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Abstract

India is a multilingual country with rich literary traditions. With the advent of the Internet and
the digital age, many languages find themselves at a disadvantage. Their continued develop-
ment and survival is subject to making the transition to digital space. Availability of Natural
Language Processing (NLP) tools will play a significant role in making this transition possible.
Optical Character Recognition (OCR) is a tool that can help to digitize documents. However,
for many Indian languages OCR tools are not available, or demonstrate inadequate accuracy
compared to English OCRs (Latin script). Development of OCR for Indian languages poses
distinct challenges. Abundance of vowels, consonants, ligatures (consonant cluster) and their
inflectional nature with complex character graphemes are issues that need attention. Further,
the lack of analysis on commonly used fonts, and the absence of standardized test datasets con-
taining ground truth datasets also adds to the challenge. The main objective of this research
work is to develop OCR for Konkani language. Konkani is the official language of the state of
Goa and one of the 22 official languages of India. It belongs to the Indo-Aryan language family
and is primarily spoken in Goa and neighboring coastal regions of Karnataka, Maharashtra, and
small pockets of Kerala. There are 12 major scripts widely used for writing Indian languages
viz., Bengali, Devanagari, Gujarati, Gurumukhi, Kannada, Malayalam, Meetei, Odia, Ol-Chiki,
Perso-Arabic, Tamil, and Telugu, widely used in India. The Devanagari script, which evolved
from the Brahmi script, is used by ten Indian languages, Bodo, Dogri, Hindi, Konkani, Maithili,
Marathi, Nepali, Sanskrit, Santhali and Sindhi encompassing a large pool of the Indian popula-
tion who speak and write in these languages. Devanagari is recognized as the official script for
Konkani.

The OCRs available for languages using the Devanagari script are Tesseract, Indsenz, e-Aksharayan,
and Multilingual Indic OCR. Tesseract OCR (an open source) solution supports Hindi, Marathi,
Nepali and Devanagari. Indsenz commercial OCR has support for Hindi, Marathi, and Sanskrit.

e-Aksharayan has supports for Hindi. And multilingual OCR for Indic script, which covers
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Hindi and Marathi. Multilingual Indic OCR has shown 91.60% word accuracy for Hindi, when
tested with data with a single font. Despite the advancements in OCR technology, the accu-
racy of these systems for Devanagari still needs improvement. Understanding and addressing
the challenges is crucial for enhancing the performance and reliability of Devanagari OCR. The
usage of Devanagari characters, syllables (akshara), and ligatures varies from language to lan-
guage. Moreover, their appearance differs for different fonts. Performance studies of existing
OCRs were conducted on two Hindi datasets with different fonts Aparajita and Nakula font. It is
observed that the OCR accuracy varies for different fonts. To improve the OCRed text accuracy,
this work has proposed an error correction approach, the Weighted Syllable Spell Correction
(WSSC) approach, which handles substitution errors for these two datasets with Aparajiat and
Nakula. However, this approach does not handle insertion and deletion errors. To handle inser-
tion and deletion errors, another error correction approach using Masked-Language Modeling
with Bidirectional Encoder Representations from Transformers (MLM-BERT) has been pro-
posed to provide contextual suggestions for incorrect words, which has shown improvement in
word accuracy. Another observation is that while the suggested word may be contextually ap-
propriate, it might still be incorrect. In some cases, the length of the suggested word can be
significantly greater or less than the actual word, which affects the character accuracy. On test-
ing the Hindi OCR on Konkani documents, it is observed that it does not recognize character ®
([lo]) and consonant with Zero-Width Joiner (ZW1J) (T [rjo]) consistently. The top 6 errors are
due to & ([|9]), anusvara (i), candra (¥, right (), left () single quotation mark, punc-
tuation mark (.), matra (-:if) and consonants with ZWJ (I [rjo]). There were also errors due
to syllables and ligatures. In order to enhance the OCR accuracy, further an error correction
a hybrid approach, using the MLM-BERT and Norvig Spell-Corrector (MB-NSC) is proposed,
which provides suggestions based on context along with the nearest likely word. MB-NSC was
tested for Konkani, which has further enhanced the OCRed output word and character accuracy

by handling substitution and insertion errors effectively.

This work proposes a solution for Konkani OCR by building on Hindi OCR for Konkani doc-
uments. Creating a dataset to test OCR for Konkani was essential as no Konkani dataset was
available. Accordingly, datasets for Konkani OCR and OCR post-processing performance study
are created for a single Nakula font. In this work, during OCR post-processing in the initial
phase, error detection was performed using a dictionary-based approach on Konkani and Hindi

separately. Here, the question arises, can we have a unified error detection approach for lan-

ii



ABSTRACT

guages written in Devanagari? To work on this, four languages were selected, viz., Konkani,
Hindi, Marathi and Nepali. The individual OCR datasets were created using Indian Languages
Corpora Initiative (ILCI) data for these four languages. The properties of these datasets were ver-
ified with the Hindi dataset used for testing Multilingual Indic OCR. Initially, the performance
of existing OCR systems on these four languages was studied separately, and the best OCRed
output (i.e., Tesseract OCR output) was selected for further error detection work. Accordingly,
the error detection approach was proposed using Multilingual BERT (mBERT) and CNN. A
dataset for training and testing was created for the error detection approach using the proposed
text2img-doc and post-OCR-align procedures. The proposed error detection approach using
mBERT and CNN, creating a Devanagari multilingual model, proved to be beneficial for four
Indian languages namely Konkani, Hindi, Marathi, and Nepali. This work studies the percentage
of type of errors of existing OCR on different fonts Nakula, Baloo, Dekko, Briyani and Apara-
Jita. It was observed that types of OCR errors are not consistent for different fonts. This work
has contributed to the design of multi-font OCR for Hindi, supporting five fonts using LSTM
(open-source OCRopus), which showed negligible deletion errors. This research work also ad-
dresses the need for a multi-font OCR for Konkani. Although Devanagari Tesseract OCR exists,
studying its performance on Konkani documents was essential; thereby, a multi-font Konkani
dataset was created. Testing the existing Devanagari OCR on the multi-font Konkani dataset
covering ten fonts revealed that its accuracy varied across different fonts, with the top most two
frequent errors involving consonants. A multi-font OCR for Konkani has been designed, using
the Devanagari Tesseract OCR as the base model. This Konkani OCR achieved an average word
accuracy of 95.94% across ten fonts. Konkani OCR is hosted and currently made available on

the Goa University private network for testing purposes.
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Chapter 1

Introduction

1.1 Background

In today’s digital era, where information is predominantly stored and shared in digital format,
Optical Character Recognition (OCR) plays a pivotal role in digitizing documents and generat-
ing corpus. This corpus can facilitate many Natural Language Processing (NLP) applications.
OCR solutions are available for many widely spoken languages such as English, French, Ger-
man, etc. However, for Indian languages, OCR systems have not yet achieved the same success.
India has 22 officially recognized languages' having rich literature collection. Many are in the
form of printed documents and written in various scripts. Mainly 12 scripts are widely used
across India: Bengali, Devanagari, Gujarati, Gurmukhi, Kannada, Malayalam, Meetei, Odia,
Ol-Chiki, Perso-Arabic, Tamil and Telugu. Indian languages present distinct challenges, which
include (i) an abundance of vowels, consonants, ligatures, (ii) their inflectional nature with com-
plex character graphemes, (iii) a lack of analysis for commonly used fonts, and (iv) the absence
of standardized test datasets containing ground truth data for Indian languages. These factors

increase the difficulty of providing accurate OCR solutions for Indian languages..

This work mainly focuses on the languages that use Devanagari script. The Devanagari, which
evolved from Brahmi script, is important and widely used in India. Devanagari is used by ten
Indian languages: Bodo, Dogri, Hindi, Konkani, Maithili, Marathi, Nepali, Sanskrit, Santhali
and Sindhi Presently, OCRs available for languages written in Devanagari are Tesseract OCR

(open-source) (Smith, 2007), which has separate model for Hindi, Marathi, Nepali and Devana-

Ihttps://www.mha.gov.in/sites/default/files/EighthSchedule_19052017.pdf

1
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gari, the Indsenz OCR (commercial product) has separate OCR for Hindi, Marathi and Sanskrit?,
e-Aksharayan (tdil, 2018) OCR supports for Hindi and multilingual OCR (Mathew et al., 2016)
for Indic script, which covers Hindi and Marathi. Multilingual OCR for Indic script has shown
91.60% word accuracy for Hindi. The accuracy of OCR can be improved using post-processing
techniques. OCR post-processing has two phases: (i) error detection and (ii) error correction.
Recently error detection approaches using deep learning techniques are LSTM, RNN and GMM.
And error correction approaches using deep learning are LSTM (Saluja et al., 2017) and Word
embedding and Levenshtein distance (Srigiri and Saha, 2020) have been used for Hindi. How-
ever, OCR accuracy still needs improvement with the error correction approaches to reach ac-

ceptable level.

Additionally, there is a need to provide OCR solutions for low-resource languages such as
Konkani. Konkani, one of the 22 languages recognized in the Indian Constitution, holds the
official language status in Goa. It uses Devanagari as the official script for writing. Other
than Konkani historically it is also written using Roman, Kannada, and Malayalam. Konkani
belongs to the Indo-Aryan language family and is primarily spoken in Goa and neighboring
coastal regions of Karnataka, Maharashtra, and small pockets of Kerala. Despite its widespread
usage, Konkani encounters challenges in Natural Language Processing (NLP), mainly due to the
scarcity of a comprehensive corpus. An OCR for Konkani could assist in resolving this situation.
Currently, Konkani needs an OCR solution. Also, no OCR dataset for Konkani is available to

test the OCR.

WARRET ( OR  gigrqrgar

©) 2 3
Input Preprocessing Segmentation Text Recognition

HIOIZR]II

o\

HATIRTYST

Output ( Post processing

o 5 4
/ S:I'ITITPPT /4 k Lﬁlzzrror Correction ]d—f‘grror Detection ]

Figure 1.1: Block diagram of OCR process

http://www.indsenz.com/int/index . php
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The image text undergoes following five stages during recognition process shown in Figure 1.1.

1. Pre-processing: A scanned document can consist of background noise.. This stage ensures

that a good quality image is input into the OCR system.

2. Segmentation: In this phase, the line, word, and characters are segmented. There are two
ways to extract character. The first is segmentation-based, and the second is a segmentation-
free approach. In the former, the character is segmented from the word. In a segmentation-
free approach, a window slides across the text in the image to extract characters and rec-

ognize them using deep learning techniques.

3. Text Recognition: In this phase, the text in the image is recognized and made available in

an editable text format.

4. Error Detection: OCR recognized text or OCRed text may consist of errors. These are
handled by the OCR post-processing phase, which consists of error detection and error
correction. Error detection phase detects whether the recognized word is correct (valid)

or incorrect (invalid);

5. Error Correction: In this phase, the suitable word is suggested for every incorrect word.

This work mainly focuses on text recognition, error detection, and error correction. .

1.2 Importance of Fonts in OCR

There exist various documents with different fonts. Fonts are a critical factor in the effective-
ness of OCR systems. Adequate knowledge of a variety of fonts and understanding font-specific
challenges are essential for developing robust and accurate OCR solutions. Font classification
is determined by various properties such as internal representation, glyph width, physical exis-
tence, installation of font encoding, and readability. The Devanagari font design model (Dalvi,
2019) can visually describe any given Devanagari typeface. The facets of the model consist of
tool, grey value, axis, contrast, vertical terminal, horizontal terminal, built, basic hand, angular
terminal, counters, turns, vertical stem, inclination, curves, end knot, C to C joinery, begin-
ning loop, end loop, neck join, horizontal proposition, vertical proportion, and neck proportion

(Dalvi, 2019). The fonts differ based on the facets chosen for the font design. Over 300 fonts
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are available for the Devanagari. Some fonts Nakula, Baloo, Dekko, Biryani and Aparajita, are

discussed forthwith.

Nakula Font The Nakula Devanagari font is Unicode compliant and TrueType font. It contains
all the conjuncts and other ligatures (including Vedic accents) likely needed by Sanskritists. It

has rounded glyphs and little thin/thick variation as shown in Figure 1.2

JE HAT T Hfadl S AdT 8

Figure 1.2: Text in Nakula font

Baloo Font The Baloo font is Unicode compliant. It has a distinctive heavy spurless design as

shown in Figure 1.3. (Ek-Type, 2019)

g BT AT HfAaT I STTelt &

Figure 1.3: Text in Baloo font

Dekko Font The inter-letter spacing of this font is wider, allowing for it to be used at smaller
sizes on screens. This font has stroke contrast property. The pen angles traditionally associated
with Devanagari has some diagonal stress, but here the script uses a vertical stress as shown in

fig 1.4 (Sorkin-Type, 2019)

g2 F1 A Fiadl ded ) 2

Figure 1.4: Text in Dekko font

Biryani Font Biryani is a libre font development project. It is designed in a monolinear, geo-
metric sans serif style. Like several early geometric sans typefaces from the last century, Biryani
font characters have a strong flavor to them. Figure 1.5 shows Biryani font in regular font style

(font Biryani, 2019).

I BYT T HBiddl et ofrdl 2

Figure 1.5: Text in Biryani font
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Aparajita Font Aparajita font is high OpenType font and is Unicode-compliant. The Figure 1.6.

(Microsoft-corporation, (2019) shows Aparajita font in regular font style.

A& eI 11 DIl dG el SIeil 8

Figure 1.6: Text in Aparajita font

It is also observed that the ligatures® & (vertical conjunct®) appearing in word ElUEE] ([Ua‘@illé],
read) in Lohit Devanagari font, and the same word ClECT ([Uatﬁsillé] , read) in Cambay font shows

different appearance. This writing is observed in books, newspapers, etc (refer Figure 1.7).

1.3 Motivation

Devanagari is used by ten languages among the 22 officially recognized Indian languages*. The
abundance of Devanagari vowels, consonants, and ligatures, as well as their complexity, is one
of the challenges in developing accurate OCR for these languages. Existing OCRs for languages
written in Devanagari, such as Hindi, Marathi, and Nepali, are Tesseract OCR (Source, 2022),
Indsenz OCR (Hellwig, 2023), e-Aksharayan OCR (tdil, 2018) and multilingual OCR for Indic
scripts (Mathew et al., 2016), where multilingual OCR (Mathew et al., 2016) shows 91.60%
word accuracy on Hindi OCR test dataset (Mathew et al., 2016). This test dataset was in a single
font, raising questions about OCRs performance for text in different fonts. To study the OCRs

performance for text in different fonts. It was essential to create datasets in different fonts.

Efforts have been made to improve the accuracy of Hindi OCRed text using post-processing
error correction approaches such as sub-word embedding, LSTM (Vinitha et al., 2017; Saluja
et al.,, 2017, 2019), but further improvements in OCR accuracy is desirable. These existing
approaches do not suggest words using contextual information. OCR errors are categorized
into three types: insertion, deletion, and substitution. Handling insertion and deletion errors
using post-processing approaches is challenging. These OCRed words may not be close to the
actual word. Enhancing the quality of existing OCR systems can be achieved by employing
post-processing approaches that specifically address insertion, deletion, and substitution errors

for languages written in the Devanagari. Furthermore, methods that can suggest the correct word

3https://www.unicode.org/versions/Unicode15.1.0/ch12.pdf
“https://www.mha.gov.in/sites/default/files/EighthSchedule_19052017.pdf
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W Image from text book (konkani vishwakosh)

mnazasm 4 e APATETAlS SN e et SR e IRaSE
m&ﬁamm amf 7S FES IS B AN 9. AAEEEN Godl IwBIA
;?@m;%w &ia e SIS qIR . § Iape fivas fise
N g mmmm@mmwm
AR, T 9feel
AR G HIgidl
Soctd B aml HIar
1. PRaeT
£ B s AABID
G G T 7
HINRBRID aFdl.
HId, T Fgeard! aifel
TR i A
TRAI0] i T, 91
s qnl fargdds
&l use.

Image from Konkani Bhaangarbhuin newspaper

Aparaiita U HATIACAT ATHATATATD TSB! BT T ATHT PR T I8 el
paraj BIATEATDST Ja9Tdh TNTA. ATYATATI I areit fasad e,
ATUT T "TESTT I R URAT AT ATIEGAT qodT HdhsT
M BTa ATEIRf RUTeh TR ATAT. § 3TTap fRrears fags
PIATEATDY & T ATITDhd TRT-UCT TH AT
Nakula rrT

3 i?vifll o131 3TIfSTeTII ATAGIIRID ! le=ll iTelt P2 Adel AASI
PleTIECIID Sl AQUID ATl ATHGIRIRIID Al fSD IRIet.
A1 585 F&Sil 3 P2 91l oil. ARG Jodll SRZP S
Lohit Devanagari  &id 9I>rel 52Ul IR 3R & 3IrRIDel [OI9Ip feisd
3IRIctl 3iTofl ATi U el Plellgell afSceil AR AioTetl.
a'%ﬂﬁ' DICECID & P ARIADT TRI-UGT TATRIT
Ao fiiSa 3irerctl. At eI dId 3Iulqui (rsurd
JAloIct.

Figure 1.7: A sample multi-font article from Konkani daily newspaper : Bhaangarbhuin, a sam-

ple page from Konkani vishwakosh text book and sample word in different fonts
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Figure 1.8: Konkani document having various ligatures (consonant cluster)

based on context are essential for OCR post-processing, specifically for inflectional languages

like Konkani and Marathi.

Developing an OCR for low-resource languages is challenging due to the need for annotated
resources. An OCR for low-resource languages like Konkani can be a valuable endeavor to fa-
cilitate language-specific NLP applications. Digitizing Konkani books and newspaper articles
can be an excellent source for collecting a data corpus. However, the available print text occurs in
multiple fonts, as shown in Figure 1.7, a sample clipping from Konkani local newspaper Bhaan-
garbhuin® and Konkani text book. This clipping has text in three fonts. Because of this, having
OCR compatibility for several fonts is crucial. Thus, it shows the necessity to develop OCR for
Konkani, which supports multiple fonts. One of the solution is to build OCR for Konkani from
scratch. But, given low-resource constraint of language like Konkani second approach could be
utilizing the existing rich resource OCR supporting Devanagari (i.e. OCR for Hindi). Thus, it

was important to study the usage of Devanagari characters, ligatures® and syllables (aksharas®)

Shttps://epaper.thegoan.net/3755632/BHAANGARBHUIN/BHAANGARBHUIN#page/1/1
6Akshara is the fundamental writing unit in Indic scripts, representing an orthographic symbol of a speech

sound in Indian languages (Prahallad et al., 2012). Typical form of akshara are V, CV, CCV, CCCV; Akshara
follows pattern C*V where C is consonant and V is vowel. Akshara are more like a syllable in English. In this

thesis syllable and akshara are used interchangeably.
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specific to the language. Yet, no comprehensive study has been done to explore the similarities
and differences between Devanagari characters and ligatures and syllables (ligatures and liga-
tures with dependent vowels and signs) in each of the languages. Figure 1.8 shows example of
some ligatures appearing in Konkani documents circled in yellow color. Devanagari contains
numerous type of ligatures. However not all of them may be utilized by all the languages that
uses Devanagari. This shows need to study the usage of Devanagari characters, ligatures and
syllables (ligatures and ligatures with dependent vowels and signs) in each language. Further,
it is important to understand whether a unified post-processing model for error detection can be
created. Hence, there is a need to create a dataset to train and test the model, which supports

different languages.

1.4 Research Contributions

The research contributions of this work are listed below:

1. Empirical study of Devanagari characters, ligatures and syllables in Konkani, Hindi,
Marathi and Nepali.
Studied the occurrence of Devanagari characters, ligatures and syllables in Konkani, Hindi,
Marathi and Nepali. It is observed that there exist differences in occurrences of characters,
ligatures and syllables between each of these languages. Each of the cases is discussed
with examples. The binary Jaccard similarity score computation was calculated for each
language pair. It is observed that for the Konkani-Marathi pair, the binary Jaccard simi-
larity is 0.41, which is the highest. Hindi resembles more closely to Marathi with a binary
Jaccard score of 0.40, while Nepali displays a closer resemblance to Hindi, with a score

of 0.31.

2. Datasets Created for OCR and OCR post-processing performance study.
Proposed three procedures to create datasets, as listed forthwith (refer 2a), which can be
applied to any language with varying fonts and font sizes. Using these procedures, the
datasets have been created as mentioned forthwith (refer 2b).

(a) Proposed procedures to create dataset

i. Manual Procedure adopted to create the dataset.

8
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ii. Procedure text2img-doc for OCR.
iii. Procedure post-OCR-align for OCR post processing.
(b) Datasets Created
i. Hindi datasets for Aparajita and Nakula fonts
* BM_Aparajita test dataset
e BM Nakula test dataset
ii. Hindi datasets for OCR post processing.
* Hin_test_dataset
* Hindi-IlITH-dataset
iii. Konkani datasets for OCR and OCR post-processing.
* Konkani_OCR_large_test_dataset
e Konkani_OCR_subset_test_dataset
e Konkani_EC_test_dataset
iv. Konkani dataset for Multi-Font to test OCR (Konkani_test_dataset).
v. Indic datasets for OCR and OCR post-processing
* Indic-OCR-test-dataset

* Indic-post-OCR-dataset (to train and test OCR post-processing models)

3. Algorithms Proposed and Implemented for OCR Error Correction.
The following three error correction approaches are proposed and implemented for error

correction.

(a) Error correction with Weighted Syllable based Spell Correction (WSSC): Initially
studied the performance of existing OCRs on text in two different fonts (i.e. BM_Aparajita
and BM_Nakula dataset). It was observed that OCRs accuracy varies for two differ-
ent fonts, thereby proposing error correction approach Weighted Syllable based Spell
Correction (WSSC). This approach has been tested for Hindi using two OCR data in
different fonts (i.e. BM_Aparajita and BM_Nakula dataset). It handles substitution
errors well but can not handle insertion and deletion errors. It is adaptive to new

€Irors.

(b) Error correction using Masked-Language Modeling with Bidirectional Encoder Rep-

resentations from Transformers (MLM-BERT): This approach masks the word with

9
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error and provides suggestions based on context. It was tested on Hindi dataset (i.e.
Hindi_test_dataset and Hindi-IlIITH-dataset) and showed improvement in word ac-
curacy. However, it may suggest a word having length double or quite less than the

actual word, thereby affecting the character accuracy.

(c) Error correction with the hybrid approach: MLM-BERT and Norvig Spell Correc-
tor (MB-NSC): To achieve main objective i.e. providing OCR solution for Konkani.
Initially, this work explored the utilization of Hindi Tesseract OCR on Konkani
documents (i.e., Konkani_OCR_large_test_dataset 3.6 million words). Further, the
OCRed text accuracy was improved through the proposed MB-NSC approach. It
provides suggestions based on context and suggests the nearest word for every in-
correct word. It was tested on Konkani data (i.e. Konkani_EC_test_dataset) and

showed improvement in both word and character accuracy.

4. Algorithm Proposed and Implemented for OCR error detection: Konkani, Hindi,
Marathi, Nepali using Multilingual BERT (mBERT).
An error detection approach is proposed using mBERT and CNN for Konkani, Hindi,
Marathi, and Nepali. Here, five models are created. Four models are for individual lan-

guages, and the fifth one is Devanagari multilingual model, which supports four languages.

5. Multi-Font text recognizer for Hindi (MDF_OCR). A text recognizer for Hindi is cre-
ated using LSTM neural networks supporting five fonts. It is tested on the dataset with
five fonts namely Nakula, Baloo, Dekko, Biryani and Aparajita. Analyzed the three OCR
errors: insertion, deletion, and substitution. It showed consistent insertion and deletion

errors for five fonts. The deletion errors were negligible i.e. less than 1.4%.

6. Multi-font OCR for Konkani (Konkani_Multi_Font OCR). A multi-font OCR is cre-
ated for Konkani using the Devanagari Tesseract OCR model. An OCR tool is created for

Konkani and made available within Goa University private network for testing purpose

(URL: http://192.168.101.53:3000/).

1.5 Thesis Outline

The rest of thesis is organized as follows;
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* Chapter 2 provides detailed literature reviews on OCR techniques applied to Indian lan-
guages. These are broadly grouped into (i) Segmentation-based approaches and (ii) Segmentation-
free approaches. Also, existing OCR post-processing approaches for Indian languages are
reviewed specifically for error detection and error correction. Through literature review

research gaps were identified.

* Chapter 3 provides details of Devanagari characters, ligatures and syllables used in Konkani,
Hindi, Marathi and Nepali. And it is clear that there exist differences of ligatures and
syllables between each of these four languages. Each of these cases are discussed with ex-
amples. Overall binary Jaccard similarity score was calculated to measure the similarity

between languages.

* Chapter 4 discusses the procedures proposed to create the dataset to study the perfor-
mance of OCRs. Using these procedures BM_Aparajita, BM_Nakula, Hindi_test_dataset
and Hindi-1IITH-dataset were created for Hindi. Additionally the datasets Konkani_OCR_large_test_c
(having 3.6 millions words), Konkani_OCR_subset_test_dataset, Konkani_EC_dataset
and Konkani_test_dataset (having 10 fonts) were created for Konkani to study OCR per-
formance. Moreover, datasets having four languages: Konkani, Hindi, Marathi and Nepali

languages; Indic-OCR-test-dataset, Indic-post-OCR-dataset were also created.

» Chapter 5 provides the details of three proposed and implemented approaches for er-
ror correction. (a) Weighted Syllable based Spell Correction (WSSC), (b) Error Correc-
tion using Masked-Language Modeling With Bidirectional Encoder Representations from
Transformers (MLM-BERT) and (c) Error correction with the hybrid approach: MLM-
BERT and Norvig Spell Corrector (MB-NSC).

* Chapter 6 presents the details of proposed and implemented error detection approach
using multilingual BERT (mBERT) supporting four languages: Konkani, Hindi, Marathi
and Nepali. Five models are created four for individual languages and the fifth one is

Devanagari multilingual error detection model.

* Chapter 7 presents the details of multi-font text recognizer created for Hindi language.
A text recognizer is created for Hindi, supporting five fonts using LSTM neural networks.

It also shows detailed analysis of OCR errors; insertion, deletion and substitution.

11
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* Chapter 8 presents the details of multi-font OCR created for Konkani language.
An OCR for Konkani is created using the base model, the Devanagari Tesseract model.
This Konkani OCR is tested on the Konkani dataset having ten fonts (Konkani_test_dataset).

A detailed error analysis is presented.

* Chapter 9 provides the conclusion highlighting the contributions made through this work,

summary of the thesis and directions for future work.

12



Chapter 2

Related Work

2.1 Work on OCR and Post-Processing for Indian languages

Various approaches are explored for OCR and post-processing for Indian languages. The existing
work on OCR for Indian languages is categorized as segmentation-based and segmentation-free
approaches (refer Section 2.2). Section 2.2.1 discusses the work on OCR for Indian languages
using segmentation-based approaches. Section 2.2.2 details the related work on OCR for Indian
languages using segmentation-free approaches. Further accuracy of OCR output can be im-
proved by using post-processing approaches. Post-processing has two parts: error detection and
correction (refer section 2.3). Section 2.3.1 details the error detection approaches used for Indian
languages. Section 2.3.2 covers the error correction approaches used for Indian languages. And

the Section 2.4 discusses the identified research gaps.

2.2 OCR for Indian languages

Optical Character Recognition (OCR) is a research field in which the text is recognized from
scanned documents. There are two methods to recognize text from the scanned document. The
first is segmentation, and the second is a segmentation-free approach. In the former approach,
the characters are extracted from the input document using segmentation techniques, and further,
these extracted characters are recognized using neural network techniques. In the segmentation-
free approach, deep learning techniques are used to recognize the text in each line. A lot of work
is reported on OCR for Roman script, and it shows impressive accuracy on various documents.

Similar techniques have been used to create OCR for the Devanagari script, but this OCR’s
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accuracy lags behind the OCR for the Roman script.

2.2.1 OCR using segmentation based approaches

The initial efforts to recognize Devanagari characters in printed documents began in 1970 through
segmentation-based approaches (Sinha, 1973; Palit and Chaudhuri, 1995; Pal and Chaudhuri,
1997). Advancing the researchers developed a syntactic pattern analysis system specifically for
the Devanagari script (Sinha, 1973). In the 1990s, significant progress was made with the de-
velopment of the first complete end-to-end OCR system for Devanagari (Palit and Chaudhuri,
1995; Pal and Chaudhuri, 1997). While OCR for Devanagari remained primarily at the research
level during that period, it took a significant leap in the early 2000s when the Center for De-
velopment of Advanced Computing (C-DAC) India released the first commercial Hindi OCR
called Chitrankan(Pal and Chaudhuri, 2004). Later, bilingual OCR for Hindi and Telugu was
developed in 2003 (Jawahar et al., 2003).

