vices, the system is expected to operate on an Android or iOS phone with at least 6 GB
RAM, a recent multi-core CPU, and an embedded mobile GPU or neural acceleration
unit (e.g., Adreno GPU, Apple Neural Engine, or equivalent). In this deployment mode,
the system performs forward inference only and does not require the backpropagation-
intensive computations associated with training. As a result, the practical deployment
requirement is not a discrete desktop GPU such as RTX-class hardware, but rather a
device capable of running an optimized inference runtime and handling image prepro-
cessing reliably. Storage requirements for a mobile deployment are primarily determined
by the model binary and application assets; therefore, 1–3 GB of free storage is typically
sufficient for the application, cached outputs, and logs, although higher storage avail-
ability improves usability for batch scenarios. For smoother user experience and reduced
latency during on-device processing, a recommended configuration includes 8 GB RAM,
adequate thermal headroom, and a modern SoC that supports mixed-precision arithmetic
or dedicated inference acceleration.
At the same time, Punolikhon also supports server-based deployment for institutional use
cases where throughput is prioritized. In such a deployment setting, a modest GPU can
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accelerate inference for multiple concurrent users; however, the user remains disconnected
from the underlying compute hardware because access is mediated through an applica-
tion interface or API. This separation is essential to interpret the phrase “lightweight
and deployable” correctly: the lightweight claim is primarily grounded in the model’s
architectural efficiency at inference time and its suitability for resource-constrained envi-
ronments, whereas large-scale compute is optional and primarily associated with training,
fine-tuning, or high-throughput centralized serving. For development and reproduction of
training results, a stronger GPU and higher RAM remain beneficial, and a workstation-
grade environment accelerates experimentation. A recommended development configu-
ration includes an NVIDIA RTX 3060 (12 GB) or higher, 16 GB RAM or more, and
SSD storage beyond 50 GB for datasets, checkpoints, and logs. The mentioned config-
urations help to train the model efficiently and effectively, but it does not provide any
information about what users need to install or what to use to completely run the OCR
model. For a full-functionable operation, Punolikhon needs a stable software stack. It is
fully compatible on Windows 10 or 11, Ubuntu 20.04 or more, and macOS 11 or more for
the purpose of research and development along with the task of evaluation. For mobile
handsets, the system should be compatible in case of runtime for export or wrapped
like TorchScript, ONNX Runtime Mobile and many more for the final application. The
core architecture of the model is implemented using Python. Furthermore, Python 3.9
or its higher version is necessary for the development purposes. PyTorch 2.0 or more is
generally used for training along with the model development. GPU acceleration can be
accessible when CUDA 11.8 or more is supported. Some notable key libraries are used
like OpenCV for the purpose of image processing, NumPy for any numerical calculations,
Albumentations at the time of training for advanced detailed augmentations, TorchVision
for transforming any standardized image. For data labeling and annotating, Label Studio
is used to figure out the handwriting regions from the data samples by drawing bounding
boxes around them which helps to easily manage and trace the labels along the dataset.
This configuration makes the OCR system consistent from training phase to evaluation
phase and can be easily set for the deployment.
Finally, for Punolikhon’s overall performance, it has some notable functional require-
ments. For the purpose of text detection, the system should figure out text portions
in handwritten form documents where at least 70% recall is maintained along with an
IoU threshold of only 0.5. Again, for text recognition purposes on bilingual handwriting
formats, the model should have at least 80% accuracy, which helps to make the predicted
word reliable for further usage. The system can easily process both the Bengali and the
English text without any different methods for preprocessing individually. Moreover, it
uses a single unified method to process bilingual texts in a single workflow. It accepts any
images of standardized inputs of different sizes and ratios, to control various document
layouts. The output is generated via standardized Unicode where NFC normalization is
integrated for character formatting consistently. Lastly, for any recognized words, Puno-
likhon gives scores of confidence, so users can easily compare reliability. It also supports
human checks where needed. It also cancels any uncertain prediction for both the mobile
along with the real life document digitization process.
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3.2 Societal Impact
The implementation of a proper OCR model for both the Bengali and English handwritten
text has some significant positive impacts in numerous sectors.
In case of cultural preservation, this OCR model plays a significant role. The ability
of this OCR to digitize any forms of Bengali handwritten text helps to preserve impor-
tant manuscripts for future generations for further research and other activities. Most
importantly, various writers of Bengali literature wrote their poems, novels, and other
works in handwritten forms. So, digitization of these helps to share them worldwide and
keep them away from any kind of deterioration. Digitizing any forms of handwritten text
helps to make them searchable and easily accessible for any kind of work whether it is
research or any public works. Thus it is promoting the concept of cultural and knowledge
preservation.
This OCR system outperformed the educational benefits. Numerous handwritten mate-
rials like notes, lecture sheets and other usable stuff can easily be converted to digital
forms very quickly and can be shared easily to a large number of audiences. This form of
digitization helps researchers to work with and to analyse with for any further necessities.
Furthermore, a vast set of digitized handwritten Bengali documents can play a crucial
role in teaching and learning the Bengali language efficiently and effectively for future
generations.
Also in case of administrative impact, this OCR plays a vital role here. This OCR model
can easily be used to digitize any forms of government and non-government documents
like birth certificates, legal documents, land records and many more, which helps to make
them easily accessible. Also in the health care or medical sector, prescribed medicines of
doctors and their records,reports and other stuff can easily be converted to digital form
to improve their record keeping capacity by minimizing the chances of errors.

3.3 Environmental Impact
The impact on the environment for this OCR project focuses on the training phase along
with the stage of deployment. In the training phase, the model needs quite a good amount
of GPU hours for training purposes, as it needs to extract features from a vast amount of
dataset of both Bengali and English languages. So it demands significant energy usage. To
tackle this condition of significant energy usage, notable efficient architecture can be used.
For that reason, MobileNetV3 is taken into consideration which can significantly reduce
the energy consumption at the time of training and can lower the overall computational
cost. Because of this, the model can easily generate a carbon footprint, though its
impact is not that significant, but it is obvious to know that there exists a computational
cost at the time of training deep learning models. However, it can be optimized or
can be mitigated via any model architecture which is not that heavy. At the time of
deployment, when the model is completely trained, it needs to be efficient in interference
too (when new images are used to recognize text). For fastest processing along with
minimal computational cost, lightweight design is implemented for the model. The model
is also designed for consumer hardware like personal computers or handheld devices, which
significantly reduces the environmental impact by minimizing the reliance on any kind of
cloud computing. This OCR system also supports batch processing system, as a result,
it can easily manage vast amounts of data at once, which brings significant efficiency
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by neglecting repeated pre-processing. For long term sustainability, with the help of
digitizing documents of handwritten forms, this model can easily reduce the usage of
paper for long term, which contributes significantly to environment sustainability. Usage
of efficient architecture brings minimalist computational cost for both the training and
deployment. Finally, deploying the system as open source encourages development in any
community for preserving and handling handwritten text documents by lowering research
efforts, which ultimately contributes to long term sustainability.

3.4 Ethical Issues
Ethical issues are one of the main concerns during any system development. So, at
the time of building the OCR system and at the time of deployment, numerous ethical
considerations are kept in the process to ensure that the system will be used responsibly.
First of all, to avoid the biasness issues in the system, a large variety of handwritten
documents of different patterns and styles are collected to ensure a diverse dataset. As
a result, the system can perform accurately on any forms of handwritten documents
which ensures the OCR model is completely fair for any kind of documents. Further-
more, it includes bilingual features, as the dataset relies on both the Bengali and English
handwritten text documents, which clarifies the model is fair for both the languages.
In case of data privacy, all the data that are used to train the OCR system is collected
and sourced from open source, and taken the permissions where necessary. It illustrates
that the rights of any individual are respected. However, the system may function with
any sorts of documents like personal information or sensitive information. Users can
easily take necessary actions to maintain the data protection laws along with the privacy
regulations. But with the mentioned OCR model, there is no chance of transmitting or
storing any processed data. It ensures the personal information that is provided by the
users are totally private and fully secured.
To get rid of misuse, the system is solely designed only for the purpose of detection
and recognition and there is no way that it can generate any sorts of fake handwritten
documents of its own. As a result, it prevents the misuse of creating fake handwritten
documents. Also, the users can verify the results obtained from the OCR for any official
and legal purposes, to ensure and compare the reliability and accuracy of the model.