2.2.2 OCR using segmentation free approaches

Recent advancements have included the utilization of a segmentation-free approach for text
recognition in printed documents (Mathew and Jawahar, 2022; Karayil et al., 2015; Mathew
et al.,, 2016; Sankaran et al., 2013; Source, 2022). A BLSTM approach was used to recognize
text from Hindi documents, showing word error rate (WER) of 8.62% for good quality docu-
ments and 22.15% for poor quality documents (Sankaran and Jawahar, 2012). Devanagari Text
Recognition using BLSTM which was tested on two datasets Dataset-1 consisting of 33 books
and 1.5M words, and Dataset-2 consisting of 11 books, 300K words. The results showed a
word error rate (WER) of 30.52% and a character error rate (CER) of 7.06% on Dataset-1. For
Dataset-2, the WER was 40.49% and the CER was 12.31% (Sankaran et al., 2013). Accuracy
varied for different fonts. The BLSTM networks and Connectionist Temporal Classification
(CTC) was also utilized for text recognition in seven Indian languages, namely Hindi, Malay-
alam, Kannada, Tamil, Telugu, Gurmukhi, and Bengali (Krishnan et al., 2014). It showed CER
1.80% and WER 5.72% for Hindi. Errors were observed due to the font forming different char-
acters, combining two existing characters, numerals, symbols, and punctuation’s. Further ex-

ploring LSTM approach for printed Devanagari script showing CER ranging from 1.2% to 9%
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# | Method | Test data Error rate Limitation
Multilingual OCR for Indic Scripts (Mathew et al., 2016)

: RNN Hindi OCR test | overall WER | Detecting the Indic Script prior to

dataset 8.4% and WER 6 | recognition
to 22% for Matras

Segmentation-free approach for printed Devanagari script recognition

2 (Karayil et al., 2015)

LSTM Deva-DB CER 1.2 to 9% Low recognition rate for multi fonts

Towards a Robust OCR System for Indic Scripts (Krishnan et al., 2014)

: BLSTM | 7 Hindi Books | CER 1.80% and | Errors due to fonts forming new
and having 390K | WER 5.72% for | valid symbols. Other errors due to
CTC words Hindi. numerals, symbols such as commas,

quotes, and punctuation.

Devanagari Text Recognition:A Transcription Based Formulation

! (Sankaran et al., 2013)

BLSTM | Dataset-1: 33 | Dataset-1: CER | Accuracy varied for different font
books with 1.5M | 7.06%, WER | and difficulty in recognising punc-
words. Dataset- | 30.52% Dataset- | tuation marks and symbols
2: 11 books, with | 2: CER 12.31%,
300K words WER 40.49%

BLSTM Neural Network for Hindi (Sankaran and Jawahar, 2012)

: BLSTM | testing data:67K | WER 8.62 to | Incorrect recognition for degraded

words Hindi data | 22.15% CER | images
5.65t0 15.13%

Table 2.1: Summary of related work of Devanagari OCRs built using deep learning

for Deva-DB dataset (Karayil et al., 2015). However it showed low recognition rate for multi-

font. Exploring RNN to build multilingual OCR for Indic script, showed WER 8.4% on Hindi

dataset (Mathew et al., 2016). The test dataset for Hindi was in single font. These segmentation

free approach summary is presented in Table 2.1. The limitation of these OCRs is that it showed

low recognition for multi fonts (Karayil et al., 2015; Sankaran and Jawahar, 2012) as mentioned
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in Table 2.1. There has been work for different scripts and little work for text document images

in multi-font for same scripts. OCR test dataset was available only for Hindi language.

Presently, there are few OCR options for Hindi, including open source Tesseract OCR (Smith,
2007) which supports Hindi, Marathi, Nepali and Devanagari. Indsenz OCR (a commercial
product)? which supports Hindi, Marathi, Sanskrit and Gujarati, and Multilingual OCR for In-
dian languages which support Hindi, Assamese, Bengali, Gujarati, Gurmukhi, Kannada, Malay-
alam, Manipuri, Marathi, Odia, Tamil, Telugu and English (Mathew et al., 2016). e-Aksharayan
(tdil, 2018) OCR which supports Hindi, Kannada, Malayalam, Tamil, Punjabi, Assamese and
Bangla. Currently, Konkani language lacks OCR solution. It is essential to study the perfor-
mance of existing OCR on different fonts. Itis also important to study whether OCR’s of existing

rich resource language can be utilized for low-resource Konkani.

2.3 OCR post-processing approaches for Indian languages

OCR post-processing is a crucial phase in improving OCR accuracy, and it has two phases:
error detection and error correction. OCR output is input to this error detection phase. The
error detection phase identifies if the word is correct (valid) or incorrect (invalid). If a word
is incorrect, it is given as input to the error correction phase. Post-processing is challenging
for Indian languages as these languages are highly inflectional. The lack of language tools like
morphological analyzers and POS taggers creates difficulties. The abundance of words in the
Indian language is another main concern (Vinitha and Jawahar, 2016). Significant work has been

done to identify OCR errors and correct them in Indian languages.

2.3.1 OCR error detection approaches

Initially, the dictionary approach was employed to detect OCR errors. This method yields sat-
isfactory results when the word is present in the dictionary. However, it encounters difficulties
with out-of-vocabulary words and fails to identify context-based real-word errors within the
language (Kukich, 1992). An extensive review of the techniques employed in error detection is

provided in the survey (Kumar, 2016; Nguyen et al., 2021).
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Literature shows the use of a morphological analyzer to find the root word to detect errors in OCR
text (Pal et al., 2000). Additionally, the use of a graph-based, sub-character level language model
for Malayalam to detect and correct errors in words (Mohan and Jawahar, 2010) was reported.
Shape-based post-processing of the corpus was carried out, and the corpus was categorized based
on the size and shape of the word (L.ehal et al., 2001). Recently deep learning aproaches, such
as RNN and GMM has been used to detect OCR errors in three languages, Hindi, Malayalam,
and Gujarati (Vinitha and Jawahar, 2016). Further lookup dictionary and context-based Named
Entity Recognition (NER) were used to detect possible spelling errors in Hindi text (Pal and
Mustafi, 2020). However, despite the advancements, some limitations and challenges still need to

be addressed. Some of the common shortcomings of OCR error detection for Indian languages:

i. Some languages face the unavailability of language tools such as NER, POS taggers, and
morphological analyzers. These tools are not readily accessible or developed for every
language, particularly for those with fewer resources or lower levels of linguistic docu-

mentation.

ii. One of the challenges in applying deep learning techniques is the limited availability of

data and resources for specific languages.

iii. Currently, no unified model has been applied to a specific script regardless of the language.

Each language within a script has its customized model.

2.3.2 OCR error correction approaches

Several OCR post-processing error correction approaches are explored (Nguyen et al., 2021).
These techniques can be grouped based on usage of (i) Dictionaries or Lexicon (ii) Syntactic
or Semantic rules of the language/word morphology, (iii) Statistical Language Models usually
represented as n-grams, etc., and (iv) Deep Learning approach. Some of the methods find the

best alternative, while other methods find the top-n possible alternatives.

Initially, an attempt was made for OCR error correction based on dictionary (Bansal and Sinha,
2001). However, this method covers limited words, makes it unsuitable for inflectional language

such as Konkani, Hindi, Marathi, Nepali etc. .
A Morphological analyzer was used for Bangla (Indian script) to identify the root words and pro-
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vide appropriate suggestions (Pal et al., 2000). The corrections made here are based on a quick
dictionary lookup method and suggest the precise word in 82.44% of cases. The shape-based
post-processing technique was explored for Gurmukhi, resulting in 3% improvement, showing
97.34% character accuracy (Lehal et al., 2001). Here, based on similarity, the consonants were
categorized into groups. Each group was assigned a unique number. Accordingly, the input
word was encoded. If the code appears in the dictionary, matching function was executed be-
tween the input word and words stored under that particular code. In cases where a match has
not occurred, structurally similar words to the input are suggested as alternatives. This approach

requires assistance in providing suggestions to similar characters.

Locality Sensitive Hashing (LSH) was utilized to create word clusters to improve the OCR ac-
curacy of Telugu language (Rasagna et al., 2009), yielding in 79.12% word accuracy. Here, the
word images OCR outputs within a cluster were compared. Thus, improvements were achieved
through methods such as Character Majority Voting or Dynamic Time Warping (DTW) Tech-
nique. However, this technique is limited in not offering suggestions for unique words that appear

less in a cluster.

To rectify OCR word errors in Malayalam, a graph-based, sub-character level language model
was applied (Mohan and Jawahar, 2010). This approach represented language information and
visual similarities as edges and nodes respectively. The suggested words have an optimal path
from source to destination. Thus it achieved 95.0% word accuracy (Mohan and Jawahar, 2010).

This approach needs help to provide suggestions for rare words, proper nouns, and foreign words.

Error correction for Indian languages such as Hindi, Punjabi (Gurmukhi script), Telugu, and
Malayalam (Vinitha et al., 2017) was performed using statistical language models (SLM) and
Dictionary-based methods. Thus, errors were improved in ranges between 38% to 66% for the
four languages. The shortcoming of this work is that a dictionary and character n-gram alone is

ineffective in suggesting the correct word for the inflectional nature of Indian languages.

Sub-word embeddings were utilized for OCR error correction in Hindi, Sanskrit, Kannada, and
Malayalam, showing 90.42% word accuracy for Hindi (Saluja et al., 2019). The additional inter-
section of cluster analysis and error rectification was seen in the Hindi and English documents
when comparable terms were clustered for error correction (Das et al., 2019). Contextual sug-

gestion is absent from this method.

18



Chapter 2:Related Work

Word Embedding and Levenshtein Distance were utilized for spelling correction in OCR-recognized
Hindi text (Srigiri and Saha, 2020), which uses the Continuous Bag-of-Words (CBOW) model.
It does not consider the order of words in a given context. Thereby, it struggles to provide

appropriate suggestions for incorrect words based on context.

Deep learning techniques were recently applied to detect and correct OCR errors in Hindi,
Malayalam, Sanskrit, and Kannada. Specifically, an LSTM approach was utilized, which is
particularly pertinent when languages are written in different scripts (Saluja et al., 2017). For
Hindi, it displayed 92.0% word accuracy. LSTMs can capture dependencies across longer se-

quences than ordinary RNNs, although they still have a limited context window.

2.4 Research Gaps

The following are the research gaps that are identified through literature review:

* Need for accurate OCR for Indian languages supporting multi-font: Indian OCR
systems are not yet able to successfully recognize printed document images of varying
scripts, quality, and fonts, especially compared to those for European languages. One
of the reason is Indian script is complex due to its many vowels, consonants, conjuncts,
and intricate character graphemes. Different fonts can significantly alter the appearance
of characters, syllables (akshara), and conjunct consonants, adding to the challenge of

accurate OCR recognition.

 Unavailability of standard test dataset: No standard dataset is publicly available to study
OCR systems’ performance, except for Hindi, in a single font. However, there is no OCR
dataset for multiple fonts to evaluate the performance of existing OCRs across different
font. There is no OCR dataset for Konkani to test OCR and post processing approaches.

No dataset is currently available to test models that support multiple languages.

* Need to study the performance of existing OCRs for different fonts The data is avail-
able in different fonts. It is essential to study the performance of the existing OCRs in

different fonts.

* Need multi-font OCR solution for low-resource language Konkani: Low-resource lan-

guages such as Konkani multi-font need OCR solutions.
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* No study is conducted to utilize rich resource language OCR for low resource lan-
guage such as Konkani: There are existing OCRs for Hindi, Marathi and Nepali. It is
important to explore the utilization of rich resource language Hindi OCR for low resource

language Konkani.

* No study on the Devanagari characters, syllables and ligatures used by each of the
languages written in Devanagari: There are various Devanagari characters, vowels, con-
sonants, syllables, consonant with diacritic and ligatures (consonant cluster) for each of

the languages written in Devanagari.

* No error detection and correction model for Konkani: There is need to build OCR error
detection and correction model for Konkani. The question arises: can there be a unified

Devanagari post-processing model that serves this purpose for multiple languages?

* Need to study the performance of Devanagari Tesseract OCR model on Konkani
documents: A Devanagari Tesseract OCR model is available. It is essential to understand

whether this model can be used for Konkani.
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Empirical study of Devanagari characters,
ligatures and syllables: Konkani, Hindi,

Marathi and Nepali.

3.1 Background

Devanagari is used by ten Indian languages, which are among the 22 officially recognized
languages. Devanagari characters consists of various elements like Consonants!, Independent
vowels!, Dependent vowels', various Devanagari signs', Viram/halant' (used for forming con-

1

junct consonants), additional consonants and vowels, vedic tones', accent marks!, punctuation

marks', and Devanagari syllables'>.

These elements form the foundation of the Devanagari,
which accommodates the diverse pronunciation styles and unique ways of representing syllables
(akshara) in Indian languages. The combination of consonants, vowels, and diacritics in Devana-
gari allows precise representation of various sounds and pronunciation subtleties, although not

all characters are used by every language. For example, the character @ ([|o]) is quite common

in Konkani and Marathi, whereas it has rare usage in Hindi.

Further, there are various conjunct consonant or consonant cluster exists in Devanagari. The
consonant cluster forms that serve as orthographic abbreviations (ligatures)*. The ligatures can
be of form Conjunct Consonant (e.g. % [||s]), Multi-Consonant Conjuncts® (e.g. &8 [lufia]),

Preventing Conjunct Forms® (e.g. §C [dta]), Dead Consonants® (e.g.a3 [|]). Further conjunct

"https://www.unicode.org/charts/PDF/U0900 . pdf
2This ligatures abbreviation takes place only in the context of a consonant cluster(ligatures)’
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consonant has different formations; (a) half-form its combination with the full form; (e.g. %<
[fda]) (b) vertical conjunct (e.g. & [llo]) (c) fullyligated conjunct?, in which the components
are no longer distinct (e.g. & [kfa]).3 and (d) Dead consonant with another consonant form-
ing (repha)’. (e.g.?JIc [djr]). Moreover, these ligatures can combine with dependent vowels and
Devanagari signs forming syllable (e.g. & [dizi], Sf [daf], & [fja], & [liz]).*  These syl-
lables includes both ligatures and ligatures along with dependent vowels and Devanagari signs

for convenience termed as ligature-vowels-signs-diacritic

Currently, character sets for individual languages are available for Konkani®, Hindi®’, Marathi®
and Nepali’®, etc., but there’s no comprehensive study detailing the specific Devanagari charac-
ters, syllables, ligatures utilized in each language. The comparative study of these languages
character , ligatures and syllables (ligature-vowels-signs-diacritic) is essential. This work de-
tails the study of characters, ligatures and syllables (ligature-vowels-signs-diacritic) in Konkani,
Hindi, Marathi, and Nepali. These languages are chosen for the study since a large corpus is
available for these languages. This study helps to understand the differences and similarities
of the Devanagari characters, ligatures and ligature-vowels-signs-diacritic in Konkani, Hindi,

Marathi and Nepali.

This chapter is organized as follows; Section 3.2 details the motivation for this work. Section
3.3 provide details of data used for this study. Section 3.4 discusses the proposed procedure
to compute the frequency of characters, ligatures and ligature-vowels-signs-diacritic . Section
3.5 provides frequency and example for each of the Devanagari characters in Konkani, Hindi,
Marathi and Nepali. Section 3.6 provides the frequency of ligature-vowels-signs-diacritic in
four languages. Section 3.7 provides frequency of ligatures in four languages. Section 3.8, dis-
cusses binary jaccard similarity score for Independent vowels, Consonants, Dependent vowels,
Devanagari signs, ligature-vowels-signs-diacritic, ligatures and overall characters along with

ligature-vowels-signs-diacritic. Section 3.9 concludes the chapter.

Shttps://www.unicode.org/versions/Unicode15.1.0/ch12.pdf

4zero or more consonant+ (Nukta*)+ virama sequences followed by a consonant (+Nukta*) followed by a vowel

sign and modifier https://w3c.github.io/ilreq/#h_abnf_based_definition_of_indic_syllable
Shttps://en.wikipedia.org/wiki/Konkani_alphabets
®https://omniglot.com/charts/print/hindi.pdf
"https://www.hinditracks.in/hindi-letters
8https://en.wikipedia.org/wiki/Marathi_language
https://nepalilanguage.org/alphabet/
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3.2 Motivation

Indian languages, namely Bodo, Dogri, Hindi, Konkani, Maithili, Marathi, Nepali, Sanskrit,
Santhali and Sindhi, use the Devanagari. Currently few OCRs are existing for Hindi, Nepali,
Marathi (refer Chapter 2; section 2.2.2). It is important to understand the factors that affects
OCR accuracy. OCR accuracy depends on numerous factors and few are listed here specific
to Devanagari characters, ligatures and syllables. Firstly complexity of script, and Devanagari
is intricate. Secondly, the characters, ligatures and syllables that every language uses. Third,
the characters, syllables and ligatures appears differently for various fonts. The characters and
syllables appearing in different style based on fonts are discussed in chapter 1; section 1.2. An
example of ligatures(vertical conjunct) & [llo] appearing in word arfrel [vatsillé] which in Lohit
Devanagari font. And the same word 3TTaew [vatsillé] which is in Cambay font shows different

appearance. This writing is observed in books, newspapers, etc (refer Figure 1.7).

This work investigates the characters, ligatures, and syllables (ligature-vowels-signs-diacritic)
used in Konkani, Hindi, Marathi, and Nepali. This study will help to understand the similarities

and differences between these four languages

3.3 Data (Corpus) used

Language | Total Words | Source of data

Konkani | 3607600 Konkani dataset (Ramamoorthy et al., 2019)

Hindi 8215774 Hindi dataset (Shivam, 2022)

Marathi 5336244 Marathi dataset (Banerjee et al., 2021)

Nepali 5439759 Nepali dataset(Gaurav, 2019b)

Table 3.1: Data used to study characteristics of Konkani, Hindi, Marathi, and Nepali

The following data is used for this study. The characteristic of data is shown in Table 3.1.

1. Konkani: A Konkani raw text corpus (Ramamoorthy et al., 2019) is taken from Linguistic

Data Consortium for Indian Languages (LD-CIL) containing 3607600 words.
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2. Hindi: Hindi data consisting of 8215774 words taken from huggingface (Shivam, 2022).

3. Marathi: Marathi data is used from IIT Bombay consisting of 5336244 words (Banerjee
etal., 2021).

4. Nepali: Nepali data is taken from Nepali Wikipedia Articles!? (Gaurav, 2019b) and
iNLTK Nepali News Dataset!! (Gaurav, 2019a) consisting of 5439759 words.

3.4 Procedure to compute frequency of characters, syllables
(ligature-vowels-signs-diacritic) and ligatures from text cor-

pus

The following procedure has been used to compute the frequency of the characters, syllables and
ligatures occurring in text corpus. The procedure steps are shown for Konkani corpus forthwith.

The same procedure is followed for other languages.

1. Data collection in single text file: Merge all the files from the Konkani corpus and named

it as merge_file.txt.

2. Prepossessing of a text file: For each word W in merge_file.txt remove single and double
quotation mark and brackets, dot (.), numbers, special characters from the text as this work

is restricted to Devanagari characters.

3. Tokenizing text to characters and counting its frequency: For every character C in
the word W, it is inserted into a data structure that records the character along with its
frequency. The frequency is then incremented by 1 for each new occurrence of character.
Each of the characters and their frequency appearing in the data structure is written to the
file named Konkani_char_freq.txt. Thus creating a tuple with character and frequency.

(e.2.37, 103942)

4. Tokenizing the text to syllable (ligature-vowels-signs-diacritic) and counting its fre-

quency: The word W, is split in syllable using the python package unicodedata. (e.g.

Onttps://www.kaggle.com/datasets/disisbig/nepali-news-dataset
Unttps://www.kaggle.com/datasets/disisbig/nepali-wikipedia-articles
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word g98H [dPormokfetre] will be split as ‘€' [d"s], &' [rmo], ‘&' [kfe], T [tre]). And
each syllable having Devanagari character halant/viram is inserted into a data structure
that records the syllable along with its frequency. Thus this will only consider ‘¥, '&", ¥
syllables. The frequency is then incremented by 1 for each new occurrence of a syllable.
Each syllable and its frequency appearing in the data structure is written to the file named
Konkani_syllable_freq.txt. Thus creating a tuple with syllables and their frequency. (e.g.
T [dzyal, 7587).

5. Tokenizing text and counting ligatures frequency: The Konkani_syllable_freq.txt is
taken as input, and only the ligatures is stored from each syllable, trimming the dependent
vowel and signs. For example, these are syllable &' [rmo)], &' [kfe], ' [tre] as input along
with their frequency. From these, only | [rmo], ‘&' [k[o], T'[tre] ligatures will be stored in
a data structure along with their frequency. For each new occurrence of ligature, it is in-
serted in the data structure along with its frequency. Each of the ligature and its frequency
appearing in the data structure is written to the file named Konkani_ligature_freq.txt. Thus

creating a tuple with ligature and its frequency. (e.g. € [dds], 409).

The above Steps 1, 2, 3, 4, and 5 are repeated for languages Hindi, Marathi, and Nepali. The data
for each of the languages is mentioned in section 3.3. Thus initially creating file Hindi_char_freq.txt,
Marathi_char_freq.txt and Nepali_char_freq.txt having character frequency for each language.
Later creating file Hindi_syllable_freq.txt, Marathi_syllable_freq.txt and Nepali_syllable_freq.txt
having syllable frequency for each language. And lastly creating file Hindi_ligature_freq.txt,
Marathi_ligature_freq.txt and Nepali_ligature_freq.txt having ligatures frequency for each lan-

guage.

3.5 Devanagari Characters and their frequency

The Devanagari character set comprises of 7 categories, namely, i) Independent vowels' ii) Con-
sonants! iii) Dependent vowels' and various Devanagari signs! iv) Additional consonants and
vowels! v) Punctuation marks! vi) Viram/halant' (which forms consonant cluster). Characters
in each category and their frequency in Konkani, Hindi, Marathi, and Nepali are provided forth-

with.
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3.5.1 Independent Vowels

Independent vowels are symbols that represent vowel sounds on their own, without being com-
bined with any consonants. In the Devanagari, there are 17 independent vowels', detailed in Ta-
ble 3.2. This table shows the frequency of these independent vowels in four different languages:
Konkani, Hindi, Marathi and Nepali. Additionally, Table A.1 (refer Appendix A; Section A.1)
presents instances of each independent vowel in four languages, along with their transliterations
in ITRANS'? and the corresponding gloss. It is observed tha eleven independent vowels 37 /o/,
3 /a/, 3 /i), 3/i:/, S /u/, = jui/, T Je/, N [oe], 31 /o/, 3T /o/ and 31t [au] have instances
in all the four languages. It is important to note that aft [au] has limited instances in Konkani
compared to other three languages. For example 3/d& ([auves] "wow”), IR ([aufgadﬁzeb]
’Aurangzeb’ PRP. N.). Furthermore there are no instances of syllables with canonical equiv-
alence!? consisting of two characters, 31 (U+0905) and o3 (U+094C) existing in the Konkani
gold standard corpus (Ramamoorthy et al., 2019). Furthermore four independent vowels 3, T,
T, 31 have either rare or no instance in all the four languages. And two vowels < (U+0904) and

@ (U+090C) do not appear to be in use in all four languages.

Occurrence of the vowel 35: Interestingly, the occurrence of the vowel 3 (U+090B) is signifi-
cantly low in Hindi as compared to Konkani, Marathi and Nepali. Although, words containing =&
vowel are borrowed words from Sanskrit. For example, in Konkani 3!5_{6@7—[ ([rtukoden] gloss:
by seasons), 2T ([rfitsja] gloss: of sage). Similarly, in Marathi, 3 [r] is rarely used and
seen in words like 35 ([r/i] gloss: sage) and LY ([rtumodje] gloss: in seasons). However,
in Nepali, the vowel 3 [r] instances are higher as compared to the other three languages. For
example words 0T ([rn] gloss: loan), g ([rtu] gloss: season) are Nepali-language specific
words. Additionally, it has words such as SRS ([rjirac?z] gloss: Rishiraj), 3BT ([rfimuni]
gloss: sage), F ([r[ijo] gloss: the sages), etc. Also, it is observed that the vowel 3 has a
rare occurrence in Hindi. For example A BT ([rfi ka] gloss: Rishi’s), where the action T
is separated from noun Y. Thus its occurrence is low as compared to Konkani, Marathi and

Nepali.

Occurrence of the vowel U /¢ /: It is observed that the vowels T (U+090D) and ¥ (U+090E) are

https://de.ashtangayoga.info/philosophie/sanskrit-und-devanagari/

transliterations-tool/
Bhttps://wic.github.io/ilreq/
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Sr. Devanagari Independent Vowel Frequency

No. | Character | Unicode | Devanagari Letter | Konkani | Hindi Marathi | Nepali
1 3 U+0905 | A 103942 | 259845 | 208765 | 205124
2 |8 U+0906 | AA 298190 | 225013 | 475174 | 120024
3 |3 U+0907 | I 23272 162062 | 42822 | 92426
4 |3 U+0908 | I 3836 136896 | 41284 | 133851
5 |3 U+0909 | U 68665 185504 | 79562 | 207280
6 | U+090a | UU 995 10939 | 25834 | 2584

7 |k U+090b | VOCALIC R 373 4 599 3990

9 |T U+090d | CANDRA E 138 0 346 10

10 | T U+090e | SHORT E 6 0 1 7

11 | ¢ U+090f | E 52213 439925 | 79524 | 256308
12 (¢ U+0910 | AI 416 11065 | 6214 | 3640
13 | 3l U+0911 | CANDRA O 6020 10665 | 7133 98

14 | an U+0912 | SHORT O 0 0 5 9

15 | 3N U+0913 | O 8270 60968 | 10185 | 9070
16 | 3it U+0914 | AU 174 187714 | 4498 6955
17 | & U+0904 | SHORT A 0 0 0 0

18 | U+090c | VOCALIC L 0 0 0 0

19 | 3f* U+0972 | CANDRA A 0 0 212 0

* Independent vowel only for Marathi

Table 3.2: Independent vowels and their frequency in Konkani, Hindi, Marathi and Nepali

not found in Hindi, and their usage is quite limited in Konkani, Marathi and Nepali (see Table
A.1 for examples). The vowels T are exemplified as nouns or English words, such as Trert
([ent"oni] *Anthony’ PRP. N.) in Konkani and Marathi. In Nepali the same name Anthony is
written as ¥€T [enfoni] and in Hindi it is written as G2 [étPoni]. Thus, the same word is

written differently based on how it is pronounced specific to language.

Occurrence of vowel Q (U+090E): The vowel Q has either rare or no occurrence in all 3 lan-
guages. Specifically 6 in Konkani, 1 in Marathi and 7 in Nepali and no occurrence in Hindi. For

example, in Konkani 3TRMRR ([aifoaramatser] gloss: luxurious), YaoTRIId ([aivojafoyt]
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gloss: with material), Q’\’Fﬁmﬁ([airagabaUé‘%é] gloss: not neat person), Qﬁ([aipapi] gloss:
Apati), Uit ([aivac/fZi gloss: instead of) are instances of this vowel. In Marathi only one occur-
rence having word Wﬂﬁaﬁﬁ ([kolestrma‘?sjaaiva(i\zi gloss: instead of colostrum ) which
is a English word. In Nepali, the occurrence of a vowel Tis seen in only two words, i.e. NGHIKGEY
(gloss: historical) and Qﬁ@ﬁfﬁ‘ﬂa'l'\{(aipiﬁasikapalar] gloss: on historical line). It is observed
that letter T is mostly used for borrowed words in the corpus used for this study. And there is no

occurrence of this character in Konkani literature. It also could be typing error.

Occurrence of the vowels 31 The vowel 37t (U+0912) is absent in Konkani and Hindi, and
is rarely seen in Marathi and Nepali. For example, in Marathi, ICTer ([6lokPle] gloss: rec-
ognized) is frequently used, but it is actually spelled as CICIC] [o[akhle], which appears more
frequently in the Marathi corpus used for this study (Banerjee et al., 2021). Similarly, in Nepali,
the word 3Ty ([otprot] gloss: Alarmig) has one occurrence, the same word spelled as SISEIG]
[otprot| has more instances. Thus, indicating 3Tt is not much used in Marathi and Nepali. af

vowel is typing error.

Occurrence of the vowels 31: Additionally, the independent vowel 31 (U+0972), which is ex-
clusively for Marathi!, is not used in Konkani, Hindi, and Nepali (see Table 3.2). However, its
canonical equivalence'? exists in Konkani and Hindi having the syllable'? 37 ¥, which consists
of the two characters 31 (U+0905) and <% (U+0945) appears frequently in Konkani text, with a
frequency of 1388, for example, 3ITEC [0gost]. A similar pattern is found in Hindi and Nepali
with examples like KIGSINE] [oksi&\zan], though it’s worth noting that these instances are pri-
marily nouns borrowed from English, such as Oxygen and August, etc. In Nepali, Oxygen is
written as 3TfARTSM [oksidzen] and August is written as 3FE [ogost]. Mostly character ¥ is

used to write English words in Devanagari.