3.5 Standards
To ensure that the OCR model is abiding by all the rules and regulations along with the
industry standards, various standard keys need to be maintained. So, the first mentioned
standard is Unicode Standards. For handling and maintaining Bengali text formats across
all platforms, the system completely relies on Unicode 15.0 standards, which ensures that
the text format is recognized and encoded at a consistent level in any known known for-
mats. Also, to ensure proper representation along with consistency, NFC (Normalization
Form C) is used to normalize the output text version.
As this project solely relies on images, the image standard is maintained strictly. As the
project deals with a vast number of images, the commonly used standard image formats
like JPEG, PNG, JFIF, TIFF and BMP are supported by the system. For maintaining
the purpose of color space in images, grayscale conversion is managed internally and the
images are further processed by the system using RGB color spacing. Finally, the system
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outperforms any images whose standard DPI is kept at least 200 for handwritten text
and 150 for any printed text.
Moreover, the core model is also built keeping the standard which is supported globally.
The model is kept in the standardized PyTorch (.pt) format, which enables the system to
work efficiently. It also ensures the deployment process across all notable formats. The
architecture is also supported by export to Open Neural Network Exchange (OONX)
format for the purpose of cross platform release.

3.6 Project Management Plan
The project management plan shows the actual roadmap of how the only idea will be
converted to an OCR system to recognize and detect any forms of handwritten texts and
how the OCR will be developed and maintained. This project will be segmented into a
number of different stages to ensure clearer vision and goals and proper time management.
The first stage will rely on conduction of literature review to know and understand the
underlying working procedure of OCR systems and find the issues that are completely
relevant with the handwritten Bengali and English text. The second stage starts with
the data collection process, where it needs to make sure that diverse handwritten texts
of both Bengali and English text are arranged, gathered, and finally annotated. In
the next phase, core model architecture will be implemented by integrating both the
recognition and detection architecture. After the development phase, the next phase
will be for the purpose of training and model optimization, where various optimization
techniques are implemented to ensure a good accuracy of the system. After completing
the training stage, the overall performance of the system will be evaluated using some
notable metrics. Finally, in the last stage, there will be the preparation for the final
documentation along with report writing, where detailed analysis along with comparison,
results, and conclusions will be included. Lastly, the time schedule will be planned
carefully for each of the stages to ensure efficient project progression.

3.7 Risk Management
Risk management is one of the most important tasks of this project as it helps to figure
out any probable problems during any steps and clarifies how to solve them. Among
various risks, one notable risk is insufficient power supply to the computer, which heavily
affects the training procedure of models for the purpose of deep learning. As a solution,
it suggests implementing MobileNetV3 which is known for its efficiency, as it does not
require that much power for any training purposes. It also suggests implementing any
other cloud based resources if necessary. Another notable risk factor is overfitting. It
occurs when the model cannot show its captiveness on new data points because somehow
the model becomes biased towards some specific data points during training or becomes
much more specific towards some data points. To get rid of these issues, various effective
techniques like scaling, rotating, and addition of noise are implemented. As a result,
datasets are expanded by ensuring variations which finally helps to reduce the issues of
overfitting. As this model recognizes Bengali and English handwritten text documents,
there always exists a risk of poor accuracy rate due to various handwritten patterns. To
fix this, grapheme oriented tokenization is taken into consideration along with optimum
tuning for the model. Moreover, the model may struggle while managing Unicode for the
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Bengali text, as most of the characters might not be accessed correctly. To tackle this,
UFC normalization is applied to improve the accuracy rate for the Bengali text. Finally,
there exists a chance that the model may train too slow or the model might not be able
to give any notable performances, in that case it clarifies to use methods like gradient
control, learning rate adjustment to normalize and standardize the training and learning
process for effective and efficient result.

3.8 Economic Analysis
In this economic analysis section, it basically evaluates the overall costs for developing
the OCR (Optical Character Recognition) and also figures out the beneficial sides of it
compared to the costs. Most of the costs goes for buying and managing hardwares like
GPUs, which are needed to train the model efficiently and effectively. It also includes
the process of usage of cloud GPU. On the other hand, software tools which are used
for various purposes are open source and most of them are completely free of cost. For
the purpose of collecting data and annotating them for further training and analysis,
the whole team needs to spend quite a good amount of time. So, it illustrates that
the system is completely open source, which means there is no scope to spend a single
penny for any kind of licenses, unlike any other commercially used OCR systems. So, it
saves money. But this system can create a scope for making money by providing various
relevant services like document digitization. As a result, organizations can easily and
effectively process a vast amount of data at a lower cost. Also, transcription via OCR
can be done much faster compared to traditional transcription methods, which normally
require a lot of time and effort. So, it is evident that the system can easily and efficiently
manage any sort of documents within minimalist costs, making it a cost effective way
to process data for educational institutions, government offices, hospitals which need to
digitize a large volume of documents. Finally, this following open source model helps to
digitize documents of any handwritten forms of both the Bengali and English languages
through a cheaper price compared to any commercial OCR model which basically charges
per page. So, this system is much more affordable to build and help to make and save
money by providing document digitization services in a cheaper and faster way.
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Chapter 4

Proposed Methodology

4.1 Design Process and Methodology Overview

Figure 4.1: Methodology overview

The proposed methodology in the Figure 4.1 follows a two-stage OCR pipeline that
converts scanned or camera-captured document images into machine-readable text. In
the first stage, input page images are enhanced using preprocessing techniques (origi-
nal, CLAHE, grayscale) to improve text visibility under different lighting conditions and
document quality.The grayscale technique’s idea is taken from dataset named Bangla-
MNIST[43]. Word-level text regions are then detected using a YOLOv8n-based model,
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which generates bounding boxes along with confidence scores[44]. Redundant or low-
quality detections are removed through post-processing, primarily using non-maximum
suppression.
In the second stage, the detected word regions are cropped from the page and nor-
malized by resizing and padding to meet the fixed-height input requirement of the
recognition model. When needed, the word regions are ordered to support consistent
text reconstruction. Each normalized word image is then recognized using the Hybrid-
HTR_STN_Transformer model, which combines spatial transformer-based normaliza-
tion, convolutional feature extraction, Transformer-based sequence modeling, and CTC-
based prediction[45]. The final text outputs are obtained using greedy CTC decoding
and Unicode NFC normalization to ensure consistent Bengali text representation[46].
The system produces word-level transcriptions aligned with their corresponding bounding
boxes, with optional aggregation for full-page text reconstruction and confidence-based
evaluation.

4.1.1 Objective Formulation
The main goal of this research is to build an OCR system that can convert images
into machine-readable text under different lighting conditions and document quality.To
achieve this goal, the OCR task is divided into a two-stage process that consists (i)
word-level text detection and (ii) word-level text recognition.
The detection task focus on accurately identifying word-level bounding boxes from a
image while removing redundant and overlapping predictions through postprocessing.It
aims to transcribe each detected word image into its corresponding Unicode text sequence
using an alignment-free decoding method. To maintain consistency and correct represen-
tation in textual output, Unicode normalization is applied with particular attention.
A secondary objective of this research is to analyze how detection accuracy affects recog-
nition performance.It is achieved by comparing recognition results got from ideal word
crops derived from ground-truth annotations with those detector-generated crops. This
analysis helps to identify performance and clarifies whether overall OCR accuracy is
primarily limited by localization errors or transcription errors.

4.1.2 Data Acquisition and Preprocessing

Data acquisition and annotation
Word-level OCR requires page images with corresponding word bounding boxes and
word transcriptions. For Bangla handwriting, publicly available datasets with word-level
annotations are limited. To address this limitation, the dataset used in this study is
constructed from two sources. Approximately 20% of the labeled samples are taken from
the BanglaWriting dataset[28], while the remaining 80% is created specifically for this
research to capture greater variation in handwriting style, document quality, and word-
level annotations.
To support efficient dataset creation, a dedicated annotation and data-preparation soft-
ware tool is developed to generate word bounding boxes and associated transcriptions
from page images. The design and workflow of this tool are described in Section 4.2.3.
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Dataset conversion and organization

Figure 4.2: Dataset expansion

After data acquisition, annotations are converted into two aligned training targets. De-
tection targets consist of page-level records containing image paths and corresponding
word bounding boxes. Recognition targets consist of word-level image crops paired with
their ground-truth transcriptions. All page images are standardized to a common format,
such as JPG, and stored in a structured directory layout. Annotation files are preserved
in a dedicated directory to ensure reproducibility.

Split strategy (train, validation, test)
To avoid data leakage, dataset splitting is performed at the page-image level rather than
the crop level. This ensures that word crops from the same page do not appear in multiple
splits. Once the page-level split is defined, both detection and recognition samples are
assigned to training, validation, and test sets based on their source page.
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Figure 4.3: Data splitting

Recognition crop generation
In recognition part, word crops are generated by applying annotated bounding boxes
to the corresponding input images. Each crop is treated as an individual image and a
recognition manifest is created containing the crop path, the associated transcription and
an optional language tag when applicable. This crop-based technique allows recognition
models to be trained independently of detection while preserving a link to the original
page images.

Text normalization and label handling
Before training and evaluation Unicode NFC normalization is applied for consistent label-
ing especially for Bangla text.This helps to reduce inconsistencies of same text’s multiple
valid Unicode representations.Invalid or empty transcriptions are handled during dataset
processing in order to prevent ambiguous supervision.

Image preprocessing variants
Dataset images have different lighting variation,different contrast and background noise.
To make the model more robust multiple preprocessing are applied that includes original
image, CLAHE-based contrast enhancement and grayscale-based normalization. These
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techniques are generated consistently across dataset splits and stored separately to enable
controlled experimentation.

Crop normalization for recognition input
Each word crop is normalized to match the model input requirements before recognition.
Each crops are resized to a fixed height such as 128 pixels, while preserving aspect ra-
tio.Padding is also applied when stable batching and CTC-based decoding is necessary
to maintain.Through this process a unified dataset is produced that supports both detec-
tion and recognition with page-level annotation for text area localization and crop-level
annotation for transcription tasks.

4.1.3 Model Architecture

Detection Model

Figure 4.4: Detection Model Architecture

The detection part uses a segmentation-based word localization module that calculates
a dense probability map of text regions and converts the resulting segmentation into
word-level bounding boxes through a deterministic post-processing pipeline. Rather than
direct bounding box regression this method is used,as it maintains consistency and allows
detection sensitivity to be controlled explicitly through fixed thresholds and geometric
constraints.
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Input and preprocessing
Given a document image I ∈ RH×W×3, the image was converted to RGB and resized to
a fixed detector input resolution:

Ir = Resize(I, 768× 1024).

The network input tensor was then constructed as:

x ∈ R1×3×768×1024, x =
1

255
ToTensor(Ir).

Hybrid backbone feature extraction
The detector backbone employed MobileNetV3-Small feature extraction, followed by an
explicit refinement stage combining residual learning and global self-attention.
Let B(·) denote the MobileNetV3-Small feature trunk. The extracted feature tensor is:

F0 = B(x), F0 ∈ RB×576×h×w.

Residual refinement via lightweight bottlenecks
Three lightweight residual bottleneck blocks were applied to compress and refine the
representation:

576→ 256→ 256→ 128.

Each bottleneck block followed a ResNet-style structure incorporating Batch Normaliza-
tion and ReLU activations:

y = ReLU
(

BN(Conv1×1)→ BN(Conv3×3)→ BN(Conv1×1) + shortcut(x)
)
,

where the shortcut path was implemented as a 1×1 projection when the input and output
channel dimensions differed. After this stage, the refined feature tensor became:

Fr ∈ RB×128×h×w.

Global context via multi-head self-attention
To model long-range dependencies across the spatial feature map, a Multi-Head Self-
Attention layer was applied with embedding dimension d = 128 and number of heads
nh = 4.
The feature map was flattened into a sequence:

S ∈ R(hw)×B×128, S = Flatten(Fr),

followed by:

Attn(S) = MHA(S, S, S), F = Fr + Reshape(Attn(S)).

This design preserved local stroke-level cues learned by convolution while enabling non-
local interactions that improve segmentation continuity under broken strokes and de-
graded backgrounds.
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Decoder and segmentation output
A lightweight decoder transformed the refined features into a dense 1-channel logit map
using alternating convolution and bilinear upsampling operations:

128
Conv 3×3, ReLU−−−−−−−−−→ 256

Upsample×2−−−−−−−→ 128
Conv 3×3, ReLU−−−−−−−−−→ Upsample×2−−−−−−−→ 64

Conv 3×3, ReLU−−−−−−−−−→ Upsample×2−−−−−−−→ 32
Conv 3×3, ReLU−−−−−−−−−→ Upsample×2−−−−−−−→ 1

Conv 1×1−−−−−→ .

The network output was:

Z = fθ(x), Z ∈ R1×1×H′×W ′
.

Pixel-wise probabilities were obtained using the sigmoid function:

P = σ(Z), P ∈ [0, 1]H
′×W ′

.

Training Specification

Supervision mask construction
Detection supervision was formulated as binary segmentation. For each training sample,
the ground-truth word boxes (in normalized coordinates) were rasterized into a binary
mask Y ∈ {0, 1}H0×W0 . To reduce boundary ambiguity and to emulate DB-style shrink-
age, each bounding box [x1, y1, x2, y2] was shrunk around its center using a fixed shrink
ratio:

r = 0.8.

Let cx = x1+x2

2
, cy = y1+y2

2
, hw = x2−x1

2
r, and hh = y2−y1

2
r. The shrunken box was defined

as:
[x′

1, y
′
1, x

′
2, y

′
2] = [cx − hw, cy − hh, cx + hw, cy + hh],

and pixels inside the shrunken region were assigned foreground value. The image–mask
pair was subsequently resized jointly to 768× 1024 to match the detector input.

Optimization objective
Let Z denote the predicted logits and Y denote the target mask (resized to Z’s spatial
resolution when required). Training minimized a combined loss:

L = LBCE(Z, Y ) + LDice(σ(Z), Y ),

where LBCE was implemented as Binary Cross Entropy with logits to provide stable pixel-
wise supervision, and LDice was included to mitigate foreground–background imbalance
by directly optimizing region overlap.
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Training hyperparameters
The detector was trained using AdamW with learning rate 10−3 and weight decay 10−4.
The batch size was 4. ReduceLROnPlateau was applied as a validation-loss-driven sched-
uler with factor 0.5, patience 5, and minimum learning rate 10−6. The maximum epoch
budget was 100 with early stopping patience of 15 epochs without validation-loss im-
provement. Checkpointing saved the best model on validation-loss improvement, with
periodic checkpoints saved every 5 epochs.
Data augmentation was applied during training through controlled geometric and photo-
metric perturbations, including small rotations (±3◦), brightness/contrast variation, and
Gaussian noise, while ensuring consistency through joint image–mask transformation.

Mask-to-box conversion
At inference time, the predicted probability map was resized to the original image size:

Porig = Resize(P, H ×W ).

Binary segmentation was performed using a fixed threshold:

τ = 0.3, M(u, v) = I [Porig(u, v) ≥ τ ] .

External connected components were extracted from M, and each component was con-
verted into an axis-aligned rectangle:

(x, y, w, h) = BoundingRect(component).

Very small detections were discarded using explicit minimum-size constraints:

w ≥ 5, h ≥ 5.