Sr. Consonant Frequency

No.| Character | Unicode | Devanagari Letter | Konkani | Hindi Marathi | Nepali

1 |& U+0915 | KA 895828 | 2427072 | 1003268 | 1533406
2 |49 U+0916 | KHA 135053 | 120495 | 112142 | 176145
3 |7 U+0917 | GA 313617 | 479835 | 307540 | 536663
4 |19 U+0918 | GHA 71393 31917 62652 43662

5 |F U+0919 | NGA 156 0 11 58745
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Sr. Consonant Frequency

No. | Character | Unicode | Devanagari Letter | Konkani | Hindi Marathi | Nepali
6 |d U+091a | CA 539470 | 239982 | 603237 | 211504
7 | B U+091b | CHA 1955 42146 13840 276219
8 | o U+091c | JA 310119 | 540836 | 347488 | 364274
9 | & U+091d | JHA 13368 22767 61318 19848
10 | A U+091e | NYA 3362 15709 14821 33081
11 | ¢ U+091f | TTA 193379 | 285414 | 198747 | 291089
12 | S U+0920 | TTHA 19872 38346 121794 | 55589
13 | S U+0921 | DDA 251421 | 228967 | 153597 | 152464
14 | < U+0922 | DDHA 1848 37949 37607 28495
15 |0 U+0923 | NNA 241711 | 154361 | 527999 | 147230
16 | d U+0924 | TA 992791 | 1216018 | 1406321 | 890608
17 | & U+0925 | THA 49234 196600 | 103027 | 240310
18 | & U+0926 | DA 326974 | 616260 | 483036 | 501570
19 | 9 U+0927 | DHA 66748 257805 | 234150 | 186570
20 | A U+0928 | NA 732500 | 1436484 | 893137 | 1575336
21 |4 U+0929 | NNNA 12 0 2 15

22 |9 U+092a | PA 495009 | 882660 | 647863 | 799293
23 | % U+092b | PHA 72590 91216 43313 105543
24 | 9 U+092c | BA 192114 | 390376 | 219139 | 365391
25 | ¥ U+092d | BHA 104808 | 275698 | 150777 | 314336
26 | H U+092e | MA 463270 | 1125913 | 762372 | 1067395
27 | g U+092f | YA 843198 | 1028144 | 1290958 | 769137
28 | X U+0930 | RA 1019969 | 2568118 | 1607718 | 2021411
29 | X U+0931 | RRA 1950 0 24286 36

30 | o U+0932 | LA 828513 | 828206 | 951192 | 968434
31 | @ U+0933 | LLA 171446 | O 134542 | 74

32 | U+0934 | LLLA 66 0 12 1

33 |49 U+0935 | VA 585202 | 825117 | 826984 | 569837
34 | U+0936 | SHA 237959 | 395921 | 301402 | 234032
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Sr. Consonant Frequency

No. | Character | Unicode | Devanagari Letter | Konkani | Hindi Marathi | Nepali

35|19 U+0937 | SSA 36251 262928 | 185283 | 186098
36 | 9§ U+0938 | SA 598533 | 1393788 | 839395 | 1000627
37 | & U+0939 | HA 326585 | 861773 | 668410 | 600298

Table 3.3: Consonants and their frequency in Konkani, Hindi, Marathi and Nepali

3.5.2 Consonants

Consonants are characters that represent various consonant sounds. There are 37 consonant
characters in Devanagari'. Table 3.3 shows the consonants and their respective frequencies in
four languages. It is observed that 32 consonants are common among these languages e.g. &
[ke], & [k"0], 7 [go], & [g"], T [{so], B [is"o], T [dzo], Hdz"0], ST[po], € [to], B [("o], S [do], B
[d"a], Wno],  [to], & [t"0], & [do], & [do"], T [ne], T [pa], B [fo] /[p"a], & [ba], T [ba], | [ma],
T [jo], ¥ [ro], o [lo], T [uve], U [so], § [[o], H [so], & [ho]. And five consonant S [yo], T [no], ¥
[r0], o [|o], ® does not appear in some language corpus. For specific examples in each language,

refer to Table A.2 (refer Appendix A; Section A.2).

Occurrence of consonant & and X Konkani and Marathi has more instances of @ and X. Nepali
has rare instances, while Hindi does not have instances of same. E.g. Y occurs in Konkani word
=R [gorjo] and Marathi word SH=IT [dusrjal. It is important to note that this = ligature/syllable
can be formed using different character combinations as listed.

1. = Consonant ¥ (U+0931) with halant <z and consonant J [jo].

N

2. 3: Consonant X (U+0930) with halant <: with Zero Width Joiner (ZWJ) and consonant
g [jo].

3. =: Consonant ¥ (U+0930) with Nukta <: with halant <:_ and consonant T [jo].

N

These are the different ways the same syllable/ligature can be written. It is observed that there

exist rare instances of ligature =J formed with the characters shown in example 3.
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Occurrence of consonant & Nepali has more instances of § [1)o] (e.g.: SIS [dzonspkja)).
Marathi and Konkani have fewer instances, while Hindi does not have any instances. (refer Table

A.2, section A.2 e.g. word IS4 [vapnniftsjo] in Marathi)

Occurrence of consonant < It is also observed that Nepali has rare instances of consonant =
(for example refer Table A.2, section A.2). Marathi and Konkani also have rare instances of .
E.g. word 8 [g"eun] is observed in Marathi. However, the word B9 has occurred only two
times, it is a language-specific word, often spelled as B>, with the same meaning. Consonant

T is typing mistake in Marathi and Nepali. Hindi does not have any instances.

Occurrence of consonant & Konkani has some instances of ®. Marathi has rare instances,
while Hindi does not have any instances. In Nepali, there exists only one word for consonant &

(e.g. UT [pali]). consonant & is typing error in Konkani and Marathi.

3.5.3 Dependent Vowels and various Devanagari signs

Dependent vowels are crucial characters that represent vowel sounds, and they are usually de-
picted as diacritic marks positioned around a consonant character. These dependent vowels
indicate the precise pronunciation of vowels within a syllable!? that results in combining a con-

sonant with a vowel sound.

3.5.3.1 Dependent Vowels

There exists a total of 20 distinct dependent vowels within Devanagari as shown in Table 3.4.
It provides valuable information about these dependent vowels, including their respective fre-
quencies in Konkani, Hindi, Marathi and Nepali. Table A.3 (refer Appendix A; Section A.3)
provides an example of the same. These dependent vowels and signs on combining with Inde-
pendent vowel or Consonant forms a syllable'*. It is observed that out of 20 dependent vowels
11 are common in all four languages. And other dependent vowels occurrences are discusses

here.

Occurrence of 2 dependent vowel :; (U+0944) and il (U+094A): There are rare occurrences

14Independent vowel + Modifier:(vowel + dependent vowel or Devanagari sign (e.g. 31, @.,, 31, Q , Gﬁ, 31) or

Consonant + Modifier: (Consonant + dependent vowel or Devanagari sign (e.g. &, fa, B3
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of ©} (U+0944) and o (U+094A) in Marathi and Nepali, which are not seen in Konkani and
Hindi. For example in Marathi <3 [mrtju]] and Nepali §Rpicieb [saskrtik]. Example for vowel
31 in Marathi ST (gloss: eyes) and Nepali AT (gloss: sit down). In Konkani, there is no
instance of vowel 31 in the Gold standard corpus used for this study.

v

Occurrence of dependent vowel ::: The dependent vowel ¥ has rare occurrence in Hindi
specifically only six occurrences found in Hindi corpus. And all these occurrences are borrowed

English words an example F+ore [mene&\zmﬁt].

Occurrence of dependent vowel i3: The dependent vowel 3 has three occurrences in Konkani,
102 in Marathi and 18 in Nepali and no occurrence in Hindi. For example in Marathi t@ ([potte]
gloss: strips ) and & ([vade] gloss: dish). An example in Konkani is 4G [sorvonamatsé).
An example in Nepali is @9 ([k"otse] gloss: spent) and fME ([minet] gloss: minute). This

dependent vowel s typing error in Konkani and Marathi.

Dependent vowels not occurred in all languages: Five dependent vowels i (U+093A) and
31 (U+093B), 152 (U+094E), o (U+094F) and oF (U+0955) are not commonly found in these

four languages.

3.5.3.2 Devanagari Signs

There are six Devanagari Signs as shown in Table 3.5 namely i) Candrabindu ¥ | ii) Anusvara
7+, iii) colon 3t , iv) Nukta <, V) avagraha S, and vi) inverted candrabindu <%, Table 3.5 shows
the frequency of these 6 Devanagari signs in Konkani, Hindi, Marathi and Nepali. It is observed
that Devanagari sign/character ¥ (U+0901), " (U+0902), :: (U+0903) and &+ (U+093C) has

occurrences in all four languages.

Occurrence of sign F Devanagari sign <% (U+0900) is not occurring in any of four languages,
and the vowel § (U+093D) is exclusively present in Konkani and Nepali. Example for vowel
§ in Konkani 15T [na:ts], GNTSSS [vosa:], and in Nepali FGRIST [mop[dijo:j3], AMARISFET|
[samovedozsmi] which language specific words. This sign is common in Sanskrit mainly used

to increase the pronunciation length of the character.

Occurrence of sign S : Devanagari sign avagraha S has occurrences only in Konkani and Nepali.
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Sr. | Char- Frequency

Unicode | Vowel Sign'
No. | acter Konkani | Hindi Marathi | Nepali
1 AT U+093e | AA 2498524 | 2808069 | 3403896 | 2847444
2 | U+093f | I 440553 | 1556497 | 774496 | 1399254
30|« U+0940 | II 761700 | 1237687 | 1083002 | 530126
4 | U+0941 | U 228741 | 377078 | 330862 | 593040
5 3 U+0942 | UU 220886 | 227215 | 252669 | 217670
6 | U+0943 | VOCALICR 10737 55744 35557 54344
7 i U+0944 | VOCALIC RR 0 0 142 46
8§ |« | U+0945 | CANDRAE 33564 | 6 12620 | 295
9 |} | U+0946 | SHORTE 3 0 102 18
10 | U+0947 | E 978569 | 1958950 | 1419956 | 926419
11 | < U+0948 | Al 15846 336985 | 31520 184979
12 | o U+0949 | CANDRA O 26350 46808 19015 331
13 | i U+094a | SHORT O 0 0 28 26
14 | o U+094b | O 538865 | 937614 | 451140 | 1023844
15 | it U+094c | AU 5492 70173 17545 47366
16 U+093a | OE 0 0 0 0
17 | =t U+093b | OOE 0 0 0 0
18 | T U+094¢ | PRISHTHAMATRAE | 0 0 0 0
19 | &1 | U+094f | AW 0 0 0 0
20 | U+0955 | CANDRA LONG E 0 0 0 0

Table 3.4: Dependent Vowels Sign and their frequency in Konkani, Hindi, Marathi and Nepali

3.5.4 Additional Consonants and Vowels

Additional consonants and vowels appearing in Devanagari' are listed in Table 3.6. It is observed

that these characters do not appear to be utilized much in Konkani, Hindi, Marathi and Nepali.

Occurrence of Additional Consonants &, 7, 3, S, G, and %: The consonant & has only one

instance in the Marathi corpus used for this study. For example, 312%1eh ([ofofak] gloss: pity), it’s

often spelled as 312MHId [ofofak] and occurs more frequently in the Marathi corpus. Similarly,
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Devanagari Signs Frequency

Character | Unicode | Devanagari Sign Konkani | Hindi Marathi | Nepali

3 U+0901 | CANDRABINDU 6191 9 4941 119074
U+0902 | ANUSVARA 1100133 | 1366490 | 687798 | 143382
U+0903 | VISARGA 740 2904 3491 8299
U+093c | NUKTA 410 101383 | 634 506

S U+093d | AVAGRAHA 767 0 0 199

5 U+0900 | INVERTED CANDRABINDU | 0 0 0 0

Table 3.5: Devanagari signs and their frequency in Konkani, Hindi, Marathi and Nepali

the consonant T appears in the word TSRS AT ( [gadakaridAzftﬁsya] gloss: Gadkari’s (noun)),
and no other spelling besides this exists in the Marathi corpus used for the study. The consonant
W is found in the word TR ([fiodzar] gloss: thousand), which is also written as 89IR [fodzar],
and this variant is more common in the Marathi corpus used for this study. There are only a
few words in Marathi that contain the consonant S, such as \_rﬁ@"_-ﬂﬁlm'[ ([c?zoc{aniviqa] gloss:
without connection) and 3N3S [oud], TSRS [datiz] (gloss: Oud(place), fighter). Regarding the
consonant ¢ in Marathi, appears in words like '\ﬂé‘dﬂ'cb_{ﬂl ITfefhfarTer , and % appeared in words

like fohfetd=g ( gloss: Philippines) exist. In some cases, this word is written as fhefifu—.

Occurrence of Additional Consonant J: The character T (U+0959), which has occurrence in
Konkani e.g. GHTJﬁ 3Mctl. In Konkani these words are often written as 3Tl [ajolé], Bl
[ajoli] . Hence in Konkani it is typing error. There are few words in Marathi with consonant I an

example T (gloss: by the students), which is mostly written as fa&meai=l [vidjarotjani].

Occurrence of Additional Consonant >k: The additional consonant 3k (U+0960) used in Marathi
for example in word _m'_q:‘:[%?}f ([rutumod"je] gloss: in season). In Nepali it has occurrences in

words like Y- $TUge, FIIGRI, IS, PURITR, BIHK

Occurrence of Additional Consonants through its canonical equivalence form (Consonant
+ Nukta e.g. © (U+0922)+ 3 (U+093C)): Table 3.5 showed the large number of instances
of Nukta in Hindi, which exhibited further analysis. This revealed the existence of character @
which is combination of © (U+0922)+ < (U+093C), which is canonical equivalence to character

@ (U+095D). Other examples of the same in the Hindi corpus are S, S, ST. Thus, although
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additional characters do not exist in Hindi, its canonical equivalence syllable occurrences have
been seen. For example word S [tdgodi] S has Canonical Equivalence. It is important to

note that many of rarely occurring characters in Marathi and Konkani are typing errors.

Additional consonant and vowel sign Frequency
Character | Unicode | Devanagari Letter | Konkani | Hindi | Marathi | Nepali
Additional Consonant

g U+0958 | QA 0 0 1 0
9 U+0959 | KHHA 0 0 0 0

T U+095a | GHHA 0 0 1 0
i U+095b | ZA 0 0 1 0

) U+095¢ | DDDHA 0 0 3 0

[} U+095d | RHA 0 0 1 0
kil U+095e | FA 0 0 6 0

2] U+095f | YYA 232 0 3 0
Additional vowels for Sanskrit

Ed U+0960 | VOCALIC RR 0 0 24 112
] U+0961 | VOCALIC LL 0 0 0 1
i U+0962 | VOCALIC L 0 0 0 0
Q U+0963 | VOCALIC LL 0 0 0 0

Table 3.6: Additional Consonants & Vowels for Sanskrit and their frequency in Konkani, Hindi,
Marathi and Nepali.

3.5.5 Punctuation marks and others

Table 3.7 shows that Danda | (U+0964) has been widely used in Hindi and Nepali and rare occur-
rence seen in Konkani and Marathi. Additionally the Vedic tone , Accent marks and additional
Devanagari characters are not used in Konkani, Hindi, Marathi and Nepali. The 35 characters is
used by all these languages, at present there is no instances of this character in the corpus used

for this study.
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Sr. Generic punctuation Frequency

No. | Character | Unicode | Devanagari Letter | Konkani | Hindi Marathi | Nepali

1 I U+0964 | DANDA 567 286633 | 175 347857
2 I U+0965 | DOUBLE DANDA | 0 0 0 393
3 35 U+0950 | OM 15 0 0 380

Table 3.7: Generic punctuation and their frequency in Konkani, Hindi, Marathi and Nepali

3.5.6 Viram/Halant

The halant is a diacritic mark used in several Indian scripts, including Devanagari, to suppress
the inherent vowel sound of a consonant. In the context of the Devanagari script, the halant
is also known as the virama. It looks like a horizontal line, and when placed after a consonant
character, it indicates that the consonant should be pronounced without its inherent vowel sound.
The Devanagari consonant & (ka) with the inherent vowel a sounds like ka. When you add the
halant to it, you get @ (k), which is pronounced as k without the a sound. The halant is a
crucial diacritic mark in Devanagari and other Indian scripts, as it plays a significant role in
representing the precise pronunciation of words and forming complex consonant clusters
[llo] , @@ [lvho] , SC [dto] in Indian languages. Table 3.8 shows the frequency of viram/halant
appearing in each language. This indicates that many cluster of consonant (ligatures) appear
in each of the languages. The different form of ligatures it can form are conjunct consonant'>
3 (e.g. ™M), Multi-Consonant Conjuncts® (e.g. &8) , Preventing Conjunct Forms® (e.g. <),
Dead Consonants? (e.g. ®). These ligatures can combine with dependent vowels and Devanagari

signs forming syllable (ligature-vowels-signs-diacritic) (e.g. &T [hja] , <& [vho], &I [11i])'3.

Devanagari Sign Frequency

Character | Unicode | Devanagari Sign | Konkani | Hindi Marathi | Nepali

U+094d | VIRAMA 1128012 | 2123026 | 2112285 | 2328783

Table 3.8: Viram sign and its frequency in Konkani, Hindi, Marathi and Nepali
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3.6 Devanagari syllables (ligature-vowels-signs-diacritic) and

their frequency

These ligatures can combine with dependent vowels and Devanagari sign that forms syllable!?.
Some of the examples, along with their frequency in Konkani, Hindi, Marathi, and Nepali, are
seen in Table 3.9 (For more examples, refer to Table A.4 (see Appendix A; Section A.4)). It
is observed that differences do exist in each of the languages. However these syllable consist
of consonant conjunct § [llo] appearing in form of ®I [Ili], & as well as T3 [llja] and in
more consonant cluster form. Thus it was important to study the frequency of ligatures (only

consonant cluster).

Syllable (ligature-vowels- Frequency
>t No- signs-diacritic) Konkani | Hindi | Marathi | Nepali

1 <8 10718 4 3505 0

2 | 4f 5601 0 0 0

3| sf 199 0 14 0

4 | 3232 1 4 0

5 &l 119 214 | 846 683

6 g 1511 833 851 1463
7 = 1589 232 | 7125 1125
8 | ocdl 884 0 109 0

Table 3.9: Example of syllables (ligatures-vowels-signs-diacritic) and their frequency in

Konkani, Hindi, Marathi and Nepali

3.7 Devanagari ligatures and their frequency

Table 3.10 shows the frequency of someligatures occurring in Konkani, Hindi, Marathi, and
Nepali. For more examples, refer to Table A.5 (refer Appendix A; Section A.5). It is observed

that there exist differences between each of the languages.
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Frequency
Sr. No. | Ligatures
Konkani | Hindi | Marathi | Nepali
1 o 14786 0 6238 1
2 0008 5132 0 6 3
3 0000 868 0 0 0
4 Q0 254 0 851 9
5 U 187 0 0 0
6 (o) 164 0 206 45
7 N2 30 0 7 1
8 = 121 0 69 0

Table 3.10: Some example of ligatures whose occurrence is zero in one of the languages

3.8 Observation and Discussion

Binary Jaccard similarity score is used to measure the similarities and differences of Characters,
syllables and ligatures among the Konkani, Hindi, Marathi and Nepali. A Binary Jaccard simi-
larity score is used to calculate the similarities.

Evaluation metric The following is equation to calculate binary Jaccard score:
Jaccard(U,V) = v

Where U is a binary vector where each element corresponds to a Devanagari character. The
value is set to 1 if the character exists in the first language, and O if it does not. V is a binary vec-
tor similar to U, representing the second language. Each element in V is 1 if the corresponding
Devanagari character exists in the second language, and O if it does not. The Jaccard Similar-
ity was computed for Independent vowels, Consonants, Dependent vowels, Devanagari signs,
syllables (ligature-vowels-signs-diacritic) and ligatures among the languages: Konkani, Hindi,
Marathi, and Nepali, as detailed in Table 3.11. The results indicate that the highest binary simi-
larity score for Independent vowels between Konkani and Nepali is 0.93, and between Marathi
and Nepali is 0.94. Further, the binary Jaccard similarity score for consonants among Konkani,

Marathi, and Nepali is 1.0 (Table 3.11).
Further binary similarity scores for syllables (ligature-vowels-signs-diacritic) range from 0.27
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Devanagari Character set, Konkani Hindi Marathi
# syllables and ligatures Hindi | Marathi | Nepali || Marathi | Nepali | Nepali
Independent Vowels 0.85 0.87 0.93 0.75 0.80 0.94
Consonants 0.86 1.0 1.0 0.86 0.86 1.0
Dependent Vowels 0.92 0.86 0.86 0.80 0.80 1.0
Devanagari signs 0.80 0.80 1.0 1.0 0.80 0.80
D | Syllables (ligatures and | 0.34 0.40 0.27 0.39 0.30 0.29
ligature-vowels-signs-diacritic)
E | Ligatures 0.34 0.36 0.27 0.37 0.25 0.24
Overall (includes A,B,C and D) 0.35 0.41 0.28 0.40 0.31 0.30

Table 3.11: Binary Jaccard Similarity score for Devanagari characters, syllables and ligatures

between each of the languages: Konkani, Hindi, Marathi and Nepali

to 0.40. The highest binary similarity score is observed between Konkani and Marathi, which
is 0.40. However, this shows that differences exist between these languages. Additionally, the
binary similarity score is calculated for ligatures, which shows a score close to that of sylla-
bles (ligature-vowels-signs-diacritic). This indicated that the ligatures vary for among these
languages. The overall binary Jaccard Similarity among Konkani, Hindi, Marathi, and Nepali
is presented in Table 3.11, which includes the categories A, B, C, and D (refer Table 3.11). It
is observed that Konkani has a higher similarity with Marathi, attaining a binary Jaccard score
of 0.41. Hindi is more similar to Marathi, with a binary Jaccard score of 0.40. Nepali is more
similar to Hindi, with a score of 0.31. However, these overall scores indicate that differences

exist between these languages.

3.9 Conclusion

This study highlights the similarities and differences between Konkani, Hindi, Marathi, and
Nepali. The highest binary Jaccard similarity score of 0.41 for overall characters set and syllables
(ligatures with dependent vowels and sign) in Konkani and Marathi. Hindi resembles Marathi
more closely with a binary Jaccard score of 0.40. Moreover, Marathi showcases a higher sim-

ilarity to Konkani, with a score of 0.41, while Nepali displays a closer resemblance to Hindi,
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with a score of 0.31. However, it is crucial to note that dissimilarities, as suggested by the binary

Jaccard similarity score, signify that each language possesses unique syllables and ligatures.
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Chapter 4

Datasets Created for OCR Performance

study

4.1 Background and Motivation

Understanding the character usage varies for each of the language and its appearance differs for
different fonts. Devanagari OCRs are available specific to language (refer Chapter 2; Section
2.2). The available Hindi OCR test dataset (Mathew et al., 2016) is in single fonts. To test the
performance of OCR for different fonts, it is essential to create the same dataset in different
fonts. Further, no dataset was available for Konkani, Marathi, and Nepali for OCR and OCR

post-processing. Thus, creating a datasets to conduct this research was essential.

This chapter discusses the dataset created for OCR and OCR post-processing for Hindi, Konkani,
Marathi, and Nepali. It is organized as follows; Section 4.2 discusses the proposed manual pro-
cedure to create the OCR dataset for different fonts. Section 4.3 has six parts; Section 4.3.1
describes the proposed text2img-doc procedure to create an OCR dataset for any given text
specifying the fonts and font size. Section 4.3.2 describes post-OCR-align procedure to cre-
ate OCR post-processing dataset. Section 4.3.3 details the OCR post-processing dataset created
for Hindi. Section 4.3.4, details the characteristics of data and dataset created to study the OCR
performance for Konkani. Section 4.3.5 provides details of dataset created for Konkani having
ten fonts. Section 4.3.6 discusses two datasets; first, it provides details of the dataset created to
evaluate OCR for four languages. The second dataset was created to train and test OCR post-
processing approaches for four languages: Konkani, Hindi, Marathi, and Nepali, as discussed.

Finally section 4.4 concludes the chapter.
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a) (I U3 U DI fo13191 el ST I Wolla
b) (FF TR Udh AT oMaH A8l AT BHIER

Figure 4.1: A sample text in a different font style a)Aparajita and b) Nakula.

4.2 Using Manual Procedure

A manual procedure has been proposed and used to create OCR dataset for Aparajita and Nakula
font. Figure 4.1 shows the text sample in Aparajita and Nakula fonts. The Aparajita and Nakula
fonts were selected because they have distinct properties, and text with similar fonts appears
in newspapers and books (see Chapter 1; Figure 1.7). . Here is the procedure to create OCR

dataset:

1. N number of text files and name of the font font-name are taken as input.

2. Each text is placed in Word document file word-doc-file. Verifies whether each text file

fits on each page.
3. Further Specific font-name font is applied for the Word document file word-doc-file.

4. Further, word-doc-file was printed on 75 GSM A4 and scanned at 300 dpi using the Konica
Minolta Scanner to create images. Note: This 75 GSM A4 paper is selected because it
is commonly used for printing, and 300 dpi is chosen since OCR accuracy is typically

demonstrated on images with 300 dpi resolution.

5. The output is N number of image files in png format

4.2.1 Hindi datasets for Aparajita and Nakula fonts.

4.2.1.1 Characteristics of data

Hindi OCR test dataset (Mathew et al., 2016) consists of 100 image files and 100 corresponding
text files in single font. The characteristics of this data (Mathew et al., 2016) is outlined in
Table 4.1. It shows the distribution of words based on the type of character present in the word.
There are a total of eight types of categories of words in the dataset. Basically, the complexity of

characters affect the accuracy of OCR. Basically, the complexity of characters affect the accuracy
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Category || No of words in Hindi data

Without modifiers || 9930
Matras || 7849

Eekar || 4723

Ookars || 1340

Conjunct consonant || 1083
Anusvara || 248
Candra || 298

Words with multiple modifiers || 5868

Total || 31339

Table 4.1: Characteristics of available Hindi data to test OCR

of OCR. These categories were created to ensure the dataset comprehensively includes all types
of Devanagari characters used in the languages selected for this study. The description to each

of the categorizes is as follows:

(i) Without modifier: Words with Devanagari numerals or vowels or consonants with no mod-

ifiers. e.g. 7 ([mon)), eddT ([holtsl)), 2023.
(i) Matra:, Words with Matra' e.g. R ([vairs]).
(iii) Eekar: Words with modifier Eekar? e.g. =4 ([sip)).
(iv) Ookar:Words with modifier Ookar® e.g. 319 d ([onub®ov]).
(v) Conjunct consonant: words, which have Conjunct consonant* e.g. Ued ([pollov).
(vi) Anusvara: Words having Anusvara’ e.g. 99 ([pap)).

(vii) Candra: Words with Candra © e.g. EIH ([‘@égl]).

Matra is a Dependent vowel sign. 3} ([e]), = ([ai]), <37 ([o]), and 3T ([au]) in Devanagari (Consortium, 2022)
ZEekar is a Dependent vowel sign. 2 ([i]) and oY ([e:]) in Devanagari (Consortium, 2022)

30okar is a Dependent vowel sign. ¢ ([u]) and < ([uz]) in Devanagari (Consortium, 2022)

4Conjunct consonant have more than two consonant letters (Shapiro, 1989)

>Devanagari sign £+ (nasal sound) (Consortium, 2022)

®Devanagari sign ¥ and letter ”Candra A”.(Consortium, 2022)
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(viii) Words with multiple modifiers: Words which have more than one modifier Ookar or Anus-

vara or Eekar and does not belong to any of the other categories e.g. HUIT ([monika)),

ORI (nitara).

The following two datasets were created:

4.2.1.2 BM_Aparajita and BM_Nakula

The standard Hindi OCR test dataset having 100 original text files (Mathew et al., 2016) (Table
4.1 shows its characteristics i.e. number of words in each category) and Aparjita font were input
to the procedure described in section 4.2, to create OCR dataset having text in Aparajita font.
This dataset was named as BM_Aparajita. Same procedure is repeated for Nakula font to create

OCR dataset in Nakula named as BM_Nakula dataset.

4.3 Using text2img-doc and post-OCR-align procedure

Two automated procedure are proposed; (a) text2img-doc procedure to create an OCR dataset

(b) post-OCR-align procedure to create dataset for OCR post-processing.

4.3.1 Procedure text2img-doc for OCR.

The procedure to convert text to image documents is as follows, named as text2img-doc. Here,
the inputs are text files, the font name, and the font size. The output is image files and corre-

sponding text files.

1. The text in multiple text files was merged into a single file called merged_text file.

2. This merged_text file was split into N_text files, with each file containing 22 lines, so that

text would fit on an A4 size paper.

3. Further, these N_text files were converted to create N_Img files in ”.png” format with

<name of the font> (e.g. Nakula font) with a <font-size> and 150 DPI for "X” and ”Y”
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resolution 7 8,

4.3.2 Procedure post-OCR-align for OCR post processing

The following is the procedure to create a post-processing dataset named post-OCR-align. Here

the input is ground truth N_rext and N_Img files and output is N_Aligned_Text files.

1. The ground truth text files N_Img files were given as input for Tesseract OCR (Hindi).
The output of the OCR process was a collection of corresponding OCR-recognized text

files, which is referred to as N_OCR files.

2. In order to assign a label (0 for correct, 1 for incorrect) to each OCR recognized word,
the original N_text and N_OCR files were aligned using Recursive Text Alignment system

(RETAS) (Gupte et al., 2021).

3. Output is N_Aligned_Text files. The aligned text files were formatted as per the structure
provided in a dataset of the ICDAR Competition on Post-OCR Text Correction (Rigaud
etal.,2019). This structure specifies that the file should contain three parts (a) [OCR_toInput],
which is raw OCRed text to be de-noised, (b) [OCR_aligned] which has Aligned OCRed
text and (c) [ GS_aligned], which has aligned Original text. The GS_aligned and OCR_aligned

text have the same length. The missing characters are defined by ”@” sign.

4.3.3 Hindi datasets for OCR post-processing.

4.3.3.1 Characteristics of data

There is no Hindi test dataset available to test error correction approaches. Thus two dataset are
created one with standard Hindi data (Mathew et al., 2016) and other with part of Hindi data

(Shivam, 2022) (refer Table 4.2 for properties of data).

"https://linux.die.net/man/1/paps
8nhttps://manpages.debian.org/testing/poppler-utils/pdftoppm.1.en.html
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Frequency of words in test dataset
Word category
Hin_test_dataset Hindi-lIITH-dataset
Without modifiers || 5274 9930
Matras || 7140 7849
Eekar || 4872 4723
Ookars || 792 1340
Conjunct consonant || 1869 1083
Anusvara || 571 248
Candra || 65 298
Words with multiple modifiers || 9301 5868
Total || 29884 31339

Table 4.2: Characteristics of data used for Hin_test_dataset and Hindi-1IITH-dataset to test error

correction approach

4.3.3.2 Hindi-lIITH-dataset and Hin_test dataset

Hindi text data from standard OCR test dataset (Mathew et al., 2016), Nakula font and 12pt
font size were input to fext2img-doc procedure (refer section 4.3.1) thus it created N_Img and
N_text files. Further these files are given input to procedure post-OCR-align and the output is
N_Aligned_Text files. Thus, the Hindi-IIITH-dataset was created to test the error correction

approach.