Each box was then normalized to [0, 1] coordinates:

b =

[
x

W
,
y

H
,
x+ w

W
,
y + h

H

]
,

producing the final set of predicted word boxes {bi}Ni=1 used for crop extraction and
recognition.
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Recognition Model

Figure 4.5: Hybrid Recognition Model

The recognition stage was formulated as a CTC-based sequence recognition problem op-
erating on word-level cropped images. A hybrid architecture was adopted to address
complementary sources of variability in handwritten Bangla word images, namely geo-
metric distortions, fine-grained stroke patterns, and long-range contextual dependencies
across the word width. Accordingly, the final recognizer integrated (i) a Spatial Trans-
former Network (STN) for geometric normalization, (ii) a lightweight MobileNetV3-Small
convolutional backbone for local feature extraction, (iii) residual bottleneck refinement
blocks to strengthen discriminative stroke representations, and (iv) a Transformer encoder
to model global dependencies over the derived feature sequence. The model produced a
per-time-step distribution over a grapheme vocabulary and was decoded using the CTC
collapse rule.

Input representation and normalization
Let I ∈ RH×W×3 denote an RGB word crop. Each crop was resized to a fixed height
(Hin = 128) while preserving aspect ratio:

Win =

⌊
W · 128

H

⌉
, Ir = Resize(I, 128×Win).
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The network input tensor was then constructed as:

x ∈ RB×3×128×Win , x =
1

255
ToTensor(Ir).

This variable-width representation allowed the effective sequence length to scale with the
word width, which is required for CTC alignment.

Grapheme vocabulary and label space
A grapheme tokenizer (BengaliGraphemeTokenizer) was employed. Let |V| denote the
vocabulary size loaded from vocab_grapheme.json. The classifier output dimension was:

V = |V|.

The CTC blank symbol was defined as index blank = 0. A ground-truth transcription
was mapped to an integer target sequence:

y = [y1, . . . , yU ], yu ∈ {1, . . . , V − 1}.

Spatial Transformer Network (STN)
Geometric normalization was performed using an STN placed before the feature extractor.
The localization sub-network consisted of:

Conv2D (3→ 32), 7× 7; MaxPool 2× 2; ReLU

Conv2D (32→ 64), 5× 5; MaxPool 2× 2; ReLU.

To ensure a fixed-dimensional regression input under variable crop widths, adaptive pool-
ing was applied:

AdaptiveAvgPool2D(20× 20).

The affine transformation parameters were regressed using:

Linear(64 · 20 · 20→ 128)→ ReLU→ Linear(128→ 6),

yielding θ ∈ R2×3. The regressor was initialized to the identity transform, and the input
was warped via:

x′ = GridSample
(
x, AffineGrid(θ)

)
.

This component reduced the burden on subsequent stages by explicitly compensating for
skew, slant, and scale variation.

Hybrid CNN feature extractor: MobileNetV3-Small + residual
bottlenecks
The CNN stage extracted local stroke-level descriptors from the normalized image x′.
First, MobileNetV3-Small feature extraction was applied:

F0 = B(x′), F0 ∈ RB×576×Hf×Wf .
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To increase representational capacity for handwriting-specific structures at low compu-
tational cost, residual bottleneck refinement was appended with the explicit channel
progression:

576→ 256→ 256→ 128.

Each bottleneck block used a ResNet-style shortcut connection with Batch Normalization
and ReLU activations. The refined feature map was:

F ∈ RB×128×Hf×Wf .

CNN-to-sequence conversion (CTC-ready representation)
The 2D feature map was converted into a 1D sequence by collapsing the height dimension
using mean pooling:

G(b, c, t) =
1

Hf

Hf∑
h=1

F(b, c, h, t), G ∈ RB×128×Wf .

The width axis was then treated as the temporal dimension, yielding a time-major se-
quence:

S ∈ RT×B×128, T = Wf .

Transformer encoder for context modeling
A Transformer encoder modeled global dependencies across the feature sequence S. A
sinusoidal positional encoding was added:

S← S + PE(S).

The encoder was configured with:

dmodel = 128, nh = 4, L = 3, dff = 512, dropout = 0.1.

The contextualized sequence representation was:

H = TransformerEncoder(S), H ∈ RT×B×128.

Classification head
A linear classifier produced per-time-step logits over the grapheme vocabulary:

Zt = WHt + b, W ∈ RV×128,

resulting in:
Z ∈ RT×B×V .
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CTC objective
The recognizer was trained using CTC loss, enabling alignment between an input-
dependent sequence length T and a target length U without requiring character-level
segmentation. For a path π ∈ {0, . . . , V −1}T and collapse operator B(·), the conditional
likelihood is:

p(y | x) =
∑

π: B(π)=y

T∏
t=1

p(πt | t, x),

and the optimized loss is:
LCTC = − log p(y | x).

Optimization configuration
In the baseline grapheme training configuration, AdamW optimizer with learning rate
2 × 10−4 and weight decay 10−4 was used (optionally disabled during fine-tuning). Re-
duceLROnPlateau was applied with factor 0.5, patience 5, and minimum learning rate
10−6. Gradient clipping used a maximum norm of 5.0, with an epoch budget configurable
up to 200 and early-stopping behavior governed by the trainer configuration. Data aug-
mentation was applied at the crop level using controlled geometric and photometric trans-
formations (rotation, shift/scale/rotate, elastic and grid distortion, brightness/contrast
variation, noise, blur, motion blur, and sharpening) to improve robustness to realistic
handwriting variability.

Greedy CTC decoding
During inference, greedy decoding was applied:

π̂t = arg max
v

Zt,v,

followed by CTC collapse(removal of blanks and consecutive repeats):
ŷ = B(π̂),

and the decoded token sequence was mapped back to Unicode text using the grapheme
tokenizer.

4.1.4 Model Training Strategy
The training methodology was designed separately for the detection and recognition mod-
ules because their learning objectives are fundamentally different. The detection model
was trained as a binary segmentation task with strong foreground–background im-
balance, whereas the recognition model was trained as a variable-length sequence
prediction task optimized through CTC alignment. Accordingly, different loss formula-
tions, scheduling strategies, monitoring criteria, and checkpointing rules were employed.

Training Strategy and Optimization — Detection Module

Objective and supervision design
The detector was trained to predict a single-channel logit map Z representing text-region
likelihood. Supervision was provided in the form of a binary target mask Y generated by
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rasterizing word-level ground-truth bounding boxes. To reduce ambiguity near bound-
aries and to follow a DB-like shrink principle, each box was contracted around its center
using a fixed shrink ratio:

r = 0.8,

before rasterization. The image–mask pair was then jointly resized to the fixed detector
input resolution 768× 1024 to ensure consistent spatial learning.

Loss function (foreground–background imbalance handling)
To mitigate severe class imbalance between background pixels and foreground text pixels,
optimization was performed using a combined objective:

L = LBCE(Z, Y ) + LDice(σ(Z), Y ),

where BCEWithLogits ensured stable pixel-wise gradients and Dice loss promoted region
overlap for comparatively small word regions.

Optimization and learning-rate scheduling
The detector was optimized using AdamW with:

lr = 10−3, weight decay = 10−4.

A ReduceLROnPlateau scheduler was applied with factor 0.5, patience 5, and minimum
learning rate 10−6, driven by validation loss.

Regularization and augmentation
To improve robustness to document variability, augmentation was applied jointly to the
image and its supervision mask, including small rotations (±3◦), brightness/contrast
variation, and Gaussian noise, while preserving pixel-level correspondence.

Early stopping and checkpointing
Training was run for a maximum of 100 epochs with early stopping patience of 15 epochs
without validation-loss improvement. The best-performing model was saved based on
validation loss, with periodic checkpoint snapshots saved every 5 epochs.

Training Strategy and Optimization — Recognition Module (En-
hanced HybridHTR_STN_Transformer)

Objective (CTC-based sequence learning)
The recognizer was trained using CTC loss to align the variable-length model output
sequence with the target grapheme sequence without requiring character-level segmen-
tation. For a path π ∈ {0, . . . , V − 1}T and CTC collapse operator B(·), the likelihood
is:

p(y | x) =
∑

π: B(π)=y

T∏
t=1

p(πt | t, x), LCTC = − log p(y | x).
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In the enhanced configuration, the training script supported two loss modes: standard
CTC loss and Focal CTC loss (when available), which emphasized hard-to-recognize
samples using γ = 2.0 and α = 0.25.

Batch strategy and computational efficiency
Training was executed with batch size = 16 and gradient accumulation steps = 2, result-
ing in an effective batch size of:

Beff = 16× 2 = 32.

Automatic Mixed Precision (AMP) was enabled to improve throughput and reduce GPU
memory pressure. Gradient clipping with max norm 5.0 was applied before optimizer
steps to prevent unstable updates.

Optimization algorithm
The recognizer was optimized using AdamW with:

lr = 3× 10−4, weight decay = 10−4,

and standard AdamW momentum parameters (β1, β2) = (0.9, 0.999).

Learning-rate scheduling
A cosine restart policy was used to improve exploration and convergence stability using
CosineAnnealingWarmRestarts with:

T0 = 10, Tmult = 2, ηmin = 10−6.

Addressing distribution imbalance (when mixed-script applies)
When mixed-script imbalance existed, WeightedRandomSampler was used to upsample
English samples by a factor of:

u = 6.0,

with replacement sampling. This increased the probability of selecting English-labeled
samples during mini-batch formation without altering the stored dataset distribution.

Regularization and augmentation
To improve generalization to real-world degradations, strong crop-level augmentation
was applied, including geometric transforms (rotation up to 10◦, shift/scale/rotate, per-
spective transform, elastic transform, grid distortion), photometric transforms (bright-
ness/contrast, color jitter, Gaussian noise), blur-based degradations (Gaussian blur and
motion blur) and sharpening, and robustness transforms (morphological erosion/dilation
to simulate stroke-width variation and coarse dropout to simulate occlusions).
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Monitoring, checkpointing, and model selection
Training was executed for 50 epochs. Validation loss was computed using standard CTC
loss, while recognition quality was monitored using validation CER and word accuracy un-
der greedy CTC decoding. Checkpoints were saved each epoch, and the best-performing
recognizer was selected using the minimum validation CER, with the best weights saved
as model_best_cer.pt and the corresponding full state saved as checkpoint_best.pt.
To limit storage, only the last three epoch checkpoints were retained in addition to the
best checkpoint.

4.1.5 Preliminary Design (Model) Specification
During the preliminary phase, multiple candidate configurations were explored to deter-
mine a practical and accurate OCR pipeline for handwritten Bangla document images.
The initial baseline employed a generic pre-trained text detector and a conventional CNN-
based recognizer; however, preliminary trials indicated that detection quality degraded
in low-contrast and noisy handwritten pages, and recognition performance was sensitive
to geometric distortions and complex grapheme compositions.
Subsequently, a segmentation-based detection design was investigated, where the detector
predicts a dense text-region mask and bounding boxes are obtained through determinis-
tic post-processing. This approach provided more stable localization under fragmented
strokes and background artifacts compared to the baseline box-based detector, motivating
the adoption of a custom detector trained on the target data distribution. For recogni-
tion, alternatives beyond a standard CNN–RNN baseline were evaluated, and a hybrid
sequence model was selected to better capture long-range dependencies across variable-
width word crops. In addition, explicit geometric normalization via an STN module was
incorporated to reduce sensitivity to skew and slant in cropped word images.
Based on these preliminary investigations, the final specification was fixed as a two-stage
OCR pipeline comprising a hybrid segmentation-based detector and a hybrid STN–CNN–
Transformer recognizer, as this combination provided the most reliable convergence and
generalization in preliminary experiments while remaining computationally feasible.

4.2 Data Collection
A word-level handwritten OCR dataset is constructed to support both detection and
recognition. Due to the limited availability of Bangla datasets with word-level bounding
box annotations, the dataset was created by combining a small portion of an existing
benchmark with a larger self-collected corpus. Approximately 20% of the annotated
samples were taken from the BanglaWriting dataset[28], while the remaining samples
were obtained through additional data collection and manual annotation. After quality
control, a total of 1,142 document images were retained for further processing. Today,
this collection has contributed to make bengali word level annotated data available 4
times than previously.
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Figure 4.6: Data details

Word instances were extracted from these document images using annotated bounding
boxes to generate recognition-ready crops. This initial conversion produced approxi-
mately 59,766 word crops prior to augmentation. A three-fold crop-level augmentation
procedure was then applied, resulting in a final set of 179,297 recognition crops. The aug-
mented dataset was subsequently organized into fixed splits, consisting of approximately
145,000 training samples, 18,953 validation samples, and 18,953 test samples.

4.2.1 Data Cleaning
Data cleaning was performed using explicit validation steps at the file, annotation, and
crop levels to reduce noise and ensure stable training. At the file level, document images
were verified by attempting to load and process them through the preprocessing pipeline,
and corrupted or invalid files were removed. At the annotation level, bounding boxes
were validated for geometric consistency, with boxes containing invalid coordinates or
zero area being filtered.
At the crop level, extracted word images were screened based on measurable quality cri-
teria. Crops that were excessively small, near-blank, or severely degraded were excluded.
Label-level cleaning was also applied by removing empty transcriptions, trimming unin-
tended whitespace, and discarding malformed or inconsistent text strings.

4.2.2 Data Transformation
To standardize learning conditions and improve robustness, data transformation was
applied at both the document-image and crop levels. Multiple preprocessing variants
were generated for each document image to handle contrast and illumination variation,
including original images, CLAHE-enhanced images, and grayscale-based variants.
For recognition, word crops were resized to a fixed height while preserving aspect ratio,
with padding applied where necessary to ensure batch compatibility. Pixel intensities

34



were normalized to a consistent range, and text labels were normalized using Unicode
NFC to ensure consistent textual representation and reduce label redundancy. The three-
fold crop-level augmentation was applied in a label-preserving manner, and augmented
samples were restricted to their designated dataset split to avoid data leakage.

4.2.3 Data Integration
Only 260 images of word level bounding boxes are taken from BanglaWriting: A multi-
purpose offline Bangla handwriting dataset which is a rare dataset of bengali handwritten
text done on word level annotations[28]. So, out of 1142 images 882 image’s annotations
are self-done. And even among the 882 images 190 images are annotated at word level
by using Label Studio, an annotation tool. Then the other 692 images are also self-
annotated but using a different tool and will be discussed below. It is a self annotation
tool developed to annotate Bengali handwritten texts. Each sample included document
references, word bounding boxes, and corresponding tran- Scriptions. A manifest-based
indexing approach was used to store crop paths and labels, enabling consistent use across
training and evaluation pipelines while maintaining trace- ability across data sources and
preprocessing variants.

Bangla Annotator
(Software to develop bengali word level annotations automatically) :

Figure 4.7: Automatic Detected Words with Bounding Boxes
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Figure 4.8: Pop-UP Text Edit Box

Figure 4.9: Generated COCO-JSON

A web-based system for automatic text annotation with bounding boxes from images
was developed and named Bangla Annotator. The system generates bounding boxes
on an uploaded image and detects each word automatically after a few seconds, after
which the corresponding COCO JSON can be downloaded. The interface also provides
an UNDO control to revert recent annotation edits. On the backend, EasyOCR was
used to process images. When an image is uploaded, it is sent to the server, where
EasyOCR detects handwritten text regions [47]. The backend then generates bounding
box coordinates and associated text from these detections, and stores the annotations
in COCO JSON format for later use in OCR training and document analysis. On the
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frontend, Vite, Node.js and Tailwind CSS were used. Vite provides a fast de- velopment
environment, Node.js supports the build process and API connectivity, and Tailwind CSS
was used to build a responsive user interface. The frontend displays the uploaded image
with automatically generated bounding boxes layered on top to support visual review of
OCR results. When a bounding box is incorrect or mismatched, the interface supports
manual cor- rection. Users can draw, click, delete, or redraw bounding boxes directly on
the image, and manually edit text labels when OCR output is inaccurate. When a user
redraws a bounding box, a prompt requests the corrected word, and after adjustments the
modified annotations are sent back to the backend and stored. The system also reports
the number of detected words based on bounding boxes, supporting efficient word-level
annotation with minimal manual effort.

4.2.4 Data Reduction
Rather than applying classical dimensionality reduction techniques, data reduction was
achieved through controlled filtering based on quality and reliability constraints. Crops
with insufficient visual content, unreliable geometry, or ambiguous labels were removed.
These steps reduced noise in the effective label distribution and improved training sta-
bility.