The part of Hindi data (Shivam, 2022) was taken and verified the properties of data (number of
words category-wise) with the text of standard OCR dataset (Mathew et al., 2016), as shown in

Table 4.2. The same procedure was repeated for this text, creating Hin_test_dataset.

4.3.4 Konkani datasets for OCR and OCR post-processing

There is no OCR test dataset and OCR post-processing test dataset available for the Konkani.
Thus, to create the Konkani test dataset, the gold standard Konkani raw corpus from Linguistic
Data Consortium for Indian Languages (LDC-IL) (Ramamoorthy et al., 2019) was used to create

dataset. It consists of 3619017 words.
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4.3.4.1 Characteristics of data

Total words

Unique words

Categories
Frequency | Percentage | Frequency | Percentage
Simple syllable (akshara) 614514 16.98% 34670 8.62%
Matra 493604 13.64% 38892 9.67%
Eekar 407980 11.27% 28346 7.05%
Ookar 152945 4.23% 12000 2.98%
Conjunct consonant 291381 8.05% 21100 5.25%
Anusvara 190984 5.28% 12567 3.13%
Candra 14339 0.40% 1884 0.47%
Words with multiple modifiers 1453270 40.16% 252580 62.82%
Total 3619017 100% 402039 100%

Table 4.3: Properties of gold standard Konkani raw text corpus from LDC-IL

Anusvara
Candra

Figure 4.2: Category-wise distribution of total words (3619017 words) in gold standard Konkani

LDC-IL corpus

The properties of LDC-IL Data (3619017 words) is shown in Figure 4.2. The words were clas-
sified into eight categories as mention in section 4.2.1.1. The following are the examples in
categories of the words in the corpus used to create the dataset. These categories are not stan-

dard but were created specifically for this study to capture all types of characters in the selected

Matra

Words with multiple modifiers
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St | Simple syllable (akshara) Matra Eekar Ookar

No | Word Freq. | Word Freq. | Word Freq. | Word Freq.
1 | 9T (no) 20626 | @ (he) 15875 | 3T (and) 65526 | JUT (but) 16906
2 | 39T (is there) 20326 | O (they) 14743 | WIAR (because) 13165 | @ (finished) 9847
3 | Ud (one) 18078 | B (this) 13853 | & (this) 10036 | <[ (touched) 6764
4 | TTehT (him) 13575 | & (this) 10230 | ot (she) 9723 | g9 (many) 4535
5 | S (need) 9819 | BT (near) 8630 | 31t (we) 7576 | §UNR (front) 4478
6 | <N (then) 6284 | T (two) 5616 | TRI (but) 6435 | g (start) 2926
7 | 9@ (or) 5830 | ©1a (taken) 5491 | 312ft (like this) 4802 | QR (full) 2506
8 | TS (more) 5460 | DR (time) 4556 | AWIR (later) 4023 | JopT (you) 2478
9 | U (once) 5440 | 3R (like this) 4320 | < (day) 3621 | 3TYUT (self) 2453
10 | YRR (out) 5147 | A (with) 3936 | T (her) 3196 | 9T (go) 2088
Sr Conjunct consonant Anusvara Candra Words with multiple

modifiers

No | Word Freq. | Word Freq. | Word Freq. | Word Freq.
1 | & (this) 21474 | 84 (me) 9628 | H4 (match) 2490 | 379 (like this) 18646
2 | IR (can) 12378 | BT (what) 8236 | ST (Dr.) 1473 | B (this) 13745
3 | ¥&IPT (myself) 9529 | 3TTdT (now) 6643 | 1T (ball) 696 | d (that) 12359
4 | I (those) 8889 | SURKT (afterwards) 6419 | §eR (bowler) 644 | fopci (what) 7466
5 | MU (your) 5792 | Qi (them) 5936 | H (man) 232 | TgUT (say) 6248
6 | =& (river) 4806 | 9T (there) 4173 | 9 (catch) 199 | qoft (those) 6130
7 | VIR (said) 3619 | 3HDI (us) 3893 | S (Jhon) 182 | T (at that time) 6042
8 | TR (his) 3418 | BT (here) 3048 | df (bow) 173 | Q7 (he) 5621
9 | T3l (my) 3158 | SIAd (happen) 2717 | €F (don) 159 | orfld (near) 4960
10 | 3T (our) 2972 | OTS (group) 2400 | 29 (toss) 131 | 9Tl (said) 4893

Table 4.4: Category wise top 10 frequent word appearing in Konkani_OCR_large_test_dataset

languages, as OCR accuracy is influenced by the complexity of the Devanagari script i.e the way

it is written.

(i) Simple syllable (akshara): This category consists of words without any dependent vowels,
Devanagari signs and halant. Like words with Devanagari numerals or vowels or conso-
nants without 3 ([o]) or 3T ([a]) modifiers. e.g. TeT ([na:l] "coconut’), &I ([fa:t] *hand’),
2023.

(ii) Matra: e.g. JBR ([velar] *on that time’), IR ([mor]/[mor] ’peacock/peacocks’).
(iii) Eekar: e.g. Stfad ([dzirvit] "alive’), T STe ([godza:li] ’casual conversation’).
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Sr.No | Bigram of words | Frequency
1 qTT AT 1828
2 31T 319l 1379
3 aref aoft 1029
4 AT &R 1019
5 T 372 1016
6 RICEIN 997
7 T STedR 964
8 d @R 948
9 TRST 37T 891
10 Th S 766

Table 4.5: Top 10 bigrams of the words and its frequency from Konkani corpus LD-CIL (Ra-
mamoorthy et al., 2019)

(iv) Ookar: e.g. T ([gulab] "rose’), el ([fu:l] *flower’).
(v) Conjunct consonant: e.g. &1 ([hja:] ’this’), ¥&IdhT ([mha:ka] *for me’).

(vi) Anusvara: Words having only Anusvara’ e.g. HEl ([Rav] "me’), SEPN[Y ([uperat] ’after-

words’).

(vii) Candra: Words with only candra'® modifier. This category has the lowest percentage
of words in the corpus. This modifier is not used for native Konkani words but mainly
in words borrowed from foreign languages such as English. e.g. et ([bol] *ball’), dTeR
([bolor] "bowler’).

(viii) Words with multiple modifiers: e.g. T ([svetedz] ’with self brightness’).

Table 4.3 shows the frequency and percentage of total and unique words in the entire corpus.
Figure 4.2 presents category-wise distribution of words across different categories. Table 4.4
displays category-wise category’s ten most frequent words. Table 4.5 shows the top 10 bigrams

of words and its frequency in the Konkani corpus from LD-CIL (Ramamoorthy et al., 2019).

9Devanagari sign b (nasal sound) (Consortium, 2022)

19Devanagari sign < and letter ”candra” (Consortium, 2022)
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Sr.No | Bigram of syllables | Frequency
1 DX 41679
2 3 H 25565
3 MY 23817
4 My 22739
5 ERSI 22536
6 q+ 20599
7 e 19895
8 Rdr 18363
9 9y 17042
10 RUT 16644

Table 4.6: Top 10 bigrams of the syllables and its frequency from Konkani corpus LD-CIL

(Ramamoorthy et al., 2019)

And top 10 bigrams of syllables along with its frequency in Konkani corpus from LD-CIL (Ra-
mamoorthy et al., 2019) are shown in Table 4.5. The following are the three datasets created for

the Konkani language.

4.3.4.2 Konkani_OCR_large_test_dataset

The LDC-IL text having 3619017 words, Nakula font, and 12pt font size were given as input to
text2img-doc procedure and created image files and corresponding text files. This was named as

Konkani_OCR_large_test_dataset.

4.3.4.3 Konkani_OCR _subset_test dataset

The subset of LDC-IL text having 27067 words and whose properties were verified with data
standard Hindi OCR test dataset (Mathew et al., 2016). This text, Nakula font and 12pt font
size were input to fext2img-doc procedure and output generated OCR test dataset for Konkani

(named as Konkani_OCR_subset_test_dataset).
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4.3.4.4 Konkani_ EC test dataset

The text and image files from Konkani_OCR_subset_test_dataset was input to procedure post-
OCR-align and output was N_Aligned_Text files, thus creating test dataset to evaluated OCR

post-processing approaches, which is named as Konkani_EC_test_dataset.

4.3.5 Konkani dataset for Multi-font to test OCR (Konkani_test_dataset)

Sr. No. Font name || Sample text
1 Amiko || & W1 ERIDIT aTferst
2 Lohit Devanagari g4 Tl W EISE|
3 Biryani &l 1@ JRIIT ElIEES
4 Nakula || TS T GEadia aife
5 Cambay || &9 TT GEEHTA aTfeeet
6 Eczar || &9 UH1 Q& alivied,
7 Gargi || B9 T RIPI difereet
8 Asar HERES EESEK ClEIGul
9 Baloo || &8 GBI YAhid anferee,
10 Aparajita &1d uepl Yepid qiferect

Table 4.7: Konkani text in ten fonts

There is no multi-font to test OCR dataset for Konkani. Hence, the Konkani OCR test dataset
consisting of 10 fonts: Amiko, Lohit Devanagari, Biryani, Nakula, Cambay, Eczar, Gargi, Asar,

Baloo, and Aparajita, was created. The following procedure was used:

* The text files from Konkani_OCR_subset_test_dataset , Ambiko font and 12pt font size

was given input to text2img-doc procedure creating images in Ambiko fonts.

* Above step was repeated for the other nine fonts, namely Lohit Devanagari, Biryani,

Nakula, Cambay, Eczar, Gargi, Asar, Baloo, and Aparajita.

The dataset created was named as Konkani_test_dataset. Table 4.7 shows the sample Konkani

text in 10 fonts.
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4.3.6 Indic datasets for OCR and OCR post-processing

4.3.6.1 Indic-OCR-test-dataset

In order to test the OCR approach for more than one language written in Devanagari script, there
was a need to create a dataset consisting of four languages, Konkani, Hindi, Marathi, and Nepali,
with a general text corpus. Thus the general corpus was taken from Indian Languages Corpora
Initiative (ILCI) corpus. The properties of data and source for each language are mentioned in

Table 4.8. The dataset was named as Indic-OCR-test-dataset.

Number of words in language data
Word category
Konkani Hindi Marathi Nepali
Without modifiers || 5128 9930 5357 4831
Matras || 4486 7849 4974 5260
Eekar || 3753 4723 3548 3926
Ookars || 1511 1340 1037 1009
Conjunct consonant || 2454 1083 2840 2454
Anusvara || 2108 248 557 22
Candra || 32 298 21 408
Words_with_Multiple_Modifiers || 13019 5868 12345 12441
Total || 32491 31339 30679 30351

Table 4.8: Characteristics of data used to create Indic-OCR-test-dataset

Konkani text ie. Konkani Monolingual Text Corpus ILCI-II (TDIL, 2019b) , Nakula font and
12pt font-size were input to text2img-doc procedure, thus creating OCR dataset for Konkani
named as Konkani-Indic-OCR-test-dataset.. The same was repeated for Marathi and Nepali
where Marathi Text Corpus ILCI-II (TDIL, 2019a) and Nepali Text Corpus TDIL (TDIL, 2019¢)
was the input along with Nakula font and 12pt font size, thus creating OCR test dataset for
Marathi and Nepali named as Marathi-Indic-OCR-test-dataset and Nepali-Indic-OCR-test-dataset

respectively.

To create the Hindi dataset, the 100 text files from IIITH dataset (Mathew et al., 2016) were

used, and the above procedure was repeated, which created the Hindi-Indic-OCR-test-dataset
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dataset consisting of 100 text files and 100 image files. The intention behind creating the Hindi
test dataset was to have a uniform procedure and standard text to evaluate OCR accuracy for
each of the other languages. Thus Indic-OCR-test-dataset consists of four OCR datasets for

each language.

4.3.6.2 Indic-post-OCR-dataset

There is no dataset available to create an error detection model supporting four languages Konkani,
Hindi, Marathi and Nepali. Hence to create a dataset for all four languages, data for each lan-
guage was gathered from different sources, as mentioned in Table 4.9. Further, the procedure
text2img-doc and post-OCR-align was used to create N_Aligned_Text files. This dataset was
named as Indic-post-OCR-dataset. This was used as train and test dataset for the error detection

approach. Table 4.10 shows a sample text from one of the files in the Indic-post-OCR-dataset.*

Language | Number of words | Source of data

Hindi | 248901 Word Frequency for Hindi IIT Bombay (cfilt.iitb,
2023) and IIT-H (Mathew et al., 2016)

Konkani | 178366 Konkani Monolingual Text Corpus ILCI-II (TDIL,
2019b) and part of Konkani LDC-IL (Ramamoorthy
etal., 2019)

Marathi | 265269 Marathi General Corpus (TDIL, 2019a) and English
Marathi corpus (Singh, 2020)

Nepali | 296908 Nepali General Text Corpus TDIL (TDIL, 2019¢) and
Nepali News data (Shahi and Pant, 2018)

Table 4.9: Data used for creating Indic-post-OCR-dataset

[OCR_tolnput] Tl ERT A balT a1 SUTefiar fRadmel.,
[OCR _aligned] ITcrT ERT A& ol dhell Iurefi@ @ f=aaaa.
[ GS_aligned] JTcraY &RT Ja= el et Surefier e,

Table 4.10: Sample text in one of the file in the Indic-post-OCR-dataset
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4.4 Conclusion

In this chapter three procedure are proposed to create datasets to study OCR performance.
These procedures are used to create dataset for Hindi, Konkani, Marathi and Nepali language
to study the performance of OCR and post processing approaches. This work lead to creation
of datasets BM_Aparajita, BM_Nakula, Hindi_test_dataset and Hindi-1IITH-dataset for Hindi to
study OCR performance. Additionally created dataset for Konkani Konkani_OCR_large_test_dataset,
Konkani_OCR_subset_test_dataset, Konkani_EC_dataset and Konkani_test_dataset (support-
ing ten fonts) to study OCR performance. Moreover, created dataset supporting four Konkani,
Hindi, Marathi and Nepali languages; Indic-OCR-test-dataset, Indic-post-OCR-dataset. More-
over multi-font datasets are created for Hindi and Konkani. These procedure can be utilized to

create dataset for any languages.
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Algorithms Proposed and Implemented for

OCR Error Correction

5.1 Background and Motivation

Currently these are OCR options are available for Hindi; Tesseract OCR, Indsenz OCR, e-
Aksharayan and Multilingual OCR (showed 91.60% word accuracy on Hindi dataset for single
font.) (refer Chapter 2; Section 2.2). OCR error correction approaches have been explored
for Indian languages to improve the OCR accuracy. These include morphological analyzer(for
Bangla 82.44%), shape-based method (for Gurmukhi CA 97.34%), Locality Sensitive Hashing
(LSH) (WA 79.12%), Graph-based sub-character level (Malayalam WA 95%), statistical lan-
guage models (SLM) and clustering words in documents. Deep learning techniques such as
LSTM for Hindi, Malayalam, Sanskrit, and Kannada, sub-Word embedding (Hindi, Sanskrit,
Kannada, and Malayalam), and Word Embedding and Levenshtein Distance for Hindi has also
been reported (refer Chapter 2; Section 2.3.2). Hence there is scope for improving Devanagari

OCR accuracy.

OCR for Hindi is available (refer Chapter 2; Section 2.2) and tested for the single font (Mathew
etal., 2016). Presently, through this work, OCR Hindi datasets for the multi-font are created (i.e.
BM_Aparajita and BM_Nakula) (refer Chapter 4; Section 4.2.1.2). There is no study showing the
performance of OCR for multi-font datasets. Moreover, no Multi-font OCR has been reported
for Hindi. Additionally, through this work, datasets for Konkani are created (refer Chapter 4;
Section 4.3.4). Currently, an OCR solution specific to Konkani is not available, whereas they

are available for Hindi and Nepali. Additionally, various error correction approaches have been
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explored for Hindi. However, no error correction work has been reported handling errors for
different fonts. Furthermore, these existing error correction approaches do not provide context-

based suggestions for incorrect words.

This work aims to use the existing OCRs for Hindi and provide a solution for multi-font OCR
through an error correction approach. Additionally, it aims to provide an OCR solution for
Konkani using the existing Hindi OCR and the error correction approach. This chapter discusses
in detailed the three proposed and implemented error correction approaches. Here, initial stage

error detection is performed using a dictionary.

This chapter is organized as follows: Section 5.2 provides evaluation metrics used for the pro-
posed three error correction algorithms. Section 5.3 details the performance of existing OCR’s
for different fonts. The three proposed error correction approaches; Section 5.4 gives details
of proposed Weighted Syllable-based Spell Correction (WSSC). Section 5.5 discusses the pro-
posed approach of OCR error correction using MLM-BERT. Section 5.6 explores the utilization
of Hindi OCR on Konkani documents and discusses the proposed MB-NSC hybrid OCR error
correction approach using MLM-BERT and Norvig Spell Corrector.

5.2 Evaluation Metrics

The ISRI analytic tool was used to calculate the word accuracy during the evaluation process

(Rice and Nartker, 2022). The following evaluation metrics are used:

i Word Accuracy (WA): Word accuracy is the percentage of the words recognized correctly

from the total words in the ground truth dataset.

ii Word Error Rate (WER): WER is the percentage of words incorrectly recognized from

the total words in the ground truth dataset. It is also equal to 100 minus word accuracy.

iii Character Accuracy (CA): Character accuracy is the percentage of the character recog-

nized correctly from the total words in the ground truth dataset.

iv Character Error Rate (CER): CER is the percentage of characters incorrectly recognized
from the total characters in the ground truth dataset. It is also equal to 100 minus character

accuracy.
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5.3 Performance of OCRs for printed text in different font

Dataset
OCR
BM_Aparajita | BM_Nakula | Hindi dataset
Tesseract 65.95% 87.76% 89.29%
Indsenz 53.23% 87.00% 87.84%
e-Aksharayan 13.04% 63.79% 78.37%

Table 5.1: OCRs Word Accuracy for Aparajita and Nakula fonts.

It was essential to study the performance of existing OCRs on different fonts. The dataset
BM_Aparajita and BM_Nakula were used to study the performance of existing OCR (Indsenz,
Tesseract and e-Aksharayan) for same text in different font styles. The accuracy for these OCRs
is calculated using the ISRI analytic tools for OCR evaluation (Rice and Nartker, 2022). With
this tool’s help, OCR’s word accuracy is calculated as shown in Table 5.1. It was observed that
Tesseract OCR accuracy for BM_Aparajita dataset is lower by 21.61% compared to BM_Nakula
dataset. The accuracy of Indsenz OCR, for dataset BM_Aparajita is lower by 34.53% compared
to BM_Nakula dataset. The accuracy of e-Aksharayan OCR for BM_Aparajita dataset is lower
compared to BM_Nakula by 50.75%. All OCR shows low accuracy for BM_Aparajita dataset
compared to BM_Nakula dataset. These existing OCRs also were tested with standard Hindi
dataset (Mathew et al., 2016). The obtained accuracy for Tesseract OCR with standard Hindi
dataset is 89.29%. The Indsenz OCR accuracy for the standard Hindi dataset is 87.84%, and
e-Aksharayan shows an accuracy of 78.37%. Tesseract OCR performs better on BM_Aparajita
dataset compared to Indsenz and e-Aksharayan. It is clear from Table 5.1 that printed text in
different fonts affects the accuracy of the OCR. Among these OCR’s, the open-source Tesseract
Hindi OCR showed acceptable word accuracy compared to other available OCRs nearly close to
Indic OCR (Mathew et al., 2016). On error analysis, three types of errors were observed inser-
tion, substitution, and deletion. Examples of the same is shown in Table 5.2. It has been observed
that the misclassification of words varies across different OCR outputs. Also, it was observed
that recognized text differs for different fonts. Thus, to handle substitution errors, the Error
Correction with Weighted Syllable-based Spell Correction (WSSC) approach was proposed and

implemented as discussed in Section 5.4.
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Type of error || Correct Word | OCRed Word

Substitution | @RI
Insertion T
Deletion HdN

g

Table 5.2: Example of Substitution, Insertion and Deletion errors.

5.4 Error Correction with Weighted Syllable based Spell Cor-
rection (WSSC)

5.4.1 Structure of proposed solution

In this method, a syllable (akshara) confusion matrix was generated, taking into account the fre-
quency of each syllable substituted, creating a frequency-based error mapping file (refer Section
5.4.2). Word was looked up in the dictionary to check whether it is correct or incorrect (refer
Section 5.4.3.1). If the word is incorrect, then based on the confusion matrix, appropriate syl-
lables are substituted for all syllables in the words. It forms many words and assigns the weight
to words based on the frequency of syllables. Again, these words were looked up in the dictio-
nary for their correct combination, suggesting the best word based on the weight assigned (refer
Section 5.4.3.2). To handle new errors, the frequency-based error mapping tuple needs to be

updated, thereby demonstrating its robustness

5.4.2 Creation of Frequency based Error Mapping Tuple (SY_ERR_MAP)

Analysis of the performance of OCRs accuracy on printed text in different font style, to find the
reason for the low accuracy of all the OCRs for printed text in Aparajita font, ie BM_Aparajita
compared to the BM_Nakula dataset was carried out. Upon analysis, the errors were catego-
rized into three types: substitution, deletion, and insertion errors. The substitution error details
the incorrectly recognized character by OCR, along with the actual character that should have
been recognized by the OCR. These details of substitution errors were utilized, to calculate the

frequency of each substitution errors based on the occurrence of the same error. These were
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Term (Notation) | Meaning

S Set of Syllables

w Set of Words or Combination of Syllables

Wy Wy € W is a set of valid words which are present Word frequency list (cfilt.iitb, 2023).
Wg Wr € W, Wi € R, is a set of OCR recognised words.

Wy W € W, is a most appropriate suggestion for W word.

I; I; € S this is a incorrect recognised syllable present in word.

C; C; € S this is a correct substitution for I; recognised syllable present in word.

Fi.c Fy, c; is the frequency for C; a correct substitution for I; recognised syllable present in word.
E=<I;,C;,F;. ¢, > | This denotes the error analysis present in tuple SY_ERR_MAP.

Input_File It is input file which has recognised output for a given text in image.

Output_File Output file in which output of WSSC will be stored.

Table 5.3: Terminology and Notation used

stored in Frequency-based Error Mapping Tuple named SY_ERR_MAP =(I;,C;,F},c;). These

terminology are defined in Table 5.3.

Recognised Syllable | Correct Syllable | Frequency (/;,C;)
e (1) (@) (Fic)
1 of of 50
2 of of 30
3 J kel 31
4 S| X 27

Table 5.4: Creation of Frequency-based Error Mapping Tuple (SY_ERR_MAP)

Sr. No. | Correct Word | OCRed Word
1| s e
2 | U g
30| NE|
4 | gl Bl
5 | |

Table 5.5: An example of correct word and OCRed word (output of Tesseract OCR).
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This tuple SY_ERR_MAP =(I;,C;,Fy, c,) consist of three columns. The first column has an in-
correct syllable recognized by OCR represented as I;. The second column has correct syllable
named as C; which was supposed to be recognized by OCR. The Third column has the frequency
of both I; and C; occurring together named as Fj, ¢; (see Table 5.4). This error mapping tuple rep-
resents errors occurred due to the substitution of similar-looking characters. This is seen in the
example as shown in Table 5.5 where two syllables are recognized as similar-looking characters.

Example the word 2T [roti] was recognized as 42T [jaiti].

5.4.3 Weighted Syllable based Spell Correction Approach

The proposed method, Weighted Syllable based Spell Correction Approach (WSSC), detects the
erroneous word from the recognized word Wg and suggests the correct word Wy for the same.
The following are major steps in the WSSC approach, whose pseudo-code is mentioned in the

algorithm 2.

1. The first step in WSSC approach is to detect errors, as explained in Section 5.4.3.1

2. Secondly, it corrects the detected erroneous words from the recognized output. The fol-

lowing steps it follows, which are explained in detail in the section 5.4.3.2

(a) Words Suggestion using error mapping tuple SY_ERR_MAP as mention in Section
5433

(b) Best Word is suggested using algorithm 3 "Best Suggestion” as discussed in Section

5434

5.4.3.1 Error Detection

Error detection is performed by checking if the recognized word Wg belongs to the special
character or numeric set. Further, it checks if the recognized word W belongs to a valid set of
words Wy . In this case, the word Wp, is considered correct. On satisfying the condition Wg, is
written to the Output_File. In case these conditions are not satisfied, it suggests the word Wy

for recognized word Wx as mentioned in the error correction method in Section 5.4.3.2
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5.4.3.2 Error Correction

Weighted Syllable based Spell Correction Approach(WSSC)

L\ W B ——— o W Recognized Word

R
\ — Phase 1:Words Suggestion
1

—/’"/” ‘;; Split word (W, ) to Syllables and assign initial
(a. 1000) /_‘ ‘_\(Zal 1000) (a;, —]OOO) /;_ e ﬁ’l;qtlency,( <) to Sy gn init
i /’,/\\\ - ~ ‘\7‘; N 5

~ N

 / a_) 50 ( ﬁ, 35 N @ 31 N ( e=3 27 ‘-} .- Syllable suggestions using SY_ERR_MAP tuple

- . I ;\‘~ . Word suggestions and word weight calculation
((F@,1081) || (oFFa=,1077) | (7@, 1066) | (¥, 1062) -

— Phase2:Best Word Suggestion (W, )

Figure 5.1: An example for error correction steps in WSSC.

The error correction for an incorrectly recognized word Wg, is performed by suggesting all
possible words for a recognized word as explained in Section 5.4.3.3. Finally, it suggests the
best word W from the suggested words for a recognized word Wg, using the Algorithm 3,
discussed in Section 5.4.3.4. This procedure for error correction is explained with the help of a

diagram as shown in Figure 5.1.

5.4.3.3 Words Suggestion using error mapping tuple SY_ERR_MAP

The words Suggestions algorithm is divided into two parts, the first part is Syllable Suggestion,
which uses the error mapping tuple SY_ERR_MAP to suggested syllable list. The second part
is Words Suggestion, which uses the suggested syllables list for recommending a likely list of

words.

5.4.3.3.1 Syllable Suggestion The following are the steps for suggesting syllable and its fre-

quency using information from error mapping tuple SY_ERR_MAP.

Step 1: Split the recognized word Wy, into syllables.

Step 2: Initialize the frequency of each syllable with the highest frequency occurring in the tuple
SY_ERR_MAP.
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Step 3: For each of this syllable 1;, appropriate syllable C; based on the error mapping tuple
SY_ERR_MAP was suggested. Further, assigning the corresponding frequency F; to the
syllable C;, that has been replaced with syllable ;.

Repeat step 3 for all the syllables in the recognized word Wg. Finally, this procedure returns
the list of syllables C; along with its frequency F;. This combination of C;, F; is the possible

mapping of I; as shown in Figure 5.1.

Sug<—Sug_Words(WordAsSyl[],SSL,Index,Freq[])
/* WordAsSyl:Word stored as syllable array.
SSL:Suggested Syllables C; and Frequency F;
Index: C; is substituted at this position
Freq: Frequency of syllable for WordAsSyl.
Sug: Returns a Class name as Suggests with data member word and freq. word
contain the suggested word and freq which stores frequency of syllables for the
suggested word. */
Input: WordAsSyl[],SSL,Index,Freq[]
Output:Sug(words,Freq)
1: Sug(words,Freq)=empty
2: for C;,F; in SSL do
3:  temp_words[]<—WordAsSyl[] /*copy WordAsSyl to temp
4:  temp_words[Index]=C;
5. temp_Freq=Freq
6: temp_Freq[Index]=F;
7 Sug.append(temp_words,temp_Fre)
8: end for

9: return Sug
Algorithm 1: Words Suggestion

5.4.3.3.2 Words Suggestion On obtaining the correct syllable C; and its corresponding fre-
quency F; for syllable I;, for each of the syllables in erroneous word Wg. Thus, using the syllable
C; and its frequency F; for suggesting words as shown in Figure 5.1 and mentioned in the Al-

gorithm 1. In this algorithm, it replaces each of the suggested syllable C; in the position of the
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actual syllable I; in the word Wg. On substituting the syllable at a particular position, it modifies
the frequency of that syllable with the frequency F; of the replacing syllable C;, thus forming a
new word, which was stored in the suggestion list as shown in Figure 5.1. The same was repeated
for each of the syllable in syllable suggested list. The word suggestion list also consists of an

array of frequency for each of the syllables, in the word.

5.4.3.4 Best Word Suggestion

After obtaining all the suggested words, which is the output of word the suggestion procedure,
to choose the best word from the suggested word, it is checked if any one of the suggested words
is present in word list Wy and then it writes that particular word to Output_file. If the word does
not appear in the word valid list Wy then the algorithm suggest words Wy that has the highest
weight. The pseudo-code is mention in the algorithm 3. The weight of the word is the sum of
the frequency of syllables in the recognized Wg. This is written to the output file Qutput_File.

The Same WSSC approach is repeated for all the word Wg in the input file Input_File.

5.4.4 Results and Analysis

For this experiment, the test dataset used are BM_Aparajita and BM_Nakula as created in Section
4.2.1 (refer Chapter 4). The WSSC approach detects errors purely based on the word present in
the Wy word list. Further, if the word is not listed in Wy, then it suggests words based on WSSC
approach. WSSC approach was tested on the Tesseract, Indsenz and e-Aksharayan OCR output.
This approach has increased the OCR accuracy nearly by 2.3% as shown in Table 5.6. And on
testing the proposed WSSC approach with BM_Nakula dataset and it is been observed that it has
improved accuracy of Tesseract OCR by small margin 0.50% and the accuracy for Indsenz OCR

is increased by 0.23% as shown in Table 5.6.