4.2.5 Summary of Preprocessed Data
After cleaning, transformation, integration, and reduction, the finalized dataset consisted
of 1,142 document images and 179,297 recognition crops generated through three-fold aug-
mentation. The training, validation, and test splits were fixed at approximately 145,000,
18,953, and 18,953 samples, respectively, and were used consistently across all experi-
ments to ensure fair and comparable evaluation.

4.3 Implementation of Selected Design
The selected OCR system was implemented as a two-stage pipeline consisting of a custom
word detector and a word recognizer, with supporting utilities for dataset preparation,
training, evaluation, and end-to-end inference. The implementation was organized to
ensure reproducibility by enforcing consistent preprocessing, fixed data splits, and explicit
checkpointing of the best-performing models.

4.3.1 System Organization and Module Separation
The implementation was divided into four functional components. Data preparation util-
ities handled generation of manifests, crop extraction, and split management for detection
and recognition training. The detection module was the Hybrid MNV3Seg segmentation-
based detector, trained with mask supervision and deployed to generate word bound-
ing boxes. The recognition module was the HybridHTR_STN_Transformer recognizer
(hybrid_2_me), trained using CTC-based sequence learning on word crops. End-to-end
inference and evaluation were provided through a unified pipeline that executes detection,
crop extraction, recognition, and optional visualization or metric reporting.
This separation ensured that detection and recognition could be trained, replaced, and
evaluated independently, while still supporting an end-to-end OCR workflow.
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4.3.2 Implementation of the Detection Stage
The detection stage was implemented as a segmentation predictor that maps an input
document image to a single-channel logit map, which is converted to a probability mask
using a sigmoid activation. During inference, the detector operated at a fixed input
resolution of 768 × 1024 to standardize computation across documents. The predicted
probability map was resized back to the original image resolution and binarized using a
fixed threshold (τ = 0.3). Connected components were extracted from the binary mask,
and each component was converted into an axis-aligned bounding rectangle. Very small
components were filtered using explicit minimum size constraints (w ≥ 5) and (h ≥ 5),
resulting in normalized word bounding boxes used for cropping.
For training, binary supervision masks were generated from ground-truth bounding boxes
using a DB-like shrink operation with shrink ratio (r = 0.8), and the detector was opti-
mized using the combined BCE + Dice loss formulation. Model weights were saved based
on validation-loss improvement to ensure the retained checkpoint reflected the best gen-
eralization behavior.

4.3.3 Implementation of the Recognition Stage
The recognition stage is implemented in the dedicated module as a hybrid sequence
recognizer combining an STN, a CNN feature extractor, and a Transformer encoder.
Each word crop was resized to a fixed height 128 while preserving aspect ratio, produc-
ing variable-width inputs and therefore variable-length feature sequences. This design
avoided distorting handwriting morphology and allowed the temporal resolution T to
adapt to word width.
The recognizer employs a grapheme-level tokenizer to transform ground-truth transcrip-
tions into integer sequences, enabling training with CTC alignment without character-
level segmentation. During forward propagation, the CNN feature map was converted
into a width-major sequence by collapsing the height dimension, after which the Trans-
former encoder modeled contextual dependencies across the sequence. The final linear
classifier produced logits of shape (T,B, V ), directly compatible with CTCLoss. Dur-
ing inference, greedy CTC decoding (argmax followed by collapse and blank removal)
produced the final transcription.
The enhanced training implementation incorporated engineering measures to improve
scalability and stability on large crop corpora, including mixed precision (AMP), gradi-
ent accumulation to increase effective batch size, cosine warm restarts scheduling, strong
augmentation, gradient clipping, CER-based best-model selection, and controlled check-
point retention.

4.3.4 End-to-End Pipeline Integration
After training, the detector and recognizer were integrated into a single end-to-end OCR
pipeline. The pipeline accepts a document image, performs word detection to obtain
normalized bounding boxes, extracts word crops using the predicted boxes, and applies
the recognizer to each crop. The implementation also supports visualizations that display
predicted bounding boxes and recognized text on the images and save the results in a
structured format for analysis and evaluation.The two stages are kept separated.The
detector gives word-level bounding boxes in normalized coordinates [x1, y1, x2, y2], The
implementation also supports visualizations that display predicted bounding boxes and
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recognized text on the images and save the results in a structured format for analysis
and evaluation.The two stages are kept separated.The detector gives word-level bounding
boxes in normalized coordinates

4.3.5 Reproducibility and Model Artifact Management
To ensure reproducibility and traceability, the implementation maintained fixed dataset
partitions for training/validation/testing and consistent preprocessing parameters (e.g.,
detector input size, mask threshold, crop height). It also maintained checkpoint-based
model persistence with best-performing weights saved according to validation criteria,
along with training logs and metric exports to compare runs and configurations. As a re-
sult, the final system implementation supports both controlled experimentation (ablation
and tuning) and end-to-end deployment for document OCR inference under consistent
settings.
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Chapter 5

Result Analysis

5.1 Performance Evaluation
In the performance section, the overall performance of the Punolikhon model at every
phase of its pipeline, which includes the task of preprocessing along with the purpose of
word detection and recognition are evaluated. It also includes gtbox word cropping as
well as detection, which finally helped to evaluate recognition performance of OCR. This
evaluation is completed via some notable quantitative metrics along with some controlled
test techniques. The name of the techniques are mentioned below :

Precision
It measures how many of the detected objects are actually correct.
where:

Precision =
TP

TP + FP
TP (True Positives): Correctly predicted defects. FP (False Positives): Incorrectly pre-
dicted defects.
The higher the precision is, the fewer false positives there are, which makes the model
more reliable.

F1-Score
Keeps stability between precision and recall. F1-score balances precision and recall.

F1 = 2× Precision× Recall
Precision + Recall

To measure the model accuracy F1 score is used.With the help of this score we can tell
how frequently the model makes the right prediction.The better F1 score, the better
model as a classifier.

Mean Average Precision (mAP)
It identifies the model accuracy to detect objects by countingIoU thresholds, precision
across multi classes and precision-recall curves
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where:

mAP =
1

N

N∑
i=1

APi

N = Number of object classes
APi = Average Precision for class i
By measuring mean precision among several classes and precision-recall curves it calcu-
lates the model’s recognition performance.

Average Intersection over Union (Average IoU)
Tells the overlap between truth and predicted bounding boxes. It gives an idea of how
precisely the model limits the text regions.

IoU =
Area of Overlap
Area of Union

A higher IoU value denoting the predicted box closely matches the truth which indicates
letter performance.The average IoU indicates the mean among all correct predictions.

False Positive Rate (FPR)
By False Positive Rate it is measured how frequently the model predicts incorrect word
regions where nothing exists.

FPR =
FP

FP + TN
FP (False Positives): Incorrect detections made by the model.
TN (True Negatives): Correctly identified non-text regions. A lower FPR indicates
that the detector avoids unnecessary or incorrect detections, which is crucial for precise
localization of handwritten text.

Character Error Rate (CER)
CER evaluates the recognition performance by comparing the predicted character se-
quence with the ground truth.

CER =
S +D + I

N

S: Substitutions (incorrect characters)
D: Deletions (missing characters)
I: Insertions (extra characters)
N: Total characters in the ground truth Lower CER indicates the model is recognizing
characters more accurately, even for complex or degraded handwriting.

Word Error Rate (WER)
Word Error Rate measures the recognition accuracy at the word level, capturing substi-
tutions, insertions, and deletions of words.

WER =
S +D + I

N
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S: Incorrectly predicted words
D: Words missed by the model
I: Extra words generated
N: Total words in the ground truth A lower WER reflects better recognition capability
and sentence-level coherence.

Character and Word Accuracy
These metrics directly measure the proportion of correctly predicted characters or words.

Character Accuracy = 1− CER

Word Accuracy =
Correct Words
Total Words

Higher accuracy values mean the model is more consistent in recognizing both individual
characters and complete words, which is critical for precise OCR performance.

Average Confidence
Average confidence measures the model’s self-assessed certainty for its predictions. It is
computed by averaging the confidence scores assigned to all recognized words or char-
acters. A higher average confidence reflects stronger model certainty, indicating reliable
recognition performance.

5.2 Analysis of Design Solutions (Detection and
Recognition)

5.2.1 Detection Model: Quantitative Performance
The final detector (hybrid backbone, mask-threshold 0.35) achieved strong localization
quality at the standard IoU threshold and remained precision-dominant, indicating a low
false-positive tendency. On the evaluation subset of 183 images, the detector achieved
the following results.

Metric Value
mAP@0.5 0.7438
Precision@0.5 0.8966
Recall@0.5 0.7955
F1@0.5 0.8431
Average matched IoU@0.5 0.6940
mAP@0.75 0.0234
F1@0.75 0.1608

Table 5.1: Detection performance summary on the evaluation subset (183 images)

At the stricter overlap threshold, performance reduced substantially. This difference
between IoU thresholds indicates that word regions were typically localized in the cor-
rect vicinity, but the predicted boundaries were not consistently tight enough to satisfy

42



strict overlap constraints. This behavior is consistent with segmentation-derived detec-
tion pipelines, where boundary tightness may be affected by broken strokes, touching
words, and contour-to-box conversion sensitivity. Practically, the strong F1@0.5 sug-
gests that the detector is suitable for generating candidate crops for recognition, while
strict boundary refinement remains a limiting factor for high-IoU evaluation.

5.2.2 Recognition Model (Hybrid_HTR_STN): Quantitative
Performance

The final recognition model is evaluated on 18,953 test samples using greedy decoding.
The model achieved an overall word accuracy of 0.8427 (84.27%), indicating that more
than four out of five test words were transcribed with an exact match. The character-level
performance remained higher, with overall character accuracy of 0.8889 (88.89%).
In terms of error rates, the overall CER mean is 0.0987 and the overall WER mean
is 0.0985, reflecting stable character and word-level performance at approximately the
9–10% error range. The average prediction confidence is 0.9210, indicating that the
model’s output distribution remained relatively sharp and that most predictions were
not produced under high uncertainty.

Figure 5.1: Recognition model training curves using tokenizer

Metric Value
Overall word accuracy 0.8427
Overall character accuracy 0.8889
Overall CER mean 0.0987
Overall WER mean 0.0985
Average confidence 0.9210

Table 5.2: Overall recognition performance of Hybrid_HTR_STN on 18,953 test samples
(greedy decoding)

A language-wise breakdown further highlighted the differential difficulty across scripts.
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Metric Bangla English
Word accuracy 0.8572 0.8333
Character accuracy 0.8960 0.8339
CER 0.0882 0.1816
WER 0.0879 0.1816

Table 5.3: Language-wise recognition performance of Hybrid_HTR_STN (greedy decod-
ing)

These results indicate that the Bangla subset achieved stronger character-level stability
than English, while English has showed comparatively higher error rates under the same
decoding strategy. This difference is consistent with the practical challenges of mixed-
script recognition, where token frequency and representation imbalance can affect the
stability of sequence modeling and decoding. Overall, the results support that the hybrid
design (STN-based normalization + lightweight CNN features + attention-based sequence
modeling) produces robust recognition performance under realistic word-crop conditions.

Figure 5.2: Recognition learning-rate schedule across epochs

5.3 Final Design Adjustments (based on empirical
findings)

Several adjustments are introduced after diagnostic evaluation to improve measurement
correctness and model reliability. First, Unicode NFC normalization is applied during
evaluation so that visually identical Bangla grapheme clusters are not treated as different
strings due to alternative Unicode compositions. Second, a grapheme-based tokenization
strategy is adopted to better represent conjuncts, diacritics, and orthographic depen-
dencies common in Bangla handwriting. Third, the inclusion of the STN module was
retained because it provides geometric normalization that reduces the burden on the
sequence model when handwriting is skewed, stretched, or locally distorted. Finally,
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training refinements such as stronger augmentation and stability-focused schedules are
used to reduce overfitting and improve generalization under real crop variability.

Figure 5.3: Full training progression: word accuracy over cumulative epochs

5.4 Statistical and Robustness Analysis
The evaluation was complemented by robustness-oriented analyses to characterize where
errors concentrate and how reliability changes across sample properties. Word-length
sensitivity was examined by analyzing word accuracy across buckets of grapheme length
while also reporting the corresponding sample volume per bucket. This analysis supports
the claim that recognition difficulty increases with structural complexity, particularly
when longer words contain denser conjunct patterns, touching strokes, or ambiguous
diacritics.

45



Figure 5.4: Quantitative analysis (Accuracy vs Length))

Figure 5.4 illustrates the recognition accuracy over 18,953 test samples, which helps
to reach overall 84.3% word accuracy. The grey bars on the graph define length
distribution, where samples of 99.6% have graphemes from 1 to 6. The red line
on the graph shows a shift of accuracy from 94.3% (1 grapheme) to 65.9% (6
graphemes). Finally, this overall performance is measured with the help of the weighted
sum: (94.3%× 16.0%) + (88.1%× 32.9%) + (82.3%× 28.1%) + (76.5%× 15.7%) +
(71.0%× 5.2%) + (65.9%× 1.7%) ≈ 84.3%.

This result is then combined with a character accuracy of 88.9% (89.6% for Bengali),
as a result, these results predict some errors which are situated in some specific clusters
of complex patterns rather than random. Finally, this group of errors provide some
challenging instances which are evidenced by the fig. 5.5. This demonstrates the model’s
overall robustness on any authentic samples of handwritten text.
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Figure 5.5: Qualitative verification (Gallery of real examples)

Figure 5.5 simplifies the data of overall performance in prvious figure with a complete
visualization overview of real samples from the Punolikhon test set.In order to avoid selec-
tion bias automatically examples are grouped according to their quality.True results use
clear pictures whereas errors are samples from low quality images.This process shows that
accuracy reduce in figure 5.4 is a low input result rather than the model flaws.Likewise,
This figure shows that all visual outcome extracted directly from the untouched test
dataset.

5.5 Comparisons and Relationships
The relationship between detection and recognition performance was observed to be
strongly dependent on crop fidelity. Even when a recognition model performs well on
clean and well-centered word crops, truncated diacritics, merged adjacent words, or exces-
sive background can degrade recognition accuracy. Therefore, improvements in detection
boundary alignment and reduction of missed words are expected to directly improve end-
to-end OCR performance. The detector’s strong precision at IoU 0.5 indicates that most
produced crops are relevant word regions, but the lower strict-IoU performance indicates
that boundary tightness is a primary factor limiting downstream transcription reliability.
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WORK MODEL GOAL METRICS End-to-
End

STRENGTH LIMITATIONS

Rural OCR
[48]

CNN +
InceptionV3

Handwritten
Word

Recognition

95% Unclear High accuracy
on handwritten
queries

Robustness issues;
CER, WER not
mentioned; not
lightweight

BERT-NER
[49]

BERT-base
NER model

Word-level
Language

Identification

95% (classifi-
cation)

No Classical ML base-
lines; strong code-
mixed token classi-
fication

Not image-based;
not handwritten;
heavy backbone
(BERT)

Scene BD
[50]

Convolutional
layers and GRU

Scene Text
Localization +

Recognition

Bengali
79.80%
English
84.73%

Partial Handles bilingual
text in real-world
scenes

Difficulties for small
text; not lightweight

Bilingual
Language
Detection

[51]

CNN +
transformer-

based
recognition

system

Language and
Printing Style

Detection

85% (classifi-
cation)

No Useful for bilingual
scanned document
analysis and lan-
guage detection

Not OCR transcrip-
tion; character-level
classification

Punolikhon MobileNetV3-
small backbone

with hybrid
ResNet

End-to-End
Handwritten

OCR

mAP@0.5 =
0.7438

F1@0.5 =
0.8431

Word Acc =
84.3%

WER = 9.85
CER = 9.87

Yes Complete pipeline
with lightweight
design; robustness
analysis; transpar-
ent OCR metrics

Recognition accu-
racy below best
reported recognizer

Table 5.4: Comparison of Punolikhon with selected Bangla–English OCR and language-
processing works.