Table 5.7 shows the second column contains the correct word, the third column has the OCRed
word, and the fourth column has the words suggested by the WSSC approach. However, this

approach does not handle insertion and deletion errors.

Handling insertion and deletion errors through post-processing approaches is challenging, but
these errors can be effectively addressed with the help of contextual information. Some of the

cases that can be handled using context information are indicated in Table 5.8. The red color
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Input: Input_File (text file ie output of OCR)
Output: Output_File (text file)
1: for Wg in Input_File do
2. if Is_Spl_Char(Wg) or Is_Num(Wg) or Wr € Wy then

3: Write W to Output_File.
4. else
5 Suggested_words[]: List<String[]>; Modified_freq[]. List<String[]>; Max=0:Int
6: Syl_List[]:String[] /*WordToSyllable generate grapheme clusters for string Wg*/
7: Syl_List[]<—WordToSyllable(Wg)
8: freq[]«—len(Syl_List): init to 1000
9: for I in Syl_List do
10: Sug_Syl SSL :Sug_Syl (C[], F[])
11: /*Suggest_Syl(I) returns (C;,F;) V I € I; from SY_ERR_MAP */
12 SSL(C;,F;)<—Suggest_Syl(I;)
13: prev_sug_word=Suggested_word
14: prev_freq<—Modified_freq
15: sug<—Sug_Words(Syl_List,SSL.k,freq)
16: for s; in sug do
17: Suggested_words.append(s;.word); Modified_freq.append(s;.freq)
18: end for
19: for sw,, in prev_sug_word do
20: sug<—Sug_Words(sw,,,,SSL,m,prev_freq[m])
21: for s; in sug do
22: Suggested_words.append(s;.word); Modified_freq.append(s;.freq)
23: end for
24: end for
25: end for
26: W=SuggestBestWord(Suggested_words,Modified_freq)
27: Write Wy to Output_File.
28:  end if
29: end for

Algorithm 2: Weighted Syllable based Spell Correction Approach (WSSC)
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word=SuggestBestWord(Suggested_words,Modified_freq)

1:

2:

BestIndex=0:Int

Flag=False

Input: Suggested_words, Modified_freq
Output:Word

3: for w; in Suggested_words do

4:

5:

6:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

/* Calculates the sum of frequency*/

Sum<«—Cal_Sum(Modified_freq[1])

if Sum>Max then

BestIndex<«1

Max<Sum

end if

if w; € Wy then

Word<+ w;
Flag<True
break

end if

end for

if Flag=True then

Word<—Suggested_words[BestIndex]

end if

return Word

Algorithm 3: Best Word Suggestion

Word accuracy

Dataset Output
Tesseract Indsenz e-Aksharayan
OCR | 65.95% 53.23% 13.04%
BM_Aparajita
WSSC | 67.19% 88.00% 13.39%
OCR 87.76% 87.00% 63.79%
BM_ Nakula
WSSC | 88.22% 87.23% 64.70%

Table 5.6: Word accuracy obtained using WSSC
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Sr. No. | Correct Word | OCRed Word | WSSC Output
1 | oD oA ICEE
2 | " g g
30| NE| RISt
4 | gt GER gt
5 | R R e
6 | @R i IR

Table 5.7: Output of WSSC

Actual text (Hindi)

IS T 49T N 3B &

Transliteration (English)

UTPADOM KO PESa CaRa HAIM.

Translation (English)

oe ! Translation (English) Presenting products.
OCR recognized text ScTG Eal U IR R’ &
Actual text (Hindi) IR o IRED b DY H NS I§ AR T BT T
RMT Wi 2
ce Transliteration (English) | VAYaSaRAYa KE aMGaRaKSaKa KE RuPa mEM GaThita
YaHa BhARatlYa SENA KA SaBaSE PuRANA REJImEMTa
HAI.
Translation (English) Formed as the bodyguard of the Viceroy, it is the oldest reg-
iment of the Indian Army.
OCR Recognized text IR & 3FRED &b 7Y H T(Sd T8 IR T BT e
RMET WIHE 2
Actual text (Hindi) 6 EIR AIBRAT BT Fo BN
; Transliteration (English) | 6 HaJARa NAuCaRIYOM CA SRUJaNa HOGA.
e.g.

6 thousand jobs will be created.

OCR recognized text

& BIR HleniaT T For & |

Table 5.8: Output of Hindi_Error_Correction_Model indicating suitable output as per context.
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indicates an incorrect word and green indicates correct word. Example 1 where the OCRed
word BT [ka] is incorrect. In this case, the existing bigram model can show suggestions as &l
[ka], & [ke], BT [ki], etc. Likewise, in example 2, the OCRed word 9 [ronop] is an incorrect
word. Existing models can suggest a word like §T& [bado], HT [satPs], foTT [lic] etc. Similarly,
in example 3 the incorrect word is &, which is incorrect word. For such cases, an approach
is needed that can suggest a word based on context. However, the existing approaches do not
provide suggestions based on context (refer Chapter 2; Section 2.3.2). From this analysis, we
proposed and implemented an approach that can mask erroneous words and provide suggestions

based on contextual information (as presented in Section 5.5).

5.5 Error Correction using Masked-Language Modeling With
Bidirectional Encoder Representations from Transform-

ers (MLM-BERT)

This section is organized as follows; Section 5.5.1 provides the structure of proposed solution.
Section 5.5.2 provides details of dataset used for the experiment. Section 5.5.3 provides the

details of proposed error correction using MLM-BERT. Section 5.5.4 discusses the results.

5.5.1 Structure of proposed solution

This approach mainly focuses on error correction. In the initial phase, errors are detected using
a dictionary. A BERT tokenizer and model built for Hindi are then used to correct errors and
provide contextual suggestions. The erroneous word is masked with the token [MASK], allowing
the model to provide suggestions for the masked word based on the available context. This is

tested using Hindi data.

5.5.2 Datasets

The training data used for this experiment is shown in Table 5.9. The test dataset is Hindi_test_dataset

and Hindi-l1lITH-dataset created in Section 4.3.3 (refer Chapter 4). The characteristics of test
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dataset is shown in Table 4.2 (refer Chapter 4; Section 4.3.3).

Table

Language | Total Words | Source of data

Hindi 8215774 Hindi dataset (Shivam, 2022)

5.9: Training Data used to create Dev-Hindi  tokenizer and

Hindi_Error_Correction_Model

5.5.3 Experimental setup for Error correction using MLM-BERT

5.5.3.0.1 Proposed procedure error-correction-mlm-bert The proposed system consisting

of three phases: I. Training BERT tokenizer, II. Training MLM BERT model and III. Error

Correction. For convenience it is named as error-correction-mlm-bert procedure. The below

is the detailed explanation of each phase involved in the error-correction-mim-bert procedure:

L.

IL.

Training BERT tokenizer: The BERT model requires the input data in a suitable format
to obtain the corresponding embedding of the sentence. The input to the BERT model is
a sentence of a fixed length. Each token was given a distinct ID when the BERT model
was trained. So, in order to employ a pre-trained BERT model, each token in the input
sentence must first be converted into its corresponding unique ID. Sentences are padded
to achieve a fixed length for input. And to obtain a unique ID for a token a BERT tokenizer
is needed. The BERT tokenizer will split the word into two subwords (token). The first
token is frequently seen word (prefix) in a corpus. Two hashes are prefixed to the second
token to indicate that it is a suffix following some other subwords. Further, it converts

subwords to unique IDs using the BERT tokenizer.

The BERT tokenizer for any language <language> can be created using BertWordPe-
iceTokenizer' and the respective data <training-data>, which is named as <language>

tokenizer.

Training MLM BERT model: Here the BertForMaskedLLM architecture is employed

specifically utilizing the BERT Model known as “bert-base-uncased”. This particular

'https://github.com/huggingface/tokenizers/blob/main/bindings/python/examples/train_

bert_wordpiece.py
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II1.

model consists of 12 layers, 768 hidden units, 12 attention heads, and a total of 110 mil-
lion parameters. It was trained on lowercase English text, which works well for English
but not for Indian languages. To support Indian language text the BERT <language>
tokenizer as created in phase I., is used and a corpus for additional training of the pre-
trained BERT model "bert-base-uncased” is also utilized, which is the same as the one
used during phase 1. for constructing the tokenizer. The training parameters should be
configured i.e. hidden activation function: <hidden-activation-function> , the maximum
position embeddings <max-pos-embedding>, the attention dropout rate <dropout-rate>,
the number of epochs <number-epochs>, the instantaneous batch size per device <batch-
size>, the gradient accumulation steps were set to <gradient-steps>. On training it results

in creating model referred as <language> model.

Error Correction: Initially the lookup dictionary is utilized to identify incorrect words.
And the word correction was achieved by utilizing the <language> model and its corre-
sponding tokenizeri.e. <language>. First, the input OCR text is tokenized using the <lan-
guage> tokenizer, resulting in token IDs. Subsequently, the erroneous word is masked
using the special token [MASK], and the <language> model generates a set of predic-
tions for the word in the form of token IDs and their associated probabilities. These token
IDs are then converted back to words using the <language> tokenizer. BERT generates
context-sensitive embeddings by looking at both the left and right context of each word in
a sentence. Employing the Levenshtein distance for the top 6 candidate words, the simi-
larity between the original token and the predicted token was assessed by selecting those
having a similarity score of more than 0.8. Ultimately, the word with the highest prob-

ability among the suggested options is selected by this approach as most suitable word.

The procedure error-correction-mlm-bert (refer Section 5.5.3.0.1 ) is used to create the BERT

tokenizer and BERT model for Hindi. Figure 5.2 shows the block diagram of proposed system of

error correction using MLM-BERT. Firstly it creates the BERT tokenizer for Hindi using error-

correction-mlm-bert Phase 1. and the training data (refer Table 5.9) This tokenizer is named as

Dev-Hindi tokenizer Secondly it creates the BERT model using error-correction-mlm-bert Phase

IL. , the Dev-Hindi tokenizer and training data (refer Table 5.9). The the training parameters

were configured to create BERT model are as follows: Gaussian Error Linear Unit (GELU) as
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l

[ Building tokenizer

5 #
n -
T O | RSO ES ST o

| Dev-Hindi 1okenizer |

_____________________________

{ 1. Error Correction

[ Hind_Error_ Correction_Model ]

Figure 5.2: Proposed system of Error correction using MLM-BERT

hidden activation function, the maximum position embeddings were limited to 512, the attention
dropout rate was set to 0.1, the number of epochs was set to 3, the instantaneous batch size
per device was 8, the gradient accumulation steps were set to 1, the number of sentences was
539,134 and the total number of optimization steps was 50,500. The GELU was chosen as an
activation function as it is a high-performing neural network activation function (Hendrycks and
Gimpel, 2016). The choice of dropout rate and epoch configuration was influenced by a study
demonstrating good performance results in the context of BERT (Sun et al., 2019). After training

the training loss was 1.54. It creates the model for Hindi named as Dev-Hindi model.

Thirdly, error-correction-mlm-bert Phase III. is used for suggesting word for every incorrect
word using the Dev-Hindi tokenizer and Dev-Hindi model. This model is named as Hindi_Error_Correction_Mode
Here intermediate stage suggests top 6 candidate words along with probability. Finally the word

with the highest probability among the suggested options is output of error-correction-mlm-bert
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Phase III. as most suitable word. An example is shown in Table 5.10. The word selected by
system can be either correct, or incorrect. In some cases, the system may not provide any sug-
gestions, and in those instances, the word remains unchanged. Example for each of these cases
are discussed in the section 5.5.4. The correct words are indicated in green, the incorrect words
are underlined and marked in red and the words for which no suggestions were provided are

indicated in blue.

Actual word | OCRed text as in- | suggestion by | Probability | Model* output
put Model*
BF] 0.06
SIS 0.04
T et | 8 R CIECING| 0.02 TS feeh
T2t 0.014
NS LI 0.012
Rt 0.008
*Hindi_Error_Correction_Model

Table 5.10: Example of Hindi_Error_Correction_Model output Hindi language.

5.5.4 Results and Analysis

The proposed system has been evaluated with Hin_test_dataset and Hindi-IlITH-dataset, whose
characteristics are mentioned in Table 4.3 (refer Chapter 4; Section 4.3.3) using the ISRI analytic
tool for OCR evaluation (Rice and Nartker, 2022). Word accuracy and Word Error Rate (WER)
are used as evaluation metrics. It was observed that Tesseract Hindi OCR word accuracy on
Hin_test_dataset and Hindi-1IITH-dataset were 87.23% and 89.29%, respectively. And the word
accuracy achieved by Hindi_Error_detection_Model on the dataset Hin_test_dataset and Hindi-
IIITH-dataset were 89.65% and 95.18% respectively, as shown in Table 5.11. Therefore, it can be
observed that there is an improvement in word accuracy on both testing dataset Hin_test_dataset

and Hindi-IlITH-dataset. The difference in word accuracy between the Tesseract OCR results
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obtained from the Hin_test dataset and the Hindi-IIITH-dataset has been noticed. It is observed
the increase in word accuracy from 91.60% to 95.18%, having an improvement of 3.58% over

the baseline Hindi OCR word accuracy (Mathew et al., 2016).

Word accuracy

Dataset
Tesseract OCR | Hindi_Error_Correction_Model

Hin_test_dataset 87.23% 89.65%
Hindi_IlITH-dataset 89.29% 95.18%

Table 5.11: Word accuracy of Tesseract OCR and Hindi_Error_Correction_Model

Table 5.12 shows the category-wise WER for the output of the Tesseract OCR and Hindi _Er-
ror_Correction_Model. 1t is observed that Hindi-1IITH-dataset had more errors in words with-
out any modifiers. This is because of the existence of punctuation mark in the Hindi-IIITH-
dataset which is constantly misclassified by Tesseract OCR output. The proposed error cor-
rection approach corrects it, indicating proper punctuation marks for all the instances of the
sentence. Thus, the Hindi_Error_Correction_Model corrects most of the words that have no
modifiers. Further, it is observed that there is a decrease in error for words with Ekar, Ookar,
Conjunct consonants, and words with multiple modifiers. Words with anusvara error rate have
remained the same. However it is important to note that these error words were masked and the

Hindi_Error_Correction_Model’s correction is based more on contextual information.

The results of this research work indicate that the proposed model delivers accurate recommen-
dations, as demonstrated by the data presented in Table 5.13. For e.g the actual word Gl [ko] is
recognised as Gl [ka] via tesseract OCR systems whereas the proposed model corrects it to Gl
[ko]. Let us consider another example to illustrate the effectiveness of the proposed model: The
actual word S€Tg [bodPai:] is recognized by OCR as dT§ [vai:] while the correction provided by
the suggested model is 4TS, Additionally, the proposed model exhibits contextual-based cor-
rections, as evidenced by the information provided in Table 5.14 and Table 5.15. For example the
actual text 6 B9TR [sPoho hodzar] was incorrectly recognised as & &9TR [ho hadzar] and the pro-
posed model suggests 10 &SR [dos hadhzar]. However the suggested word is incorrect, interest-
ing is that it suggested number and not any other word close to & [ho]. The Model also provides
incorrect suggestions including cases where incorrect suggestions are given based on the con-

text, as illustrated in Table 5.16. However the suggested word is very similar to the correct word
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Dataset
Hin_test_dataset Hindi-lIITH-dataset
Word category || Tesseract Model* Tesseract Model*
Hindi OCR | WER % Hindi OCR | WER %
WER % WER %
Without modifiers || 1.38 0.45 3.5 0.67
Matras || 2.11 1.35 2.14 1.02
Eekar || 0.96 0.82 0.92 0.75
Ookars || 0.13 0.12 0.14 0.12
Conjunct consonant || 0.99 0.87 0.98 0.5
Anusvara || 0.68 0.68 0.65 0.65
Candra || 0.05 0.05 0.03 0.03
Words with multiple modifiers || 6.47 6.01 2.35 1.08
Total WER || 12.77 10.35 10.71 4.82
*Hindi_Error_Correction _Model

Table 5.12: Word error rate(WER) of Hindi_Error_Correction _Model testing on

Hin_test_dataset and Hindi-1lIITH-dataset for each Category of words

Actual word | OCRed output | Model* Actual word | OCRed output | Model*
output

il Eil il ERIE] ag ERIE]

S & il i Ik 3T

EE| el PE gfdfifeca | ufdfifexd gfaffec
SN ENNRE ESNEE SIESIR) TR BIESIE)
AP - P = - -
*Hindi_Error_Correction _Model

Table 5.13: An example of correct suggestion provided by Hindi_Error_Correction_Model
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Actual text (Hindi) | SIS} T U9 ¥ T8 2|

Transliteration (English) | UTPADOM KO PESa CaRa HAIM.

Translation (English) | Presenting products.

OCRed output | 3<U S} Eall 9T PN T2 B

Hindi_Error_Correction_Model Output | 3<U Sl I YT N 3B B

Actual text (Hindi) | IR & 3RED P BT § TST Ig IR
T BT HEY T XSTHC 2|

Transliteration (English) | VAYaSaRAYa KE aMGaRaKSaKa KE RuPa

mEM GaThita YaHa BhARatlYa SENA KA
SaBaSE PuRANA REJImEMTa HAI.

Translation (English) | Formed as the bodyguard of the Viceroy, it is the

oldest regiment of the Indian Army.

OCRed output | IRRRRT P IFREH & Y H ST T&§ R
T BT T GIET JoiHC B

Hindi_Error_Correction_Model Output | dIIHRYT &% 3FReP & ©Y H ST T§ IR

BT T T GRHT NS 2

Actual text (Hindi) | 6 BT FIBNAT BT Gor SFT

Transliteration (English) | 6 HaJARa NAuCaRIYOM CA SRUJaNa HOGA.

Translation (English) | 6 thousand jobs will be created.

OCRed output | & R ABRAT BT o 81|

Hindi_Error_Correction_Model Output | 10 &SR AR RAT BT SNE ST

Table 5.14: Output of Hindi_Error_Correction_Model indicating suitable output as per context.

or contextually appropriate. Here is an example of the observation, i.e the actual word ICEIRY
[vitsard] and OCR recognised word as fa@TRI [vitsaro] and Hindi_Error_Correction_Model
suggestion is IBEIRY [Ui@aro] which is a quite similar suggestion to actual word. Another ex-
ample for similar suggestion is with actual word 3&Ic [u(jghatan], OCR-recognized word
3gTc [ud"daton] and proposed model suggestion is SSETET [udeg"aton]. Furthermore, an

instance that demonstrates contextual-based recommendations is when real words is 35 ([ise],

74



Chapter 5:Algorithms Proposed and Implemented for OCR Error Correction

OCR recognised word is 8 [horone] and model suggested the word as &M@ [mohamohim],
where the system suggested word was suitable for the sentence as shown in Table 5.17 and cases
where suggestions were not offered for words are depicted in Table 5.18 and Table 5.19. For
e.g having actual word f&&T [hissa] and OCR recognised word f&@¥T [dvirusal, the proposed
model did not provide any suggestion for word fooar [dvirusal, result in retaining same word.
However, when the majority of neighbouring words were incorrect, the model fails to provide

appropriate suggestions, as shown in Table 5.20.

Actual text (Hindi) BISRIECERRiEISD
Transliteration (English) POTa PaRIVaHaNa maMTRALaYa.
Translation (English) Ministry of Shipping
OCRed output Tﬁj GRIET FAT
Hindi_Error_Correction_Model Output qiq gRae 9o

Actual text (Hindi) QCIT@[@'IE;\%TI? BT ITH ST
Transliteration (English) EFaTIAI KI VaRTaMANa ChATRA
Translation (English) Current student of FTII
OCRed output QCI'EQTC’:Tl_é:GTIT:g£ DI IAHE BHET
Hindi_Error_Correction_Model Output qu_cpm'léxﬂ'lg P g™ BT

Table 5.15: Output of Hindi_Error_Correction_Model suggest correct suggestions for Noun.

5.6 Error correction with the hybrid approach: MLM-BERT
and Norvig Spell Corrector (MB-NSC)

This section is organized as follows: Section 5.6.1 discusses the motivation for this work. Sec-
tion 5.6.2 provides the structure of the proposed solution. Section 5.6.3 provides details of the
experiment setup to study the performance of Tesseract Hindi OCR on the Konkani dataset. Sec-
tion 5.6.4 provides the experiment setup for the proposed error correction MB-NSC approach.
Section 5.6.5 discusses the performance of Tesseract Hindi OCR on Konkani documents. Sec-

tion 5.6.6 discusses the result of MB-NSC approach on Konkani data.
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Actual word | OCRed output | Model* Actual word | OCRed output | Model*

output output
q&cd qg e Syl S&lcd SERISG]
Skl ST IGiC i EEIIN EEIN
ATER BU9ER BIIER SRIVE | UG RAIST
it Hiaf R HghH gh g
3 i) EiEi) s R fear
fesdt feen e St SiE] SIEK|
*Hindi_Error_Correction _Model

Table 5.16: Output of Hindi_Error_Correction_Model having quite similar suggestion to actual

word or appropriate based on context or word.

Actual text (Hindi) 27 SFERT 1950 1 3 LU BT 3RETD A4 a1 7|

Transliteration (En- | 27 JaNaVaRI 1950 KO ISE RAsRaPaTl KA aMGaRaKsaKa NAma
glish) DIYA GaYA.

Translation (English) On 27 January 1950, it was named the President’s Bodyguard.

OCRed output 17 SFERT 1950 T B UL BT SRED 1 1 7|

Hindi_Error_Correction| 17 SRl 1950 oI HeMeq IEUfd T 3FREwD T T 77|
_Model Output

Table 5.17: Output of Hindi_Error_Correction_Model Although incorrect suggestion, but valid

based on context.

5.6.1 Motivation

The error correction approach using MLM-BERT provided suggested words that were appro-
priate based on context. There were incorrect words suggested by the model but contextually
appropriate. Nevertheless, the incorrect suggestions often align closely with the actual word or
most likely based on context. It was also observed that in some cases, the model does not provide

any suggestions. These discrepancies may arise due to incorrect consecutive words or contextual
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Actual text (Hindi) 2008
Transliteration (English) 2008 mEM
Translation (English) In 2008
OCR recognized text mﬁ
Hindi_Error_Correction_Model Output 1008 &

Table 5.18: Output of Hindi_Error_Correction_Model provided no suggestion

Actual word | OCRed output | Model* Actual word | OCRed output | Model*

output output
il ERil o RS Rfersg Rfersy
53l ResH! ReaH! T I T
gfaen gfaen gfaar N SEIN] SEIN]
e RIS e IS Teit Tt
oo wuef el o o o
*Hindi_Error_Correction _Model

Table 5.19: More example of Output of Hindi_Error_Correction_Model providing No sugges-

tion.

Actual text (Hindi)

T ek off $9 3R IR Suferd 9|

Transliteration (English)

GanamANYa VYaKTI Bhl 1Sa aVaSaRa PaRa
UPaSThiTa ThE.

Translation (English) Dignitaries were also present on the occasion.
OCRed output TR @ ff &9 3ERR.WR SUfefa 2|

Hindi_Error_Correction_Model Output

TUHHYT Ffh ft IR JERR R UM 9|

Table 5.20: Output of Hindi_Error_Correction_Model with incorrect words.

considerations. However, sometimes, the suggested word length is two times more or less than

the actual word. Moreover, this results in more insertion and deletion errors. Further, working
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towards the main objective of this research is to provide an OCR solution for Konkani. Tesseract
Hindi OCR does give acceptable accuracy. Thus, this work utilizes the Tesseract Hindi OCR for
Konkani documents. Moreover, the proposed MB-NSC approach can improve the accuracy of

the Konkani OCRed text.

5.6.2 Structure of proposed solution

Actual sentence : ﬁwmﬂwmmm

/ OCRed output : Teh S T9AT AEHe THoI FATe HHel /

Error Detection using Dictionary
(Checks if word is correct or
incorrect)

Konkani
Dictionary

MASK the incorrect Split into words and pass
word only incorrect words
U & [MASK | HEHel UhHord 9T Hdo { zqu

Error correction using Peter Norvig Spell

MLM BERT for Corrector for
Konkani Konkani
(K_MLM-BERT) (Norvig SC)
FOAT and its Pmbablhh I N /@T and its probability
, MB-NSC
/ MB-NSC output : U &1 S937 HEHA VHaIT FAT HIHel /

Figure 5.3: Proposed architecture of MB-NSC error correction approach

This section briefly discusses the proposed solution to address the main research objectives, i.e.,
to provide a solution for Konkani OCR. Thus, exploring the use of the Tesseract Hindi OCR on
Konkani documents (refer section 5.6.3). Further, proposed a hybrid error correction approach.
The architecture of the hybrid approach is presented in Figure 5.3, and discussed its details

in Section 5.6.4 The hybrid error correction approach is designed by combining MLM-BERT

78



Chapter 5:Algorithms Proposed and Implemented for OCR Error Correction

and the Peter Norvig spell corrector (MB-NSC). This will address contextual errors while also

identifying the nearest correct word for an incorrect word in the OCR output.

MLM-BERT provide contextual suggestion. The Peter Norvig spell corrector suggests the most
likely word for a given input word with the highest probability. Here, the input is the OCRed
word. Combining these two approaches contributes to the novel error correction approach for
Konkani OCRed documents. Given that the proposed approach incorporates contextual sugges-
tions along with identifying the most likely nearest words, it is anticipated that the approach

would provide correct word suggestions for sentences having multiple incorrect words.

5.6.3 Experimental setup to study the performance of Tesseract Hindi OCR

on Konkani_OCR _large_test_dataset

Utilizing a pre-existing Optical Character Recognition (OCR), such as Tesseract Hindi OCR,
for a different language like Konkani necessitates comprehensive study. Thus, studying the
performance of Tesseract Hindi OCR on a specific dataset, such as the Konkani_OCR_large
_test_dataset (created in chapter 4; Section 4.3.4.2), involved setting up an experiment to eval-
uate how accurately existing Tesseract Hindi OCR can recognize text in the Konkani language.
The process for setting up the Tesseract OCR involved subsequent steps: Installing the Tesser-
act OCR tailored for Hindi training data in the Devanagari script and then testing it with the
Konkani_OCR_large_test_dataset. To evaluate its accuracy in terms of both character and word,

the OCR assessment tool (Rice and Nartker, 2022) was utilized.

5.6.4 Experimental setup for proposed OCR error correction approach:MB-

NSC

This section delves into the proposed hybrid automatic OCR error correction using MLM-BERT
and Norvig Spell corrector termed "MB-NSC’. The dataset used for training and testing is de-
tailed in Section 5.6.4.1. This hybrid approach combines two OCR error correction approaches:
the first one with MLM BERT for Konkani, discussed in Section 5.6.4.2. The second one em-
ploys the Peter Norvig spell corrector for Konkani, detailed provided in Section 5.6.4.3. Section

5.6.4.4 presents the proposed hybrid OCR error correction, i.e., MB-NSC approach. The archi-
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-
Konkani
Dictionary

Actual sentence : Teh oITE F9&T HGHe Uhoid H{dTe 3T

OCRed output : Ts A {07 AEH UhHold FITE T8 /

Error Detection using
Dictionary (Checks if word is
correct or incorrect)

MASK the incorrect

word

T o [MASK] HEHel Uehoid U 3ol

Part-A: Error correction using MLM BERT for Konkani (K_MLM-BERT)

[ BertWordPieceTokenizer ]

Creating
Konkani
BERT
tokenizer

tokenizer

Dev-Konkani-

Phase |

Training
BERT Model
“bert-base-un
cased”

Konkani
Corpus

Phase Il

Dev-Konkani-
BERT-Model

Phase il
Konkani_Error_Correction_M
LM-BERT (K_MLM-BERT)

Suggested
words with
Levenshtein
distance having
similarity score
0.8

Split into words and pass
only incorrect words

Part-B:Peter Norvig Spell Corrector
for Konkani (Norvig_SC)

Konkani |
Corpus

Norvig Spell
Corrector for
Konkani
(Norvig_SC)

94T and its probability

FIAT and its probability

MB-NSC

MB-NSC output : Te ST TIAT HAZHS UHS FIITS ITHer /

Figure 5.4: Architecture of Proposed MB-NSC error correction approach

tecture of the proposed MB-NSC error correction approach is shown in Figure 5.4. The following

subsections illustrate the MB-NSC approach.

5.6.4.1 Datasets

The gold standard Konkani raw text corpus from LDC-IL (Ramamoorthy et al., 2019), whose

properties are indicated in sub-section 4.3.4.1, has been used in building and testing our MB-

NSC approach. This data has been split into training and test data as shown in Table 5.21.

Further test data was used to create these dataset (a) Konkani_ OCR_subset_test_dataset and (b)

Konkani_EC_test_dataset as discussed in Chapter 4; Section 4.3.4.3 & section 4.3.4.4.
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Language | Words for training | Words for testing Source of data

Konkani 3591950 27067 Konkani dataset (Ramamoorthy et al., 2019)

Table 5.21: Training and Test data used for Error Correction approach (MB-NSC).

5.6.4.2 Error correction using MLM BERT for Konkani

The employed MLM BERT error correction model has three phases. I) Creating BERT tokenizer
for Konkani, II) Creating MLM-BERT model with Konkani corpus, and III) Konkani Error
Correction MLM-BERT (K_MLM-BERT) as shown in part-A of Figure 5.4. Procedure error-
correction-mim-bert (refer Section 5.5.3.0.1) is utilized to create BERT tokenizer and model for

Konkani. The details are presented below for each of the phases;

I. Creating BERT tokenizer for Konkani The BERT tokenizer for Konkani was cre-
ated providing the Konkani training data (see Section 5.21) as input to Procedure error-
correction-mlm-bert, Phase 1 (refer Section 5.5.3.0.1). This new BERT tokenizer for

Konkani was named Dev-Konkani-tokenizer.