Table 5.4 positions Punolikhon relative to recent bilingual Bangla–English studies under
a strength-focused lens that accounts for task definition, data domain, and deployment
constraints. Although RuralOCR [48] reports higher recognition accuracy on a hand-
written query dataset, the approach relies on a comparatively heavier InceptionV3-based
backbone and does not clearly present an end-to-end detection-to-recognition pipeline
or detailed OCR error metrics such as CER/WER. In contrast, Punolikhon is designed
as a complete lightweight OCR system and is evaluated using standard transcription
measures (word accuracy, CER/WER) alongside confidence-based reliability diagnostics
and robustness analyses. Other works address adjacent but different objectives: BERT-
NER [49] focuses on token-level language identification in text rather than OCR, and
LangStyle [50] targets scanned-document analysis rather than word-level transcription.
SceneBEn [51] demonstrates bilingual capability in natural environments but operates in
a domain that differs substantially from handwriting. Overall, Punolikhon contributes
a deployable and transparently evaluated handwritten word-level OCR pipeline, while
remaining performance gaps motivate stricter crop refinement and further improvements
in mixed-script robustness.

5.6 Discussions (interpretation, implications, limita-
tions)

The reported results indicate that a practical Bangla handwritten OCR system can be
developed using efficient architectural choices while maintaining strong accuracy. The
detection results demonstrate reliable localization at the standard IoU threshold, which
supports the feasibility of generating word crops for downstream recognition. The recog-
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nition results demonstrate that Hybrid_HTR_STN produces stable transcription per-
formance on a large mixed-script test set, with stronger performance on Bangla and
interpretable limitations in error concentration (word complexity, rare tokens, and crop
degradation).
However, limitations remain. Strict localization quality at IoU 0.75 was low, indicating
that boundary refinement and segmentation-to-box conversion remain challenging under
dense handwriting. Recognition errors persisted in visually ambiguous grapheme pat-
terns and in degraded or low-resolution crops. Mixed-script evaluation further suggests
that distribution imbalance and token rarity affect stability, motivating further dataset
expansion and more controlled script balancing during training.

To conclude, this chapter summarizes the outcomes of the proposed Bengali–English
OCR pipeline built with a two-stage design. The system was developed using system-
atic preprocessing, stability-oriented training, and efficient lightweight model compo-
nents to support practical deployment. For the detection stage, a segmentation-based
word detector was employed using a MobileNetV3-based lightweight backbone with a
DB-style probability-map formulation, optimized using a combined BCE + Dice ob-
jective. On the evaluated set document, the detector achieved mAP@0.5 = 0.7438,
Precision@0.5 = 0.8966, Recall@0.5 = 0.7955, and F1@0.5 = 0.8431, indicating
reliable word-level localization at the standard IoU threshold.
For the recognition stage, the final model (Hybrid_HTR_STN) integrated a Spa-
tial Transformer Network (STN) for geometric normalization with a lightweight CNN
feature extractor and attention-based sequence modeling under a CTC decoding frame-
work (greedy decoding). On the test evaluation of 18,953 word crops, an overall word
accuracy of 0.8427 (84.27%) and character accuracy of 0.8889 (88.89%) were
obtained, with CER = 0.0987 and WER = 0.0985, and an average confidence of
0.9210. Language-wise performance remained consistent, with Bangla word accuracy
= 0.8572 (Bangla CER = 0.0882) and English word accuracy = 0.8333 (English
CER/WER = 0.1816), reflecting the increased difficulty and variability of mixed-script
handwritten recognition under real crop conditions.
Although the remaining CER/WER values indicate that recognition errors persist, these
errors are attributable to intrinsic handwriting ambiguities, rare-token effects, degraded
crops, and sensitivity to imperfect crop boundaries rather than a small-scale dataset
assumption. The dataset used in this work was constructed from 1,142 annotated doc-
ument images and expanded through word-level extraction and augmentation to provide
a substantially larger recognition corpus. Further improvements are expected through
continued dataset expansion (especially for underrepresented patterns), stricter crop re-
finement at higher IoU alignment, and end-to-end optimization that reduces error prop-
agation from detection to recognition.
In future our plan is to use knowledge distillation to mobilenet v3 to make it more robust
in detection model to achieve our goal which is to reconstruct or recognize even damaged
bengali texts.
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Chapter 6

Conclusion

6.1 Summary of Findings
The goal of this research is to develop a bilingual Optical Character Recognition sys-
tem for recognizing both Bengali and English handwritten text even from distorted pa-
per. The Punolikhon hybrid system that combines YOLOv8n for text detection and
HybridHTR_STN_Transformer for recognition successfully attained a high performance
in recognition for both Bengali and English languages. This model reached a word accu-
racy of 84.3%, 85.7% of Bengali Word accuracy and character accuracy of 88.4%. The
Character Error Rate (CER) for Bengali text was 8.97%, whereas the total CER for
English and Bengali was 10.2%. Moreover, the model shows a high average confidence
of 93.4%. This research shows that this hybrid architecture with a custom-designed
grapheme-based tokenization system can effectively deal with the complexities of Bengali
script. Also, preprocessing methods CLAHE and greyscale help to improve text visibility
in low quality images that boost up the model’s performance.

6.2 Contributions to the Field
This research makes some important contributions in the field of optical character recog-
nition, especially in handwritten Bengali and English text context.

Word-level annotated Bengali dataset:
A word-level annotated Bengali dataset which is not only novel but also rarely found can
be accessible to everyone. We have increased word-level Bengali annotated dataset four
times than available.

Hybrid deep learning model:
This research built a novel hybrid architecture that combines YOLOv8n for text detection
and HybridHTR_STN_Transformer for recognition. This integration allows the model
to attain high performance and reliability.
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Web-based annotation system:
A web-based system for automatic text annotation with bounding boxes from images
was developed and named Bangla Annotator. It generally creates bounding boxes on
the uploaded image and detects each word automatically after a few seconds. Then the
COCO JSON can be downloaded.

Custom tokenization:
Especially for Bengali and English text combined, a unique tokenization technique is
developed to handle the complexities of the Bengali symbols, as traditional OCR mostly
works with other languages rather than Bengali.

6.3 Recommendations for Future Work
Although the Punolikhon model shows promising results, there are some areas where
future improvements can be made.

Expansion of dataset:
In order to improve the model accuracy, more sample Bengali dataset can be collected
and annotated that will include more variants in handwriting. As there are few publicly
available dataset on Bengali with bounding boxes, English dataset can also be increased
in order to improve the model’s accuracy on English handwritten text.

End-to-end OCR integration:
Although the detection and recognition models were trained and evaluated separately,
the complete page-to-text OCR pipeline can be improved further. In end-to-end settings,
recognition accuracy may decrease when the recognizer receives detection-generated crops
instead of ground-truth crops due to imperfect localization. Future work can focus on
improving the reliability of detector-produced crops, such as reducing truncated diacritics
or stroke endings, avoiding merged crops containing multiple words, and designing better
mask-to-box post-processing. In addition, more robust region-matching and evaluation
protocols can be introduced to handle extra or missing detections in a principled way,
which will make the end-to-end OCR results more stable and realistic.

Reconstruction model:
A custom built model can be made that can do both recognition and reconstruction at the
same time for handwritten documents. There is a gap in traditional OCR as most of them
can only work with printed text or only do recognition, not both. A hybrid mode using
Knowledge Distillation can be made that can do both tasks. This model would be based
on diffusion based image generation which can be tested to recover severely distorted or
missing areas of handwritten texts before OCR processing. It will learn to guess and
reconstruct faded, torn or obscured words by using semantic context from surrounding
texts. Transformer based architecture with contextual embedding can be used so that the
model can comprehend long range dependencies between characters and words. It will
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allow to build visually consistent and semantically relevant reconstruction. This process
can be implemented as a post recognition enhancement stage which will allow the OCR
model to produce more complete and clear textual outputs from damaged documents.
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