II. Creating MLM-BERT model with Konkani corpus

Procedure error-correction-mlm-bert; Phase I1. takes input as Dev-Konkani-tokenizer (re-
fer above Phase I.) and training data (see Section 5.6.4.1; Table 5.21) and creates the BERT
model for Konkani, to handle Konkani text, named as Dev-Konkani-BERT-Model. The
following training parameters were set: The maximum position embeddings were calcu-
lated using the Gaussian Error Linear Unit (GELU) as the hidden activation function. The
maximum number of position embeddings was set to 512, the attention dropout rate was
set to 0.1, the total number of epochs was determined as 3, the instantaneous batch size
per device was set to 8, the gradient accumulation steps was set to 1, the total number of
optimization steps was 40,200. This resulted in the development of Dev-Konkani-BERT-
Model with training loss 2.235.

ITII. Konkani Error Correction MLM-BERT (K_MLM-BERT): By utilizing the Dev-Konkani-
BERT-Model model and its corresponding tokenizer, i.e., Dev-Konkani-tokenizer, cor-
rect words were suggested with their probability. Employing the Levenshtein distance

for the top 6 candidate words, the similarity between the original token and the pre-
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dicted token was assessed by selecting those having a similarity score of more than 0.8.
Subsequently, the word with the highest probability among the suggested options is se-
lected by the system as the most suitable word. Thus creating Error Correction model
Konkani_Error_Correction_MLM-BERT (K_MLM-BERT) for Konkani. An example is
shown in Table 5.22.

Actual word | OCRed Suggestions by K_MLM-BERT | Probability | Final sug-
word  as gestion by
input K_MILM-BERT

RPN ("on the government’) | 0.0700

. ) RGN (of the government’) | 0.0300
(’on the RNACANEN IRBRITR
TRBRIE! (Cof the government’) | 0.0158

IRBRM (of the government’) | 0.0153

government’)

Table 5.22: Example of K MLM-BERT output for Konkani.

The word selected by K_MLM-BERT can either be correct or incorrect. Also, sometimes,
the system may not provide suggestions; the word remains unchanged in such instances.
Examples for each of these cases are discussed in Section 5.6.6 The correct words are

indicated in green, and the incorrect words are underlined and marked in red.

5.6.4.3 Error correction using Peter Norvig spell corrector for Konkani

This approach attempts to select the most likely spelling suggestion for the word w. Thus, look-
ing for the correction c that has the highest likelihood of being the intended correction out of all
potential candidate corrections suggested by Peter Norvig spell corrector®. Here, the corpus pro-
vided is the Konkani training corpus as described in Section 5.21. Peter Norvig spell corrector

has been named as Norvig_SC for convenience.

argmaxcecandidatesp(c | W) (5.1

http://norvig. com/spell-correct.html
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By Bayes’ theorem equation 5.1 is equivalent to:
argmaxcécandidatesp(c)P(W | C)/P(W> (52)

Since P(w) is the same for every possible candidate c, it can factor equation 5.2 out, giving

equation 5.3:

argmaxcecandidatesp(c)P(W | C) (53)

5.6.4.4 Error correction by proposed MB-NSC hybrid approach

Automatic error correction ensures the accuracy and reliability of data, saving valuable time and
resources. Thus, both the above approaches are combined to suggest a more reliable word. This
proposed hybrid approach is named as MB-NSC approach. The algorithm for the MB-NSC is

provided below:

Input: OCR_word, SWk_pim-BerT » SWorvig_sc » PSWNorvig_sc)
Output: out put < Suggested_wordyp_nsc

if P(SWnorvig_sc) ==0 then
if (Len(SW[(_MLM_BERT)>=L€n(OCR_W0rd )*Z:lzl) OR (Len(SWK_MLM—BERT)

<=Len(OCR_word)/2+1 then
‘ out put <— OCR_word ;

else

‘ out put <— SWg_ yM1M-BERT:

end

else

output <— SWNorvig_SC ;

end
Algorithm 4: MB-NSC error correction approach

The MB-NSC approach takes four inputs: i) the OCR-recognized (OCRed) word referred to
as OCR_word, ii) the word suggested by the K_MLM-BERT referred to as SWg ayry-BERT,
iii) the word suggested through Norvig_SC for Konkani referred to as SWyy,ig sc, and iv)

the probability of the suggested word SW i sc appearing in the Konkani corpus, referred
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to as P(SWionig_sc). The output of this algorithm is the resultant word suggestion named as
Suggested_wordyp_nsc. The system performs the following checks to determine the final out-

put:

1. If the probability of the word suggested by Norvig_SC is zero and the length of the word
suggested by K MLM-BERT model (Len(SWgk yram-ert)) is either half the length of
OCR_Word or double the length with a difference of one, then the algorithm selects

OCR_Word as the final output. Otherwise, it selects SWg ayry-perT as the final output.

2. If the probability of the word suggested by Norvig_SC is not equal to zero, then the algo-

rithm selects SW i sc as the final output.

The K_MLM-BERT gives contextual appropriate word suggestions. However, the word sug-
gested by K_MLM-BERT may not always be correct. Thus, it check the length of the suggested
word. It should not be excessively long or too short. This is based on the observation that Tesser-
act does the insertion and deletion of 1 or 2 characters per word on average. Further Norvig_SC
will suggest the nearest correct word if its probability is not equal to zero. That means the sug-
gested word by Norvig_SC is correct, as it is occurring in the corpus. This helps to maintain or

increase the word and character accuracy.

5.6.5 Results and Analysis:Performance of Tesseract Hindi OCR on Konkani

documents

The result of Tesseract Hindi OCR performance on Konkani_OCR_large_test_dataset, is out-
lined here. It present the performance and detailed error analysis of Tesseract Hindi OCR on
Konkani documents. Evaluation metric used are word accuracy (WA), character accuracy (CA),
word error rate (WER) and character error rate (CER). Section 5.6.5.1 details the WER and CER
of Tesseract Hindi OCR on Konkani_OCR _large_test_dataset. Section 5.6.5.2 details the op 90
characters/ligatures/syllables that caused errors. Section 5.6.5.3 discusses the top 50 words that

were incorrectly recognized and words that consistently showed zero accuracy.
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5.6.5.1 Performance of Tesseract Hindi OCR on Konkani_OCR_large _test_dataset

The evaluation was conducted on the Tesseract Hindi OCR? using the Konkani_OCR_large_test
_dataset for testing purposes. The results showed a word accuracy of 89.25% and a character
accuracy of 95.85%. The accuracy was evaluated using the ISRI analytic tools for OCR evalu-
ation®. In Table 5.23, the Word Error Rate (WER) was found to be 10.75, while the Character
Error Rate (CER) was 4.15. The CER was further broken down into insertion errors (1.02%),
substitution errors (2.09%), and deletion errors (1.04%). It is worth noting that substitution

errors occurred more frequently than insertion and deletion errors.

CER

Dataset WER | Insertion | Substitution | Deletion | Total

Konkani_OCR_large_test_dataset || 10.75 | 1.02 2.09 1.04 4.15

Table 5.23: Word Error Rate (WER) and Character Error Rate (CER) of Tesseract Hindi OCR

on Konkani_OCR_large_test_dataset

5.6.5.2 Top 90 characters/ligatures/syllables that caused errors

In Table B.1 (refer Appendix B) , the top 90 syllables that caused errors during OCR recognition
are listed, comprising eleven columns: (i) Serial Number, (ii) Actual Syllable, (iii) Description
of Actual Syllable, (iv) Error Frequency, (v) Percentage of Error, and last six columns are the

frequencies of the six highest recognized OCR syllables enclosed in parentheses.

5.6.5.2.1 Top most error caused by consonant &: The character & ([|o]) accounted for
1.24% of the errors, making it the highest occurring error in OCR output, possibly due to its
rare occurrence in the Hindi text. LDC-IL Konkani corpus contains 162661 (4.49%) words that
include the character @ ([|o]) having 25070 distinct words. Although consonant & ([|o]) is used
in other languages such as Marathi, Gujarati, Tamil, and Tulu, its usage is limited in Hindi. As a

result, the Tesseract Hindi OCR incorrectly recognizes words containing the character & ([[2]).

3https://github. com/tesseract-ocr/
“https://github.com/eddieantonio/ocreval
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5.6.5.2.2 Top ten errors caused by various Devanagari characters : The most frequent
errors after that are caused by character " (Anusvara) and % candra [e], contributing to
0.279% and 0.273% of errors respectively. It was observed that the Anusvara character was
frequently substituted with a space character, and in some instances, was replaced by vowel sign
o (U+093A) and candrabindu % as shown in Table B.1 (refer Appendix B). Space charac-
ter has been indicated by text "<SPC>". The occurrence ¥ candra [€] were mostly generated
from Words with multiple modifiers category, examples gell ([iel] *hello’), BT ([femili]
“family’), ERICINIEl] ([teknolodzitsi] ’of technology’). Although these words are not among
the most frequent words, they account for 0.88 % of the total word occurrences in both the candra

and Words with multiple modifiers categories within the corpus.

It is also observed that the Right () and Left (‘) single quotation marks with Unicode values
[U+2019] and [U+2018], respectively, introduce errors of around 0.116% and 0.111%, respec-
tively. The fifth most frequent error was related to the character X ([ro]). The punctuation dot (.)
is the sixth most frequent error at 0.06%. The character matra a3, accounting for 0.054% of
the errors, is the seventh most frequent error. Thus based on statistics, it can be inferred that the
majority of errors primarily originated from characters/syllables such as & ([|o]), anusvara, can-
dra ([€]), right, left single quotation mark, punctuation marks (.), and matras. Another syllable
that contributed to errors was 9 ([va]), which was often recognized as § ([ba]), with a frequency
of 5316, followed by o ([1o]), &P ([ko]), T ([to]), <SPC> (Space character), X ([ro]), and 3 ([u]).

(refer to Appendix B; Table B.1 for further details on the remaining frequent errors).

5.6.5.2.3 Errors caused by double quotation mark, Nukfa and numbers : Additionally,
Right double quotation mark () also resulted in errors, often recognized as characters such as

299

” (two Right or left single quotation mark) or * (one right or left double quotation mark and
one right or left single quotation mark (see Appendix B; Table B.1 Sr. No 11). Furthermore, it
is observed an error for the left double quotation mark (*) (see Appendix B; Table B.1 Sr. No
31) which produced interesting recognition as the Devanagari syllables, i.e. >*, ’, <SPC>, 7*

and >9 ([ba]). One reason for this is that the character () appeared adjacent to the Devanagari

character without any space, indicating a potential problem with segmentation.

Furthermore, issues were observed with character . Nukta (Consortium, 2022)(see Appendix

B; Table B.1 Sr.No 45), question mark (?) (see Appendix B; Table B.1 Sr.No 47), and numerical
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digits like 3 and 7, which were incorrectly identified as Devanagari syllables. For instance, the
number 7 produced random suggestions like 9, ¥ ([pra]), 1, ¥ (refer to Appendix B; Table B.1
Sr. no 89).

5.6.5.2.4 Errors caused by Devanagari consonants: It was also observed that the Devana-
gari consonant such as 7 ([na]), T ([jo]), & ([fa]), < ([Ia]), T ([ta]), U ([pal), S ([da]), T ([ta]),
3 ([t"]), 9 ([sa]), B ([kol), X ([ra]), T ([dzal), & ([fol), TT ([mp]), T ([mo]), ¥ ([bol), & ([da)),
g ([d"]), A([tfo]), A([ral), F([d D), T ([gol), & ([t"o]), H([g"o]),  ([b"]), 3 ([ul), ¥ ([s0])
(Consortium, 2022) were incorrectly recognized as other consonant, some of which were visu-
ally similar while others were not. For example, & ([[0])]) was recognized as 7 ([no]), 3 ([tPe])

was recognized as € ([to]), and S ([da]) was recognized as & ([hia]).

5.6.5.2.5 Errors caused by Independent and Dependent Vowels: The vowel, such as 31
([e]), were found to have multiple variations when recognized, appearing quite different from
one another. For instance, the vowel 37 ([o]) was identified as 31T ([a]), &I ([‘gha]), R ([’ghar]), 37T
([ghaa]). Additionally, errors were also noticed in the dependent Vowels involving vowel sign
3 ([u:]) and 3T ([a]) having error percentages 0.007% and 0.005% respectively (see Appendix
B; Table B.1 Sr.No 22 and 24). Each of them, in turn, contributes approximately 0.006% of the

overall errors.

Errors caused by ligatures and syllables: Some of the instances of actual ligatures and syl-
lables that contributed towards errors are listed below, and others are given in Table B.1 (refer

Appendix B).

1. & ([dje]) : Conjunct of consonant letter & ([da]) with halan?® it and consonant I ([jo]).
2. T ([tra]) : Conjunct of consonant letter T ([to]) with halant :; and consonant X ([r3]).

3. € ([tto]):Conjunct of consonant letter T ([to]) with a halant :: and consonant letter

([teD-

4. T ([gra]) :Conjunct of consonant letter T ([go]) with a halant :: and consonant ¥ ([ra]).

>Halant/virama is phonological concept in Devanagari which explicitly written after consonant will suppress

vowel sound at the end of consonant which otherwise default for consonant
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5. @ ([ﬁx]) : Consonant & ([|o]) with the vowel signs | ([i:]D and anusvara (-:IIII:).

6. o ([1e]) : Consonant <1 ([lo]) with the vowel candra ([€]) signiiﬁf.

Although these syllables which form conjunct ligature® are similar to Devanagari letter/syllable,
such as € ([tta]), ©T ([dja]), on recognition, it is important to write them correctly as a combina-
tion of Devanagari characters to generate the equivalent syllable. As an example, the conjunct

ligature J ([tro]) consist of consonant d ([ta]) with halant

~

and consonant X ([re]). How-
ever, the OCR output for these types of conjunct ligatures often differs significantly from the
actual conjunct ligature form (see Appendix B; Table B.1, Sr. No 37, 40, 43, 50, 55, 57, 61,
68,73, 74, 78, 79, 80, 81 and 85). This indicates the various ligatures and syllable (consonant

with vowel diacritic) contributes towards errors.

5.6.5.3 Top 50 words that were incorrectly recognized and words that consistently showed

Zero accuracy:

In addition, Table B.2 (refer Appendix B) presents the top 50 incorrectly recognized words.
It lists the actual word, its frequencies, and the corresponding recognition accuracy. It is worth
noting that approximately half of the words within the top 50 error-prone words contain the char-
acter @ ([[2]), either as a consonant or part of a conjunct consonant. Intriguingly, these specific
words consistently displayed a 0% accuracy rate in terms of correct recognition, indicating that
the words with character & ([|o]) were never correctly identified in any instances found within
the corpus. Further analyzing the error, it was found none of the words having character & ([[2])

were correctly recognized.

Further Konkani uses character X and its forms of distinctive conjuncts such as Reph I (refer Ta-
ble 5.24), Rakar b (formed from characters & , <, ¥ ) and eyelash ( = ©) (refer Table 5.24).
It is important to note that, in Konkani there exist numerous words with eyelash (=) like H-IT
([dusoarja] ’to other/second’), T ([borja] good’), faa=n ([tisrja] *to third’), E=T ([kharja]
“truth’), AT ([borjatso] ’after many’). Thus incorporate the use of Zero-Width Joiner, result-
ing in visual variations of the same word, as exemplified in Table 5.24. For example word SH=T
([duserja] ’to other’) has characters & ([da]), 3 (U), ¥ ([sa]), X ([ra]), i (halant), [U+200D]
Zero-Width Joiner (ZW1J), T ([jo]), 3T ([a]) and word gﬂ'ﬂf ([dusorja]) has same characters as in

®https://www.unicode.org/versions/Unicode15.1.0/ch12.pdf
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Category | Syllable Character combination and Unicode
N Y (Zero Width joiner) g
ZW]J 3J
[U+0930] | [U+094D] [U+200D] [U+092F]
3 o g
ZWNJ g
[U+0930] | [U+094D] [U+092F]

Table 5.24: An example words having Zero Width Joiner (ZWJ) and Zero Width Non-Joiner
(ZWNIJ)

previous example except ZWJ. Thus word gets a different appearance for the same set of char-
acters with and without ZWJ, as shown in Table 5.24 and Section 3.5.2. . And it is observed
that the word =T is incorrectly recognized for every occurrences, which is a frequent word in
Konkani (see Table B.2 entry No 22 (refer Appendix B)). It is observed that words with eyelash

are consistently misclassified.

Another example of word UJ<cT having ZWJ, which is consistently misclassified. This word U<
([projotna]’attempt’) as characters U ([pa]), i (halant), X ([ra]), T ([jol), d ([tal), < (halant),
[U+200D](ZW]J), T ([no]). Here, the word having the same characters without ZW1J appears
like W@, ([projotnoa] attempt’) Konkani corpus contains 0.5% words with ZWJ. The words
containing ZW]J consistently displayed an accuracy rate of 0%. These words are also among the
top 50 erroneous words, as indicated in Appendix B; Table B.2 (entries 22 8T ([dusorja] 'to
other/second’) and 42 3 ([jtns] ’attempt’)), both having an accuracy of 0%. Conversely, the
same words presented in Appendix B; Table B.2 (entry 27, i.e. T ([jtno] "attempt’) without the
Z W1 achieved an accuracy of 7.0%. Therefore, the presence of the words recognizing ZWJ poses
achallenge in accurately recognizing the syllables, ultimately diminishing word accuracy. It was
also observed that most of the words having errors belonged to Words with multiple modifiers
category. This can be observed in Table B.2 (refer Appendix B) all the words with error are

having more than one modifier.

It was observed that the most frequent word appearing among the top 10 words, i.e. g ([6i]
’this’) was incorrectly recognized as g ([Ase]), which is a valid word in Hindi, and | ([nhi]
’no’) was recognized as & ([nofi]), which again valid word in Hindi. Additionally, the word
HIR ([molar] ’in the field”) was recognized as AR ([mar] ’beat’), which is a valid word in Hindi

as well as Konkani, thus indicating instances of real errors, i.e., the recognized word is a valid
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word in the same language.

5.6.6 Result and Analysis of MB-NSC on Konkani data

Section 5.6.6.1 details the Performance of MB-NSC error correction on Konkani_EC_test _dataset.

Section 5.6.6.2 error analysis of MB-NSC error correction approach.

5.6.6.1 Performance of MB-NSC on Konkani_ EC test_dataset

Tesseract Hindi OCR | K_MLM-BERT | Norvig_SC | MB-NSC || Improvement
Accuracy
(A) (B) © (D) E=D-A
WA 89.11% 91.80% 89.19% 91.85% 2.74%
CA 95.15% 94.09% 96.16% 97.75% 2.60%

Table 5.25: Word accuracy (WA) and Character accuracy (CA) of K MLM-BERT and
Norvig_SC and MB-NSC approach on Konkani_EC_test_dataset.

The evaluation of error correction approaches K_MLM-BERT, Norvig_SC and a MB-NSC ap-
proach is conducted on Konkani_EC_test_dataset using the ISRI analytic tool for OCR evalu-
ation’. The result revealed that the existing Tesseract Hindi OCR showed a word accuracy of
89.11% and character accuracy of 95.15% on the Konkani_OCR_subset_test_dataset. Subse-
quently, after applying the error correction using the proposed MB-NSC approach, an enhance-
ment in word accuracy was observed, reaching 91.85% and character accuracy was 97.75% on
Konkani_EC_test_dataset. This word accuracy achieved by the MB-NSC approach is similar to

the word accuracy of existing Hindi OCR, i.e., 91.60% as reported (Mathew et al., 2016).

This performance of MB-NSC approach surpasses the performance of other proposed error cor-
rection approaches. Specifically, the K_MLM-BERT method demonstrated a word accuracy of
91.80% and character accuracy of 94.09%. Here, character accuracy of K MLM-BERT de-
creased due to contextual word suggestion, as the word length of the suggested word may not be
equal to the OCRed word. Whereas the Norvig_SC approach achieved word accuracy of 89.19%
and character accuracy of 96.16% on Konkani_EC_test_dataset. These results are presented in

Table 5.25.

"https://github.com/eddieantonio/ocreval
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The Norvig_SC is particularly adept at successfully correcting words with one or two characters,

especially vowels and consonants, that have been incorrectly recognized in the word. It lacks

the capability to offer accurate suggestions due to incorrect recognition of conjunct consonant

or modifies. And the K_MLM-BERT model suggests words based on context. Thus, the pro-

posed MB-NSC approach yielded a word accuracy of 91.85% and character accuracy of 97.75%.

Overall, there was a 2.74% increase in word accuracy and a 2.60% increase in character accu-

racy (see Table 5.25). Additionally, Table 5.26 shows that insertion and substitution errors were

(OCR /post processing) /Types of errors || Insertion | Substitution | Deletion | CER
Tesseract Hindi OCR 1.37 2.29 1.19 4.85
MB-NSC approach 0.47 0.98 0.80 2.25

Table 5.26: Insertion, substitution, deletion error rate and Character Error Rate (CER) on

Konkani_EC test _dataset

reduced by applying the MB-NSC approach. Moreover, deletion errors were partially reduced.

Word category || Tesseract Hindi OCR | MB-NSC approach
WER % WER %
Simple syllable (Without modifiers) || 1.20 0.23
Matras || 1.47 1.09
Eekar || 0.55 0.38
Ookars || 0.33 0.25
Conjunct consonant || 2.06 1.79
Anusvara || 0.98 0.43
Candra || 0.08 0.05
Words with multiple modifiers || 4.22 3.93
Total WER || 10.89 8.15

Table 5.27: Word error rate (WER) of Tesseract Hindi OCR and MB-NSC approach for each

category of words

Table 5.27 shows the category-wise WER for the output of the Tesseract Hindi OCR and MB-

NSC approach. It is observed that most of the errors are introduced by the categories (a) Words
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with multiple modifiers, Conjunct consonants, (b) Matras and (c) Simple syllable (Without mod-
ifiers). This is mainly due to conjunct consonants and character ® and at some extend due to
misclassification of matra such as i (U+0948) to o (U+0947)). Further it is observed that
these errors are reduced using MB-NSC approach. It is also observed that there is marginal im-
provement in categories like Eekar, Ookar and Candra. It is important to understand that these
improvement are due to contextual information and the likelihood of finding the most probable

word within the corpus.

5.6.6.2 Error analysis of MB-NSC approach

Here the section 5.6.6.2.1 shows output given by MB-NSC approach. Section 5.6.6.2.2 shows the
use cases that were used for testing MB-NSC approach. Section 5.6.6.2.3 provides examples of
words corrected by proposed MB-NSC approach having character o (i.e. Specific to Konkani).
It also provides examples of words that had additional character Anusvara that are corrected by
MB-NSC approach. Section 5.6.6.2.4 provides the examples of words that are not corrected by
MB-NSC approach.

5.6.6.2.1 Output of MB-NSC approach The findings of this work suggest that the K_MLM-
BERT provides more precise recommendations (see Table 5.28). For example, the actual word
CARICEIE]] ([karjauvolirtso] "of the program’) is recognized as CARICEAE] ([karjavoki:tso]) by
Tesseract OCR whereas the proposed approach corrects it to CARICEIE] ([karjavelirtso] ’of the
program’). Let’s consider another example to illustrate the effectiveness of the proposed ap-
proach: The actual word RGN ([porrizkaran]) is recognized by OCR as TRIBR ([pororizkaran])
while the correction provided by the suggested model is RIGRH ([porrizkaran]) (see Table 5.28
for more instances). It is important to note that for each example in Table 5.28, Norvig_SC pro-
vided a suggestion same as the OCRed word having 0 probability, which indicates this suggested
word never occurred in the Konkani corpus (Ramamoorthy et al., 2019). Thus, the output of

K_MLM-BERT was considered as final based on MB-NSC approach.

Further, the Table 5.29 shows instances of the word suggested by K_MLM-BERT, Norvig_SC
and MB-NSC approach. For example, the actual word 9oddddhd ([palojotokets] "after seeing’)
was recognized as Ye3Idhd ([paqhathajapakats]), the K_MLM-BERT suggested word as &9
([fav] *me’) and suggestion provided by Norvig_SC was UdIdDT ([palojotokats]). Thus, the
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Sr. No. | Actual word OCRed output K_MLM-BERT output
1 SITeodUIGIY ("networker’) SIXAUIGR NICEMEE
2 SITeodUIGIY ("networker’) SITOIUIGIR NICENEE
3 WRIBR (" Parrikar’ (last name)) TRIPR RIPR

4 RIGRE (’by Parrikar’) TRIPRE RIGRE

5 BodGUIhN (Haldankar (last name)) BBQUIDR BOGU[hIX
6 JfgBrRIfaN (Cof the authorities’) SICEARIEI SIECARIE
7 JTfIBRIID (*to the authorities’) SIECARIED rfeprRID
8 JTfIBRIT (Cthe authorities’) SIEEARIEI IEEapIE
9 IEEIEL (’about the’) m%ﬁ faefi=h

10 FrIfaesar (of the program’) CARICEARI) CARICEIE]
11 HiSdhe (’medical’ (foreign word) ﬁl@_‘ﬁb?ﬁ HfSdhet

12 g (of the year’) a'\’:l_'f%ﬁ g

13 RIS ("advantage’) tﬁﬁ HrRIE!

14 HeRH (’by (Roger) Federer’) w R

15 H®R (’in the field’) qR HOR

16 HhIT (Clower’) Hh Il HhIedT

Table 5.28: Output of K_MLM-BERT indicating suitable output as per context.

final output based on the MB-NSC approach, i.e. Yo8ddhd ([palojotokats]), which is the correct
suggestion. It is important to note that the Norvig_SC suggestion turns out to be consistent. For
example the actual word 90689 ([Ualakh] “identity’), which is recognized as 96 (Uathakh]), and
K_MLM-BERT output as Ia®it ([tovke[i:] ’investigation’) and Norvig_SC provided output as
Jodog (Ua[akh] “identity) with P(do6d)>0. Thus, selecting Joo%g (U@L@kh]) word as the final output
based on the MB-NSC approach. It is important to note that the actual word g% (valok”]
“identity’) appeared in the top fifty words, contributing to the error (refer Appendix B; Table
B.2).

5.6.6.2.2 Use cases used for testing MB-NSC approach Additionally, Table 5.30 shows

examples of five generic possible cases of contextual errors. These cases are as per the proximity
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Sr. | Actual word OCRed K_MLM- Norvig_SC| MB-NSC ap-
No. word BERT output | output proach output
1 | dhodchY (after knowing) DYChT | no suggestion | hoSChY hoochT

2 | SFHJ (mandate) [Sikskakals} no suggestion | SHJ SHAT

3 | YodIddhd (after seeing) Yeddddhd| gld Joodcehd | Yodddehd

4 | 9oy (identity) ElsZc] U Joog Joog

5 | 9% (identity) EI5E] Taml Jog JBg

6 | FII@E (cleanliness) REERIUMRERESII Aagamr | Mg

7 | gId (statisfy) IR | g=gdrd A IdR™ | g

8 | WRIPR (Parrikar (last name)) | TRIPR | RIPR TRIPR RIBR

9 | IH%ME (Washing) Sodlla | SHmdfd STBid | SHMD

10 | <&[YUIT (smallness) g HYUIT | &Y cogHYUT | oglHYU

Table 5.29: Output of K_MLM-BERT, Norvig_SC and MB-NSC approach

of incorrect words in the sentence. Apart from OCRed text, the example in Table 5.30 also
provides its transliteration, English translation, actual text, and MB-NSC output. The five cases

are as follows:

1. Case 1: Only one word is incorrect in a sentence.

2. Case 2: Non-consecutive two words incorrect in a sentence.
3. Case 3: Consecutive two words incorrect in a sentence.

4. Case 4: Majority of words incorrect in a sentence.

5. Case 5: Number or quantity words incorrect in a sentence.

The proposed MB-NSC approach exhibits contextual-based corrections, as evidenced by the
examples in Table 5.30 case 1 and case 2. For example the actual text IR ([molar] ’in the
field’) was incorrectly recognized as HX ([mar] "beat’) and the MB-NSC approach suggests
H®N ([molar], ’in the field’) (see Table 5.30 case 2). It is important to note that the word HodIX
([molar] ’in the field”) appeared among the most frequent words contributing towards error (see
Appendix B; Table B.2). Case 3 shows an example of two words consecutively incorrect. How-

ever, the MB-NSC approach corrects words having one or two character misclassifications. Case
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Case 1: Only one word incorrect in a sentence.

Actual text
Transliteration
English translation
OCRed Text
MB-NSC output

HISHD G Sfcat!
sadesaMka suru jatall

Will start at 6.30

HISHD G STl

NISSERS ORI

Case 2: Non consecutive two words incorrect in a sentence.

Actual text

Transliteration

English translation

OCRed text
MB-NSC output

IR MU 49 a1 Al AT JURTT SRTERT FBR 100 R TS ApSAd! AlG ST,
sachinAn Apalo 49 vo shekado noMdayalyA uparAMta AMtararAstrlya maLAra 100 parasaya
chada sheMkadyAMchl noMda jAIyA.

Sachin (Tendulkar) has recorded more than 100 international centuries after his 49" (ODI) cen-

tury.

G el 49 a1 2be] Aieed IWIT ARSI AR 100 WREY IS Al A e,

G 3TUel 49 a1 dbs! Aleded] IJURTT STRIEI HSR 100 REY TS hsidl Aia STIedl.

Case 3: Consecutive two words incorrect in a sentence.

Actual text
Transliteration
English translation
OCRed Text
MB-NSC

IR TURT o fol! dose i pifSed!
kholAyena tapAsa karuna tichl vaLakha sodUna kadilll

Her identity had been discovered after a thorough investigation

IR U o foel! 908 Hig Priss!

o}

&l

IR IR o forei! do6e HigT Ifs

Case 4: Majority of

words incorrect in a sentence.

Actual text
Transliteration
English translation
OCRed text
MB-NSC output

STEPRT PAREAHT BFeR feapT HaT

adhikArl kumArasvAml haMchera tikA karatAnA
while criticizing Officer Kumarswami

HIPRT PARSIATH! STeh feepT PRI

NIPRT PAREIATH! STeh et R

Case 5: Number or quantity words incorrect in a sentence

Actual text
Transliteration
English translation
OCRed text
MB-NSCoutput

U WA HE% TaDHR AT BATDR 3T

Nava merena maheMdra gAMvakAra Anl kalAkAra Asale
Mahendra Gaonkar and artists were there till nine

T B e FgDR 3T HellhR TR

JTAT AR 85 DR 37T HATDBR N

Table 5.30: Use cases tested with proposed MB-NSC approach

4 shows the example of the majority of words being incorrect but not continuous. In this case,
MB-NSC provides contextual suggestions. Case 5 shows an example where the model cannot
handle appropriate suggestions for numbers. The MB-NSC approach provides contextual words;

however, it may not be a number.
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Actual word OCRed out- | MB-NSC out- | Frequency of actual word in
put put Konkani corpus

TS (all) TS e 1887

HIR (’in the field’) qx HoOR 812

JodYd (identity) EIsC] Joog 736

Yoodd (looking at it) Jhdd Yoo d 669

TodTaUTh (to see) m TooTaUTdh 614

IR (all) TSt TR 595

T3 (seeing) YeJdId CEXRIN] 265

g (meeting) ﬁ?q g 214

oo (meet) ﬁiqg[ Hoout 186

IR (exciting) ShleNiEY SHBMH 186

3MSEad (hurdle) SISIEER CISICEY 177

Table 5.31: Words corrected by proposed MB-NSC approach having character o, along with its

frequency occurring in Konkani corpus

Actual word OCRed word | MB-NSC output
GaRI (news) @E G

Qzlv_\ﬂ'@f (monotonus) Q@ QEb_\‘j,?}f

U (to be taken) 'aiﬁﬁ U

SCICRIE] (with overs) M SICEIE]

SEE (of the opportunity) Hi?ﬁ SEE

T (of nature) @‘T_ﬁﬁ AT

TR (Goa’s) Tﬁﬂ_%ﬁ TR

gauTa (to be taken) ém BERIE

Table 5.32: Examples of words having additional Anusvara that are corrected by MB-NSC ap-

proach

5.6.6.2.3 Examples of words corrected by MB-NSC approach having character ® and
Anusvara: Table 5.31 illustrates the actual word with character ® ([[2]), the OCR-recognized

output, the corrected word by the proposed MB-NSC approach, and its frequency of appearance
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in the gold standard Konkani corpus (Ramamoorthy et al., 2019). As a result, the proposed
system effectively corrects the frequently occurring words with the character & ([|o]). Table
5.32 shows the words showing action specific to the Konkani language were correctly suggested
by the MB-NSC approach. Overall, upon performing character analysis, it was observed that
the MB-NSC approach significantly corrected words with characters o([|o]), which gave zero
accuracy for the words having this character before error correction was applied. Also the errors
contributed by character iiﬁif(anusvara) and ¥ ([e])(candra) were reduced by MB-NSC approach.

It is important to note that these characters were appearing among the top 3 errors.

Sr. | Actual word OCRed K MIM- Norvig_SC | MB-NSC
No. output BERT output | output output

1 | JTSFTeAT (various) P | 39 AT | JITRTe

2 | SUNIU (Ajuna (place)) TN | 3FAR SIS\ SIS\

3 SEIRS R (Sabastian (Name)) SSCINSR] o1 e | e
4 P (cassettes) M no suggestion éﬂé’r aﬂé’r

5 m (friends) %UE\'?T no suggestion %UER-T ﬁsU@R?

Table 5.33: Incorrect word suggested by Konkani_Error_Correction_MLM-BERT(K_MLM-
BERT) and Norvig_SC

5.6.6.2.4 [Example of words not corrected by MB-NSC approach The Table 5.33 shows
instances of incorrect suggestion provided by both K MLM-BERT and Norvig_SC and MB-NSC
approach. For example the actual word RIS ([vegoveg]ja] ’various’) that was recognized
as RTRTeeT ([vegaveguvjal), where K MLM-BERT provided output as g ([don] ’two’) and
Norvig_SC provided output as NTONTEET ([vegoveguvjal) having probability O based on algo-
rithm 4. Both models do not provide correct suggestions for a less frequent word in the corpus,
as shown in Table 5.33 Sr. No 5 and 6. E.g., actual word E\I"TU@:\ET ([frends] *friends’), OCR recog-
nized word %UC{H ([frends]) and K_MLM-BERT did not product any suggestion and Norvig_SC
provided suggestion %U\_'{\‘:f ([frends]), which is same as OCR recognized word. These English
words have been transliterated in Devanagari, whose occurrence is significantly less in the cor-
pus, with only 1 or 2 occurrences. This model basically cannot give correct suggestions for
quantity, e.g. UId (’nine’). It also struggles to suggest accurate foreign English words if their

frequency is less in the training data. It could not provide suggestion for words with ZW1J.
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5.7 Conclusion

Initially performance of the existing OCRs for two different fonts Aparajita and Nakula was
studied. It was observed that OCR accuracy differs for different fonts. Moreover, no multi font
OCR was available. Accordingly, Weighted Syllable based Spell Correction Approach (WSSC)
was proposed for suggesting the most appropriate word based on the error analysis for two fonts
Nakula and Aparajita. Weighted Syllable based Spell Correction Approach(WSSC) was tested
for all three OCR outputs (Tesseract, Indsenz and e-Aksharayan) with BM_Aparajita dataset and
BM_Nakula dataset. The accuracy of Tesseract OCR output for BM_Aparajita dataset increased
from 65.95% to 67.19%. Similarly, the Indsenz accuracy on BM_Aparajita dataset increased
from 53.23% to 55.00%. Small marginal increase was also observed in the OCRs accuracy for
BM_Nakula dataset. To handle new errors, the frequency-based error mapping tuple needs to be
updated, thereby demonstrating its robustness. It handles substitution errors but fails to handle
insertion and deletion errors. Another challenge faced during post-processing is due to the in-
flectional nature of Indian languages. Thus, motivation to provide suggestions for the incorrect
word based on context. Hence, another error correction approach using MLM-BERT was pro-
posed. It has demonstrated its effectiveness for Hindi with a substantial improvement of 3.58%,
showing 95.18% word accuracy, when evaluated on a Hindi OCR dataset. This approach per-
forms well by providing context-sensitive suggestions. Nevertheless, the incorrect suggestions
often align closely with the actual word or most likely based on context. It was also observed that
in some cases, the model does not provide any suggestions. These discrepancies may arise due
to incorrect consecutive words or contextual considerations. The suggested word length could be
much greater or quite less than the OCRed word. This affects the character accuracy. Moreover,
to achieve the main objective of this research of proposed OCR solution for Konkani documents.
Use of Tesseract Hindi OCR on Konkani documents was explored, yielding a word accuracy of
89.25%. The evaluation showed a CER of 4.15% comprising insertion errors (1.02%), substi-
tution errors (2.09%), and deletion errors (1.04%). The topmost error was primarily associated
with the syllable & ([|o]). Therefore, the utilization of Hindi OCR for Konkani text has presented
specific challenges in terms of performance. This lags down ground work for significantly con-
tributing to developing and subsequently improving the accuracy of Konkani OCRed text. This
is achieved through the proposed MB-NSC error correction approach, i.e., combining the state-

of-the-art Masked Language Modeling BERT and Peter Norvig spell corrector for Konkani. The
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MB-NSC approach for Konkani leveraged contextual information to provide precise word cor-
rections, effectively handling words with special characters unique to the Konkani language,
including those containing the character @ ([|2]). Thus accomplishing a 2.74% enhancement in
word accuracy and 2.60% of character accuracy compared to the current Tesseract Hindi OCR

and demonstrating its efficacy in rectifying errors in the OCR output text during post-processing.
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Chapter 6

Algorithm Proposed and Implemented for
Error Detection: Devanagari Multilingual

Model

6.1 Background and Motivation

Post-processing has two parts, namely, error detection and error correction. Error detection
detects errors, and error correction corrects the same. On detecting the OCR errors, only those
words can be corrected using error correction techniques to improve the overall accuracy. Hence,
error detection becomes an equally important phase in post-processing. In chapter 5, error de-
tection was performed using a dictionary-based approach separately for Konkani and Hindi.
Work was reported on error detection for Indian languages such as Hindi and Sanskrit, along
with Malayalam, Kannada, and Gujarati. Most existing research on OCR error detection for De-
vanagari has primarily focused on the Hindi language, achieving an F-score of 0.82 using RNN
(Vinitha and Jawahar, 2016) (refer chapter 2; Section 2.3.1). However, Devanagari is used by
ten languages. It would be beneficial to have a single error detection model in Devanagari for
all Indian languages. Currently, no work has been reported to identify post-OCR error for De-
vanagari in a multilingual document. However, challenges involved in detecting OCR errors for
Indian languages are their script complexity, their inflectional nature as indicated by (Sankaran
and Jawahar, 2013), poor availability of language resources, and real errors concerning context,
i.e., a wrongly recognized word might be valid in the same language. For example, the Konkani

valid word ARG [mogal] is incorrectly recognized as AT [moga), which is a valid word in the
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Konkani language (refer Table 6.1). Here, the incorrectly recognized words are indicated in red
and underlined. The correctly recognized words are in green. Another concern is that a word
incorrectly recognized in one language may be valid in another, as shown in Table 6.1. For ex-
ample, the actual Konkani word g [hé] is incorrectly recognized by OCR, giving output as g
[ho€], which is a valid word in Hindi. In such cases, a language-based error detection model will
aid in correctly identifying errors, unlike other traditional methods such as the dictionary-based

or n-gram error detection approaches.

Example 1: Konkani word incorrectly recognized is valid word in Konkani language

Actual text (Konkani) || T&TT AN T STA-TT Sad} AR ST,

English translation || I need loving and caring life partner.

OCRed output || F&THT AR ST SR Sadt TRTC ST

Example 2: Konkani word incorrectly recognized is valid word in Hindi language
Actual text ( Konkani) g TS GTPZI?QT?JY'T TIR Sa0d ST,

English translation || You have to be prepared to hear all this.

OCRed output || & TS ARIGUT TIRT Ga¥dh ST,

Table 6.1: Actual text in Konkani and its OCR recognized output

This work creates a multilingual model for OCR error detection in Devanagari OCR using
mBERT with CNN which supports four languages namely Hindi, Konkani, Marathi, and Nepali
The following were the challenges involved in creating a multilingual Devanagari model specific

to one script:

i. Limited resource languages: It is crucial to have an OCR system specifically designed for
the target language to detect OCR errors. However, in the case of languages like Konkani,

an OCR system needs to be made available.

ii. Inter-language misclassification: The OCR models may incorrectly classify words that
belong to one language as valid. For example, an invalid word in Konkani may be incor-
rectly classified as valid in Hindi or vice versa. As illustrated in Table 6.1. This indicates
the need for improved language differentiation and handling of language-specific charac-

teristics.
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iii. Domain-specific word detection: OCR systems may face difficulties in detecting words
from specific domains or specialized vocabularies. For instance, English words translit-

erated into Indian languages might not be correctly recognized or classified as errors.

iv. Code Mixing Challenges: Sentences or texts that combine multiple languages, such as
Konkani and Hindi, pose challenges for OCR error detection. The models may strug-
gle to accurately classify and process code-mixed content, leading to lower accuracy in

identifying errors.

This chapter is organized as follows: Section 6.2 provides the structure of the proposed solu-
tion to create a multilingual model for Devanagari. Section 6.3 provides details about dataset
used for this work. Section 6.4 discusses the performance of existing Hindi OCR on Konkani,
Marathi and Nepali. Section 6.5 details the experiment setup for error detection using Multilin-

gual BERT. Section 6.6 presents the result. Section 6.7 concludes the chapter.

6.2 Structure of proposed solution

This work initially studied the performance of existing Hindi OCR on the Indic-OCR-test-dataset,
which supports four languages: Hindi, Konkani, Marathi, and Nepali. The best OCRed out-
put for all these four languages was selected. This optimal OCR was then used to generate
the OCRed text to create the Indic-post-OCR-dataset (refer Chapter 4; section 4.3.6), which
was used for training and testing the multilingual Devanagari model Next, fine-tuning of the
mBERT tokenizer and model was carried out, leading to the creation of the multilingual De-
vanagari model for OCR error detection. This model utilized mBERT with CNN and the Indic-
post-OCR-dataset, supporting the four languages: Hindi, Konkani, Marathi, and Nepali. This
work aimed to address the low-resource, inter-language classification challenges and present an
approach to identify OCR errors not only in Hindi but also in three more languages: Konkani,

Marathi, and Nepali.
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6.3 Datasets

There are two dataset used for this experiment (i) Indic-OCR-test-dataset to test OCR having four
languages and (ii) Indic-post-OCR-dataset used to train and test error detection approach(refer
Chapter 4; section 4.3.6). Table 6.2 shows the characteristics of/ndic-post-OCR-dataset that has

been used for training and testing the proposed model for Devanagari OCR error detection.

Training Testing
Language
Correct words | Error words | Correct words | Error words
Hindi 153162 49054 42797 3888
Konkani 98194 45095 32720 2357
Marathi 151579 64367 44490 4833
Nepali 154050 88310 44534 10014

Table 6.2: Characteristics of Indic-post-OCR-dataset

6.4 Performance of Hindi OCR on languages:Konkani, Hindi,

Marathi and Nepali

Tesseract OCR Indsenz OCR
CA WA CA WA

Dataset

Hindi-Indic-OCR-test-dataset || 95.87% | 91.24% | 93.30% | 84.88%
Konkani-Indic-OCR-test-dataset || 95.19% | 88.1% | 83.55% | 50.6%
Marathi-Indic-OCR-test-dataset || 96.39% | 91.45% | 93.13% | 79.5%
Nepali-Indic-OCR-test-dataset || 95.95% | 87.96% | 88.44% | 62.29%
CA: Character Accuracy & WA: Word Accuracy

Table 6.3: Performance of Tesseract and Indsenz OCR using Indic-OCR-test-dataset

This work has studied the performance of available Hindi Devanagari OCRs, namely, Tesser-

act and Indsenz, on the test datasets Hindi-Indic-OCR-test-dataset, Konkani-Indic-OCR-test-
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dataset, Marathi-Indic-OCR-test-dataset. and Nepali-Indic-OCR-test-dataset. This study was
carried out to select the OCR that gives higher accuracy for Hindi, Konkani, Marathi, and Nepali.
Table 6.3 shows the word and character accuracy of our test datasets on Tesseract and Indsenz
OCR of the Hindi language. It is observed that Indsenz OCR word accuracy varies from 50.6%
to 84.88%, and Tesseract OCR word accuracy varies from 87.96% to 91.45%. Tesseract OCR
performed better for all four languages. Hence, the Tesseract OCR of the Hindi language was
selected to perform text recognition for all four languages and further to work on OCR error

detection.

6.5 Experimental setup for Error Detection using mBERT

This section describes the procedure used to create a model to detect errors from Devanagari
OCRed text for four languages, Hindi, Konkani, Marathi, and Nepali, using Bidirectional En-
coder Representations from Transformers (BERT) with Convolutional Neural Network (CNN).
BERT is a multi-layer bidirectional transformer encoder pre-trained on extensive unlabeled data.
It performs two tasks: Masked Language Model (MLM) and Next Sentence Prediction (NSP).
The BERT models work at the sentence and token level. Also, BERT needs fine-tuning to handle
a specific problem. If the BERT model does not support a specific language, it needs a training
model with the data. Here, the error detection problem works at the token level, classifying the
token as either valid (label 0) or invalid (label 1). Figure 6.1 shows the proposed system. It has

five modules as follows:

I. To create label data.
II. Training BERT tokenizer.
III. Training BERT model.
IV. Preparing input to train and test error detection model.

V. Building Error Detection model.

Each of these modules is explained in detail below. Figure 6.2 further shows the input and output

of modules I and IV in detail with examples.
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Creating label data
[GS_aligned] text [OCR_aligned] text

,3 I. Creating label data

_ Il Training BERT tokenizer
! 1Il. Training BERT model

NLTK sentence ””3 IV. Preparing input to train and test error detection model
tokenizer H o ‘
H V. Building Error Detection model

Sentence from GS and OCR text

List of words from GS and OCR

Assigns binary label 1 and 0
for each word

,"’Training BERT tokenizer
| Token, Label

bert-base-multilingual-cased : I
] 4 Preparing input to train and test error detection model
- multi-li Subtoken, Label ( w
Rt ] ID IDs to attention

tokenizer 1to ID mask
Label D Attention Mask

| Dev-multi-lingual
: tgkenizer |

Corpus

Building
tokenizer

BERT Model BERT Model Dev-multi-lingual

/Training BERT model
Dev-multi-lingual

Corpus CNN
T Building Error Detection model
[ Error Detection Model ]
Figure 6.1: Proposed System: Error Detection Model.
. —Vertical line (U+007C) [GS_aligned)] text
[OCR_aligned] text F O U A ToraH ST AT Gl U et 7 4 |

FT G T FodT foreeT ST 6T T o) Tah fondtal o Y
Devanagari Danda
(U+0964)
Split words

HE, O, O, HERT, TR, e, v, weer, T, fharet, e,

J

Assigns binary label 1 and 0 J

for each word

J Token, Label

FE, O, "TF, ‘AT, o, ier, v, weEreR, we, R, &, W
0 0 0, 0, Q, 0, 0, 0, 0, 0, 0 1,

' i '

BERT Dev-multi-lingual
tokenizer

l Subtoken, Label
T, BT, Y, Hav, v, e, s, o= T,
o, 0, O

FA, T, T, HERT, TN, o, T,
0, 0, 0,0 0 0 0 0 O 0, 1,

0, 0, 0, 0, 0, 0

Figure 6.2: An example for module I and IV in proposed system
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I. To create label data:
Each file in Indic-post-OCR-dataset consists of three parts (a) [OCR_tolnput], (b) [OCR_aligned],
and (c) [GS_aligned] (For more details refer Chapter 4; Section 4.3.6). The sentences
have been extracted from [OCR_aligned] and [GS_aligned] text from the dataset using
NLTK English sentence tokenizer. Further, it split these sentences from [OCR_aligned]
and [GS_aligned] text into words based on space. Next, it assigns label O if the OCRed
word equals words from the GS_aligned sentence. Else, label 1 is assigned. This dataset

was split into 65:15:20 ratios for training, validation, and testing for each language.

II. Training BERT tokenizer:

OCRed text
T R U HART oI TSl |1 o Uah ol i ¥ep |

BERT ”"bert-base-multilingual-cased” tokenizer output

H, #4079, W, TP, TH, #4, O, o, #4078, ##00, , #4007, B, ##1, ##07,
#H#9, #HR, WD, 1o, ##1, ##9, ##H, B, 3, ##05, |

BERT Dev-multi-lingual tokenizer output
T U, U, pHNT, O, ##8, A ##:00, ##:501 Al B, ##41 ##TR, Uh, fhdme,
##idl, B, Y, |,

Table 6.4: Multilingual BERT Tokenizer output

The BERT model requires the input data in a suitable format to obtain the corresponding
embedding of the sentence. The input to the BERT model is a sentence of a fixed length.
Each token was given a distinct ID when the BERT model was trained. So, in order to
employ a pre-trained BERT model, each token in the input sentence must first be con-
verted into its corresponding unique ID. Sentences are padded to achieve a fixed length
for input. BERT tokenizer is essential to obtain unique token ID. The BERT tokenizer
will split the word into two subwords (token). The first token is frequently seen word
(prefix) in a corpus. Two hashes are prefixed to the second token to indicate that it is a
suffix following some other subwords. Further, it converts subwords to unique IDs using
the BERT tokenizer. The label of subwords is the same as that of the actual word. The

bert-base-multilingual-cased tokenizer supports 104 languages, which includes Hindi,
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I1I.

IV.

Marathi, and Nepali (Devlin et al., 2019). Table 6.4 shows the actual text and output of
bert-base-multilingual-cased tokenizer. Here, it is observed that a word that doesn’t need
to be tokenized still goes through the process and creates a token as a character. Exam-
ple 79 [mats] word is tokenized as A, and ## 9, similarly the word fararai [kitabo] is
tokenized as ﬁ?, ##dl, ##9, and #H, However, to make the tokenizer more suitable
for these languages, the bert-base-multilingual-cased tokenizer was trained with the lan-
guage data and termed it as Dev-multi-lingual. The output of the Dev-multi-lingual can
be seen in the third row of Table 6.4. In this case, word 59 is not tokenized further, and
the word fasaTall is tokenized correctly as fheTd and ## 1. Thus, subword splitting gives
better performance. The corpus used for training Hindi, Konkani, Marathi, and Nepali is
shown in Table 4.9. Additional Konkani corpus was also taken from the Konkani LDC-IL

(Ramamoorthy et al., 2019) and ”Konkani Viswakosh”"

Training BERT model:

The BERT Model "bert-base-multilingual-cased” supports Hindi, Marathi, and Nepali.
However, using this model, it was difficult to achieve a satisfactory F-score to classify
errors. Because of this, the BERT Dev-multi-lingual tokenizer is used and a corpus to
train further the pre-trained BERT model “bert-base-multilingual-cased”. The corpus

used here is the same as that used in module II to build a tokenizer.

Preparing input to train and test error detection model :

The BERT Dev-multi-lingual tokenizer is built and used to tokenize the words into tokens.
Further, the tokens were converted to their IDs, creating an attention mask. Then, the token
ID, label, and attention mask were given as input to the next step of the model-building

module. This was done for training, validation and testing data.

Building Error Detection model:

The BERT Model Dev-multi-lingual and CNN trained with the labeled training data cre-
ated in module IV to classify words in a sentence as error or otherwise. Here, BERT em-
beddings were given to CNN. The CNN architecture has four convolutional layers with
four different kernel sizes, i.e. (2, 3, 4, and 5), having 32 filters. Further, there is a max-

pool layer. The final layer is the linear layer, which takes the output from the maxpool

Ihttps://wikisource.org/wiki/Index:Konkani_Viswakosh_Voll.pdf
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layer. The maxpool layer and convolutional layer have stride=1, with n-gram information

(1, 2, 3, 4, 5 gram). The learning rate is default from BERT.(Devlin et al., 2019).

Learning Curve Learning curve
0.8 0.26 —&— training loss
' 0.24 —&— validation loss
0.8
0.22
0.7
§ 0.20
= 06 a
3 5 018
& 0.5
016
0.4
014
0.3 —&— training Acc
—a— validation Acc 0.12
0.2
0 1 2 0 1 2
Epoch Epoch
(a) Training and Validation Accuracy. (b) Training and Validation Loss.

Figure 6.3: Learning Curve for Dev-multi-lingual-Error-Detection-Model. (a) Training and Val-

idation Accuracy. (b) Training and Validation Loss.

The above procedure was followed to create five models. Four models were created for individual
language namely, Hindi_Model, Konkani_Model, Marathi_Model and Nepali_Model, trained
with respective languages data. Finally Dev-multi-lingual-Error-Detection-Model was created,
which is trained with data from all four languages. All five models started overfitting after epoch
1. Figure 6.3 shows the training, validation loss, and accuracy for Dev-multi-lingual-Error-

Detection-Model.

6.6 Results and Analysis

20% of Indic-post-OCR-dataset has been used to evaluate each model. To evaluate the model,
True Positive (TP), True Negative (TN), False Positive (FP) and False Negative (FN) values
are used. TP gives the percentage of errors correctly detected, and TN gives the percentage of
correct words that are identified as valid by the model. The FN value shows the percentage of
undetected errors. The FP shows the percentage of correct words labeled as errors. An effec-

tive error detection system should have good TP without generating much FP. Table 6.5 shows
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the TP, TN, FP, and FN for the models. Precision, recall, and F-score for five models are pre-

sented in Table 6.6. The language-specific model namely, Hindi_Model, Konkani_Model,

Model Testing language TP TN FN FP
Hindi_Model Hindi 7.59% | 90.19% | 0.74% | 1.48%
Konkani_Model Konkani 6.38% | 91.03% | 0.34% | 2.24%
Marathi_Model Marathi 8.74% | 88.55% | 1.06% | 1.65%
Nepali_Model Nepali 11.49% | 76.53% | 6.87% | 5.12%
Hindi 7.40% | 90.19% | 0.93% | 1.48%
Dev-multi-lingual-
Konkani 6.21% | 91.03% | 0.52% | 2.24%
Error-Detection-
Marathi 8.74% | 88.43% | 1.06% | 1.77%
Model
Nepali 11.61% | 76.53% | 6.99% | 5.12%

Table 6.5: TP, TN, FN, and FP of error detection models tested with each of the languages

Model | Testing language | Precision | Recall | F-score

Hindi_Model Hindi 0.84 0.91 0.87
Konkani_Model Konkani 0.74 0.95 0.83
Marathi_Model Marathi 0.84 0.89 0.86
Nepali_Model Nepali 0.69 0.63 0.66
Hindi 0.83 0.89 0.86
Konkani 0.73 0.92 0.82
Dev-multi-lingual-Error-Detection-Model
Marathi 0.83 0.89 0.86
Nepali 0.69 0.62 0.66

Table 6.6: Precision, Recall and F-score for error detection models

Marathi_Model and Nepali_Model, shows an F-score of 0.87, 0.83, 0.86 and 0.66, for Hindi,
Konkani, Marathi and Nepali respectively. And the Dev-multi-lingual-Error-Detection-Model
model, which supports all four languages shows an F-score for all four languages similar to that

of the respective language-specific models. These models also show high recall.

Table 6.7 shows examples of the OCRed word, the actual word, the gloss, the output of the Dev-

multi-lingual-Error-Detection-Model model, and the actual label for each language. Firstly, it
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Language | OCRed word Input Actual Gloss Model* output | Actual
Word Label
CIE]] CIE]] books v v
Hindi
CENLCEC] 3~c:d¥ | undergarments | X X
CEIC) 3 just like that v v
Konkani - -
R qgeild | already X X
Nl Nl old v v
Marathi
SIEJIGG] SIAIET | from the eyes | X X
IR RIE] know v v
Nepali .
ENINI ESIE thousands X X
* Dev-multi-lingual-Error-Detection-Model output

Table 6.7: Example of Dev-multi-lingual-Error-Detection-Model output for each of the lan-

guages.

was observed that the model could identify words with apparent errors. Secondly, it correctly
identifies the word with error, although it is a valid and frequent word in another language, as
shown for in Table 6.8 e.g.1. In this example 1 Konkani sentence was input to the model and one
of the incorrectly recognized word was 8! [nohi], which is a valid and frequent word in Hindi.
This table has four rows, first with actual text in a specific language such as Konkani, second
column is its English translation, third is OCRed text, which is input to the developed model,
and the fourth row shows text labeled by Dev-multi-lingual-Error-Detection-Model. Here, the
green-colored text indicates the word is correct (label 0), and the red-underlined text indicates

the word with an error (label 1).

Thirdly, the model correctly classifies words as per context, although trained with four languages,
as shown in Table 6.8 e.g. 2 and 3. In Table 6.8 example 2, the word g [hé] is recognized as g
[hoe], which is incorrect, and the model correctly classifies it as an error. The same word g ap-
pears in example 3, where it is correctly recognized by OCR, and the model classifies it as valid.
Next example 4 in Table 6.8 the word AR [mogal] is recognized as T [moga] both are valid
words in Konkani, the model correctly identifies the 91T as incorrect word (refer Table 6.8 e.g.4).

Another example in Table 6.8 e.g.5 the Marathi word et [veli] was incorrectly recognized word

111



Chapter 6:Error Detection: Devanagari Multilingual Model

Actual text (Konkani) ESNEIR] Ih =,
English translation | Not the Ranger’s fault.
el OCRed output NORTH T Ih '_-lﬁ
Dev-multi-lingual-Error-Detection-Model VORI qdh &,
Actual text (Konkani) g b WC{'I??[ TR STHD 3.
English translation | You have to be prepared to hear all this.
°82 OCRed output %ﬂ Mqlfﬁ TIRY g S,
Dev-multi-lingual-Error-Detection-Model | & TS _RIPUTE TIRT Ganch ST,
Actual text (Konkani) | 90T & & HIUYUMH A& TR TRITA.
English translation | But he wouldn’t be willing to accept this
cg easily.
OCRed output | JUT & GI AYUUIH A IR TR,
Dev-multi-lingual-Error-Detection-Model | 0T g Al GiugorE Hch TIR AR
Actual text (Konkani) | ¥&Thl RIS 37T ST Bt FTei ST
English translation | I need loving and caring life partner.
s OCRed output | F&lhT ‘:ﬁ_TIT 3T STaETRT B} Tt ST,
Dev-multi-lingual-Error-Detection-Model | F&1hT ]:ﬁ_TIT 3T ST Bt Tt ST
Actual text (Marathi) | <UT IR T Hodicied URFIHU T
SNNCINEETSSICN
g English translation | That’s when the pollen from those fruits
sticks to their bodies.
OCRed output | T d& T Hediciial IRFIHUT T
IRRTETT fRreheda.
Dev-multi-lingual-Error-Detection-Model | <1 aj 2] @ QRIThUT T
IRRTETT b,

Table 6.8: Dev-multi-lingual-Error-Detection-Model output correctly classify context words

(real errors).

Jet [vedPiz], which is a valid word in Marathi and model correctly identifies as invalid (refer Ta-

ble 6.8 e.g.5) Lastly, it was observed that this model correctly classifies punctuation marks in

each of the languages as shown in tables 6.8 and 6.9.
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A | 378 TN & 9RF IS H1H Fos JCH B, TTS! ST & ISl H $H8 I8 Al 9,
IR THT A1S IR IR |

B | 378 To1d &1 JRH IS HF Froe HCHl &, el ANl & ST H 8 W6l oIl
T, gww%wmj

C | 3181 799 PT 99RF Fe H1H Pos FCH B, TSl (@ B ST H B8 &l Sl
¥, YR T 7S IR I |

Remark 3&l (Interjections)

3T or SRISH (Similar Spelling)

E'TIEQI ($ Canonical Equivalence)

TOAE oY (Z(U+0921)+ < (U+093C) Constituent characters)
T o as (g (U+095C) Precomposed character )

A:Actual text (Hindi) B: OCRed Text

C: Dev-multi-lingual-Error-Detection-Model Output

Table 6.9: Output of Dev-multi-lingual-Error-Detection-Model for 3 types of words 1) Interjec-

tions 2) Valid words having similar spelling 3) Words having Canonical Equivalence character

Actual text (Code Mixed Konkani Hindi) I ST QIR FEUIeld ~837?

English translation || Isn’t it called sweetheart?

OCRed output || HI ST RN} TEUEIT 787 .

Dev-multi-lingual-Error-Detection-Model Output I I R FUIETd =837

Table 6.10: Output of Dev-multi-lingual-Error-Detection-Model for sentence having code mixed

(Konkani & Hindi).

Let’s now look at the model’s inadequacies. First, the model could not correctly classify inter-
jections (38T [oha]) as shown in Table 6.9. Second, it cannot classify words having equivalent
canonical characters” ie TSI [t3godi] as shown in Table 6.9. Third, the incorrectly recognized
word 3RS [égre&i] , which has spelling quite similar to actual word 3RISf [égré&%i] is classi-

fied as valid by the model as seen in Table 6.9. In this case, the model has labeled the invalid

2Canonical equivalence is a form of equivalence that preserves visually and functionally equivalent charac-

ters.https://www.w3.org/TR/ilreq/
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Actual text (Nepali) || dTg Q]!

English Translation || Wow brother!
OCRed text || dTg .
Dev-multi-lingual-Error-Detection-Model || 918 GIN]!

Table 6.11: Output of error detection Dev-multi-lingual-Error-Detection-Model for Nepali.

word as correct in the instance. Fourth, the model does not classify correctly recognized foreign
transliterated words as valid unless the word is frequently used within the same domain. The
proper noun is classified as invalid if it does not appear in training data. Next, it fails to classify

words correctly in a code mixed sentence, as shown in Table 6.10, which contains a sentence

in Hindi-Konkani. Example in this sentences ¥ ST QNI FgUICTT 78? [sobose dzan pjari
mhnpotats nhoj]? , the part of sentence is in Hindi i.e. T ST IRy [sobose dzan pjari]| and
other part of the sentence is in Konkani ¥8UICId =837 [mhnptats nhoj]?. In this sentence, the
OCR-recognized text is correct. However, the model classified some of these words as incorrect.
Lastly it does not identify a valid number as an error. For example, the actual text is SHIA e
25 and OCRed text is STHIF 5 25, However, the developed model classifies number 5 as a valid
text. Otherwise, if the number is invalid, eg. 1008%, the model correctly classifies it as invalid.
In Nepali, one word can be written in a variety of ways. Because of this, error detection in Nepali
is more difficult than in other languages (Shahi and Sitaula, 2022). For example, word et
in Nepali can also be written as e, ?ﬂ%ﬂ‘[ or Ffae, which convey the same meaning. As
a result, the model identifies the wrongly recognized word GIEEE] [saka\zin] as valid. Another
example in Nepali T @17 [mul "oka] and 'J%&F R’ [muk"j dvar] are different words with
same meaning. Consequently, a word’s frequency of occurrence within a corpus may affect how
it is classified. Again, the model classifies interjection word dTg [vah] in Nepali as invalid, as

shown in Table 6.11.

6.7 Conclusion

This chapter presents a study on the performance evaluation of two Hindi Devanagari OCRs,
namely Tesseract and Indsenz. The evaluation is conducted using Indic-OCR-test-dataset which

supports four languages; Hindi, Konkani, Marathi and Nepali. The findings indicate that Tesser-
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act OCR outperforms Indsenz OCR across all four languages. Consequently, Tesseract OCR is
selected as the basis for creating the training and test dataset called Indic-post-OCR-dataset.
Dev-multi-lingual-Error-Detection-Model was created using the Indic-post-OCR-dataset, em-
ploying mBERT with CNN techniques. The model’s performance is evaluated on the four In-
dian languages mentioned above. Additionally, separate models are created for each language.
The test results reveal that the F-score of the language-specific models is similar to that of the
Dev-multi-lingual-Error-Detection-Model. The study demonstrates the potential of leveraging
existing tools designed for resource-rich languages to provide solutions for low-resource lan-
guages. A model was successfully developed that supports all four languages. Error analysis
indicates that the model accurately identifies real errors but struggles with classifying interjec-
tions and code-mixed sentences. Furthermore, the model faces challenges in detecting words
from different domains, particularly English words that have been transliterated. Addressing

these shortcomings requires further research.
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Chapter 7

Multi-Font Text Recognizer for Hindi

7.1 Background and Motivation

OCR supporting multi-font text is essential as the data is available in different fonts. The perfor-
mance study of OCRs showed a difference in the OCR’s accuracy for each font (refer Chapter
5; Section 5.3). However, there is no study showing the distribution of these errors with re-
spect to their types. Additionally, there is no multi-font OCR available for Hindi. With the error
correction approach, it was possible to handle insertion errors but not very successfully handle
deletion errors (discussed in Chapter 5; Section 5.7). Thus, the objective is to reduce insertion

and deletion errors for multi-font text images.

The chapter is organized as follows; Section 7.2 which creates training and testing dataset for
five fonts. Section 7.3 details the performance of existing OCRs on text in five fonts. Section
7.4 builds multi-font text recognizer for Hindi. Section 7.5 discusses the results. Section 7.6

concludes the chapter.

7.2 Data creation for text line in five fonts

Different properties are considered while choosing the fonts, such as vertical terminals with
serifs, horizontal and left swooshes, and variations in grey value with light and dark tones. The
Nakula, Baloo, Dekko, Biryani, and Aparajita fonts (see Figure 7.1 and refer to Section 1.2 for
the importance of fonts) with regular styles are selected based on these font properties. These
five different fonts are used to create training data using text from the corpus available at Centre

for Indian Language Technology (cfilt.iitb, 2023). The Python script was used to create images
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g AT IT Hiadl g3 Adl 2
9E BT AT HBfdar a&e STt &
JEF g FHiadl agd ST 2

I8 BT AT FHidT Ieat aTdl &
qE el 2 DIl el Slledl &

Figure 7.1: Sample text in fonts (from top to bottom): Nakula, Baloo, Dekko, Biryani and Apara-

Jita

of each line in the text corpus for fonts. The training data is created for all five fonts, namely
Nakula, Baloo, Dekko, Biryani, and Aparajita. 1t consists of an image file of each line in text
document images and its corresponding text. Training data consists of 500K images and the
same number of text files. This training data is named as Multi_Font_Train dataset. To create
test data, the text from standard Dataset IIITH (Mathew et al., 2016) is used, which consists of
100 image files and corresponding text files . This data creation involved generating text lines

in five different fonts. The test data is created using the following steps:

1. Created text files named as Text Files TestDataset for each text line in these 100 text files

of standard dataset. There are 2812 text files in Text_Files TestDataset.

2. For each of the file in Text_Files_TestDataset it creates corresponding text document im-
ages for Nakula font using python script, which take input as text and font style and output
is same text as document image in ”.png” format. This is named as BMT_Nakula dataset,

which has 2812 files in ”.png” format.

3. Like step 2, created the test dataset for Baloo font named as BMT_Baloo dataset consisting

of 2812 files in ”.png” format.

4. Similarly, created test dataset for Dekko font named as BMT_Dekko, Biryani font named

as BMT_Biryani and Aparajita font named as BMT_Aparajita.

118



Chapter 7:Multi-Font Text Recognizer for Hindi

7.3 Performance of existing OCRs

The performance of the three most popular Devanagari OCR systems, namely Tesseract, Ind-
senz, and e-Aksharayan OCR, on text document images in different font, specifically Nakula and
Aparajita, is discussed here. The performance results of these OCR systems are shown in Table

7.1. These results demonstrate that OCR accuracy is dependent on the fonts used. OCR error

Font/OCR || Tesseract | Indsenz | e-Aksharayan
Nakula 90.14% | 81.74% | 70.14%
Apargjita || 77.27% | 33.21% | 22.20%

Table 7.1: Performance of OCR’s Character Accuracy for text in different font.

Type of ErrorOCR || Tesseract | Indsenz | e-Aksharayan
Insertion 9.01% 5.17% | 15.07%
Substitution 9.54% 41.52% | 55.32%
Deletion 3.37% 19.34% | 7.39%

Table 7.2: Error analysis of OCR’s for text in Aparajita font.

Type of Error/OCR || Tesseract | Indsenz | e-Aksharayan
Insertion 4.27% 5.59% | 10.58%
Substitution 3.53% 7.49% | 33.19%
Deletion 1.86% 4.20% | 8.09%

Table 7.3: Error analysis of OCR’s for text in Nakula font.

types were examined to understand the reason for different accuracy. OCR typically produces
three types of errors: insertion, deletion, and substitution. These errors are analyzed using the
OCR evaluation tool (Rice and Nartker, 2022). Table 7.2 shows the percentage of type errors
for document images in Aparajita font, and Table 7.3 shows the percentage of type errors for

document images in Nakula font. It was observed from this that insertion and deletion errors
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differ for these two fonts. This shows that the type of OCR error differs for each font. Han-
dling the insertion and deletion type of error in the post-processing OCR output is difficult. This
work attempts to minimize insertion and deletion type errors and to create OCR, which shows

consistent accuracy across all font.

7.4 Experimental setup for Multi-Font Text Recognizer using

LSTM neural networks

OCRopus (OCRopy, 2023) is an open-source document analysis and recognition tool utilized to
create the Multi-Font OCR. It uses Recurrent Neural Networks (RNN) for recognition, specifi-
cally a 1D LSTM architecture. In this architecture, a window with a height equal to that of the
input image (referred to as the “depth of the sequence”) and a width of 1 pixel (called a ’frame”)
moves over the text line. These 1D sequences (frames) are then fed to the input layer of the

LSTM network.

To achieve normalization, it is important to ensure that the sequence depth is consistent across
all input text-line images. The system is trained with the Multi_Font_Train dataset. The LSTM
Recurrent Neural Network learns the sequence mapping of Hindi text in different fonts. The
model has 48 inputs, 200 nodes in a hidden layer, and 249 outputs. The inputs to the network are
columns of pixels, which are fed into the network one at a time from left to right. The outputs
are scores for each possible letter. The learning rate and momentum were set to standard values
of 0.0001 and 0.9, respectively. The final model was created after 800,000 iterations. This was
named as MFD_OCR.

7.5 Results and Analysis

7.5.1 Accuracy of OCR’s on text document images of different font

ISRI analytic tool is used to evaluate OCRs (Rice and Nartker, 2022). OCR’s performance
was evaluated with the created test dataset for all five fonts namely BMT_Nakula, BMT_Baloo,
BMT_Dekko, BMT_Biryani and BMT_Aparajita. The performance of OCR’s for test dataset is
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shown in Table 7.4. The best character accuracy for BMT_Nakula, BMT_Baloo and BMT_Aparajita

Dataset/OCR Tesseract | Indsenz | e-Aksharayan | MFD_OCR
BMT_Nakula 90.14% | 81.74% | 70.14% 89.23%
BMT_Baloo 89.64% | 78.15% | 62.93% 88.49%
BMT_Dekko 77.87% | 72.34% | 47.51% 89.03%
BMT_Biryani 88.56% | 77.28% | 59.41% 88.89%
BMT_Aparajita || 77.27% | 33.21% | 22.20% 69.87%

Table 7.4:

test dataset is shown by Tesseract OCR. The proposed MFD_OCR performs better for BMT_Dekko
and BMT_Biryani test dataset compared to all other OCR’s.
OCR’s showed very low accuracy for BMT_Aparajita test dataset. It has been observed that

each OCR accuracy varies for each font, but MFD_OCR obtained consistent accuracy across all

the fonts.

7.5.2 Error analysis for Tesseract OCR, Indsenz OCR, e-Aksharayan OCR

and MFD_OCR for each test dataset.

Performed the error analysis of all OCR’s with the help of OCR evaluation tool (Rice and

Nartker, 2022). The error in OCR is due to insertion, substitution and deletion of the character.

These errors are discussed in detail for each of the test dataset.

OCR’s Character Accuracy on test dataset

The Indsenz and eAksharayan

Type of Error/OCR || Tesseract | Indsenz | e-Aksharayan | MFD_OCR
Insertion 4.27% 5.59% | 10.58% 4.91%
Substitution 3.53% 7.49% | 33.19% 5.55%
Deletion 1.86% 4.20% | 8.09% 0.86%

Table 7.5: Percentage of OCR’s errors for BMT_Nakula test dataset.

Table 7.5 shows the percentage of errors for each of the OCR for BMT_Nakula test dataset. The

insertion and substitution type of error are less in Tesseract OCR for BMT_Nakula dataset. The
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MFD_OCR has less deletion type of errors and insertion type of error is nearly the same as that

of Tesseract OCR.

Type of Error/OCR || Tesseract | Indsenz | e-Aksharayan | MFD_OCR
Insertion 4.98% 7.78% | 20.19% 4.58%
Substitution 2.72% 8.46% | 14.24% 5.39%
Deletion 2.10% 3.90% | 2.62% 0.90%

Table 7.6: Percentage of OCR’s errors for BMT_Baloo test dataset.

The Table 7.6 shows the percentage of errors for each of the OCR for BMT_Baloo dataset. The
insertion and deletion type of error are less in MFD_OCR for the BMT_Baloo dataset. The

Tesseract OCR has less substitution type of errors.

Type of Error/OCR || Tesseract | Indsenz | e-Aksharayan | MFD_OCR
Insertion 6.05% 7.07% | 6.50% 2.23%
Substitution 7.71% 12.60% | 30.35% 6.79%
Deletion 7.86% 7.19% | 15.62% 1.49%

Table 7.7: Percentage of OCR’s errors for BMT_Dekko test dataset.

Table 7.7 shows the percentage of errors for each of the OCR for BMT_Dekko dataset. The

insertion, substitution and deletion type of error are less in MFD_OCR for BMT_Dekko dataset.

Type of Error/OCR | Tesseract | Indsenz | e-Aksharayan | MFD_OCR
Insertion 4.29% 5.63% | 4.56% 4.42%
Substitution 4.09% 10.75% | 23.37% 4.94%
Deletion 2.54% 522% | 12.65% 1.00%

Table 7.8: Percentage of OCR’s errors for BMT_Biryani test dataset.

Table 7.8 shows the percentage of errors for each of the OCR for BMT_Biryani test dataset. The

Tesseract OCR has fewer substitution and insertion type errors. The MFD_OCR has less deletion
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type of errors and insertion, and substitution type of error is nearly the same as that of Tesseract

OCR. Table 7.9 shows the percentage of errors for each of the OCR for BMT_Aparajita test

Type of Error/OCR || Tesseract | Indsenz | e-Aksharayan | MFD_OCR

Insertion 9.01% 5.17% 15.07% 6.24%
Substitution 9.54% 41.52% | 55.32% 22.61%
Deletion 3.37% 19.34% | 7.39% 1.40%

Table 7.9: Percentage of OCR’s errors for BMT_Aparajita test dataset.

dataset. The insertion type of error are less in Indsenz OCR for BMT_Aparajita dataset. The
MFD_OCR has less deletion type of errors, and The Tesseract OCR has less substitution type

of errors.

7.5.3 Percentage of types of errors for each of the OCR’s for different types
of fonts style

Figure 7.2 plots the percentage of deletion type of errors for each test dataset versus OCRs. It is
observed from Figure 7.2 that the proposed MFD_OCR gives less deletion errors for all types
of font, which has been tested with a particular type of dataset. Figure 7.3 plots the percentage
of insertion type errors for each test dataset versus OCRs. Figure 7.3 showed Multi-Font OCR
has consistent insertion type of error for all fonts, which has been tested with a particular type
of dataset. Figure 7.4 plots the percentage of substitution type of errors for each test dataset
versus OCRs. Finally, substitution types of error are also consistent for all fonts in MFD_OCR,

except for text in Aparajita font.

7.6 Conclusion

This work studies the performance of existing Hindi OCR on two fonts Nakula and Aparajita and
analysed the type of errors. It was observed that types of OCR errors are not consistent for these
two fonts. This work has contributed to the design of multi-font OCR for Hindi (MFD_OCR),
supporting five fonts using LSTM (open-source OCRopus). Results showed that, MFD_OCR
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Deletion errors of OCR’s on different fonts

B = BMT_Aparajita
0.9 = BMT_Nakula

MFD_OCR [ ]1.49 — BMT _Dekko
[10.86 = BMT_Baloo
1.4 = BMT_Biryani
I 12.65
N 2.62

e-Aksharayan | | 15.62
| | 8.09
| | 7.39
I S 22
N 3.9
Indsenz | | 7.19
L 42
| | 19.34
I 2 .54
N 2.1
Tesseract | | 7.86

[ ]1.86
O 1337

Figure 7.2: Deletion type of errors of OCR’s for text document in different fonts

Insertion errors of OCR’s on different fonts

I — BMT_Aparajita
H0.9 a4z = BMT_Nakula

MFD_OCR [ ]2.23 — BMT_Dekko
O 4091 = BMT_Baloo
| | 6.24 = BMT_Biryani
I .56
N 2.62

e-Aksharayan | | 6.5
| | 10.58
| | 15.07
I 5 63
T 4.58
Indsenz | | 7.07
| | 5.59
| |5.17
I 420
A 20.19
Tesseract | | 6.05

L 1427
| ] 9.01

Figure 7.3: Insertion type of errors of OCR’s for text document in different fonts
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Substitution errors of OCR’s on different fonts

= BMT_Aparajita
39 = BMT_Nakula

MFD_OCR|[  16.79 — BMT_Dekko
55 = BMT Baloo

== BMT_Biryani

| 1 55.32

I 8.46
Indsenz| 1126

L 1749

|

| 41.52

I 4.09
272

Tesseract | |7.71
[13.53
L 1954

Figure 7.4: Substitution type of errors of OCR’s for text document in different fonts

demonstrated consistent accuracy across all five test datasets and achieved comparatively good
accuracy for text in the Dekko and Biryani fonts. Unlike other existing Hindi OCRs, the insertion
and deletion errors for the MFD_OCR were consistent for all five fonts; Nakula, Baloo, Dekko,
Biryani and Aparajita. It showed negligible deletion errors i.e. less than 1.4%. Additionally,
Tesseract OCR had the lowest substitution error rate compared to all other OCRs and achieved

the highest accuracy for text in the Nakula, Baloo, and Aparajita fonts.
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Chapter 8

Multi-Font OCR for Konkani

8.1 Background and Motivation

Konkani is primarily spoken along the west coast of India, specifically in the state of Goa, where
itis an official language. Given its relatively lower resource availability compared to more widely
spoken Indian languages such as Hindi, developing an OCR for Konkani can be a valuable en-
deavor. To create digital corpus for Konkani language, the digitization of Konkani books and
newspaper articles can be of great help. However, the written text is often found to occur in
multiple fonts, as shown in Figure 8.1, a sample clipping from Konkani local newspaper Bhaan-
garbhuin'. This clipping has text in different fonts. Because of this, having OCR compatibility

for several fonts is crucial.

The accuracy of NLP tools depends on the availability of a vast and good-quality corpus. De-
veloping NLP tools for Konkani can be speeded up by creating a huge corpus for Konkani. An
OCR supporting multiple fonts can help us to achieve this objective. There has been limited

exploration in the field of OCR with multiple fonts.

This research has highlighted that usage of characters, ligatures, and syllables (akshara) differs
for each language (refer Chapter 3, Section 3.8) and its appearance differs for different fonts.
OCR accuracy differs for different font (refer Chapter 5; Section5.3). There is need to develop
multi-font Konkani OCR (refer chapter 5; Section 5.6.5). As an open-source solution, Tesseract
OCR has demonstrated acceptable accuracy for Hindi (refer Chapter 5; Section 5.3 and Chapter
7, Section 7.5), compared to other available OCRs. Tesseract version 4.0 supports data models

for both Latin and Indian languages. It also supports model for the Devanagari script. When it

'https://epaper.thegoan.net/3755632/BHAANGARBHUIN/BHAANGARBHUIN#page/1/1
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Figure 8.1: Bhaangarbhuin Konkani newspaper articles

comes to creating models using Tesseract, there are generally two primary methods:

(a) Training from Scratch: This method involves training a model entirely from the ground
up. It typically requires a substantial amount of training data, including images of text
and corresponding transcriptions. Training from scratch is a resource-intensive process
often used when there are no existing models or when the target script or language differs

substantially from existing models.

(b) Training from existing models: This involves taking an existing model with similar script
or language characteristics and adapting it for a specific use case. This method is less data-
intensive compared to training from scratch. It’s a more desirable approach for languages

or scripts that are closely related to those for which models already exist.

For less-resourced languages, fine-tuning an existing model that supports a similar script can

be a practical and effective way to create OCR solutions. Second approach is used along with
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the Devanagari.unicharset® and Devanagari.traindeddata® model to provide an OCR model for

Konkani.

This chapter is organized as follows: Section 8.2 provides details of training and test datasets.
Section 8.3 shows Devanagari Tesseract OCR’s performance on the Konkani test dataset with
ten fonts. Section 8.4 discusses the structure of proposed solution to create multi-font OCR
for Konkani. Section 8.5 describes the procedure for creating multi-font OCR for the Konkani
language. Section 8.6 discusses the results. Section 8.7 provides the details of Konkani OCR

tool interface. Section 8.8 concludes the chapter.

8.2 Datasets

A gold standard Konkani raw text corpus was taken from LDC-IL (Ramamoorthy et al., 2019)
containing 3619017 words. The dataset has been divided into two subsets: training and test data.
The test data, comprising 27,067 words, has been selected in inline with the available Hindi OCR
dataset from IIITH (Mathew et al., 2016). The remaining data has been used as training data
consisting of 3591950 words. The procedure used to create the Konkani training dataset is as

follows:

(i) The training data has been merged in one file named merged_text. This file has one word

on each line.

(ii) Furthermore, this merged_text file is input, Nakula font and 12 pt font size is input to the
procedure text2img-doc (refer Chapter 4; Section 4.3.1), thus creating N_text and N_Img
files.

(iii) Step (ii) is repeated for nine other fonts, namely Amiko, Lohit Devanagari, Biryani, Cam-

bay, Eczar, Gargi, Asar, Baloo, and Aparajita

This dataset is named Konkani_train_dataset, which consists of N_text and N_Img files in the
Konkani language for each font. Thus, total image and text files are 10 times of N_fext and

N_Img files. The Konkani_test_dataset (created in Section 4.3.5) is used as test dataset.

Thttps://github.com/tesseract-ocr/tessdata/tree/main
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8.3 Performance of Devanagari Tesseract OCR on Konkani

test data having 10 fonts Konkani_test_dataset

Sr. No. Font name Sample text
1 Amiko Ed Tl &I arrasd
2 Lohit Devanagari gid Uent Wﬁ EIEE]
3 Biryani &1 Tl gRTenTel CIEE]
4 Nakula B Tl GBI AT
5 Cambay Eid UT Y&Ihid drfdent
6 Eczar §1d Th! JEIBTd dlfeied,
7 Gargi gid el qReiepicl difereet
8 Asar £ T TFIehia T
9 Baloo &id TehT [RAbid aiferen,
10 Aparajita &1d U1 YIAdid aiferec

Table 8.1: Sample Konkani text in ten fonts

This section shows the performance of the existing Devanagari Tesseract OCR on the dataset
with ten fonts. In this study, ten fonts are selected, namely Amiko, Lohit Devanagari, Biryani,
Nakula, Cambay, Eczar, Gargi, Asar, Baloo and Aparajita. These fonts are selected based
on their usage in Konkani books, newspapers, and online articles. The Nakula, Amiko, Lohit
Devanagari fonts are commonly employed for the Devanagari script. Nakula is known for its
curved characters and slight variations in stroke thickness®. Nakula font aligns with the writing
style observed in the existing Hindi OCR evaluation dataset (Mathew et al., 2016; Kundaikar
and Pawar, 2020) and in Konkani books. Also, Amiko font is observed in Konkani books. In
addition to these, other fonts, such as Cambay, Eczar, Gargi, Asar, Baloo and Aparajita have
been chosen to support various types of Konkani content, such as newspaper articles and poetry
books. Furthermore, fonts namely Lohit Devanagari, Nakula, and Gargi are supported in cur-
rently used applications like I&TEX for research article writing. Table 8.1 shows Konkani text
in ten fonts. It is important to note here that the character appearance and the representation

of conjunct consonants differs based on font. E.g., the conjunct consonant & in word arfret

3https://bombay.indology.info/software/fonts/devanagari/index.html
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appears differently for font Amiko and Cambay. Devanagari Tesseract OCR was tested using

Konkani_test_dataset Devanagari Tesseract OCR
with font | Word Accuracy | Character Accuracy

Amiko 95.71% 97.39%

Lohit Devanagari 95.45% 97.30%

Biryani 95.21% 97.09%

Nakula 94.89% 96.85%

Cambay 94.74% 96.20%

Eczar 91.50% 96.09%

Gargi 93.66% 96.85%

Asar 89.55% 94.07%

Baloo 90.12% 95.07%

Aparajita 83.67% 93.61%

Average 92.43% 96.05%

Table 8.2: Performance of Devanagari Tesseract OCR on multiple fonts

Konkani_test_dataset. The performance of Devanagari Tesseract OCR on Konkani_test_dataset
for each of the ten fonts is shown in Table 8.2. It is observed that accuracy differs for groups of
fonts. For example, a dataset with font Amiko, Lohit Devanagari, Biryani has a word accuracy
of 95%. The dataset with font Nakula and Cambay has 94% word accuracy, and Gargi shows
93% word accuracy. Baloo and Asar showed 90% word accuracy. Konkani_test_dataset with
font Aparajita showed 83% word accuracy. For Konkani, the primary sources of printed data
are newspaper articles and books. However, the text in these newspapers often uses multiple
fonts. Consequently, it is essential to have an OCR that can handle multiple fonts effectively.
This capability is crucial for future developments, similar to OCR for English, which supports

recognizing text in multiple fonts.

Table 8.3 lists top 10 errors exhibited by Tesseract Devanagari model. It is observed that top
most errors are because of consonant ¥. And third most errors are because of consonant . The

objective is to reduce these consonant errors and build OCR for Konkani supporting multi-font.
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Devanagari Tesseract OCR
Sr. No.
Actual character Error
1 ¥ Consonant [ra] 0.112%
2 "(U+2019)(Right Single Quotation mark) | 0.101%
3 <1 Consonant 0.057%
4 " (U+2018) (Left Single Quotation mark) | 0.055%
5 *“ Left double quotation mark 0.053%
6 7 Question mark 0.039%
7 | £3(U+0945) Candra E 0.034%
8 d Consonant 0.024%
9 7 Independent vowel 0.017%
10 o Devanagari vowel sign 0.008%

Table 8.3: Top 10 substitution errors exhibited by Devanagari Tesseract OCR on Konkani

_test_dataset for Amiko, Biryani, Nakula, Cambay, Eczar, Gargi and Asar fonts

8.4 Structure of proposed solution

This work provides an OCR solution for less-resourced Konkani using Tesseract LSTM com-
posed in the Devanagari. This approach extends support for recognizing characters in multiple

fonts.

8.5 Experimental set up to create OCR for Konkani using

Tesseract LSTM

The procedure for creating an multi-font OCR model for Konkani language involves the follow-

ing steps, and the block diagram of same is shown in Figure 8.2.

(i) Dataset Used: The Konkani_train_dataset as described in section 8.2 is utilized here for

training purpose. Further, box files are created for each of the images.

(ii) Generation of character set for Konkani (i.e. .unicharset file): Unicharset files are gener-

132



Chapter 8:Multi-Font OCR for Konkani

L _ Generation -
] ) Creating Unicharset Devanagatri.unichar
Konkani_train_ box file G set

dataset kon_init.unichar

set

Merge two

unicharset
kon_init.unichar
set
Devanagari.unich
arset

Rebuild ./stm

model
Devanagatri.lstm
with
kon_init.unicharset

Extract
Istm

[ Devanagari./stm] [ kon_init.traineddata ] Devanagari.Istm
model from
Devanagari.train

eddata

Training to
create kon.traineddata model
model

Generate

Istmf file

Figure 8.2: Procedure to create kon.traineddata model

ated based on the box files specific to Amiko font. Obtaining the character set from the data
for any single font is adequate. Moreover, the Amiko font exhibited a distinct appearance
for Devanagari conjunct consonants. This step involves creating a character set represent-

ing the characters in the training data. This unicharset is named as kon_init.unicharset.

(iii) Extract 1stm model from Devanagari. traineddata® model: The .Istm model is extracted
from Devanagari.traineddata using combine_tessdata*. Thus it generates Devanagari.lstm

model.

(iv) Merge character set file (i.e. .unicharset file): The character sets for Devanagari. unicharset®

and kon_init_.unicharset are merged using merge_unicharsets6. This step combines the
characters from these languages to create a unified character set that can accommodate

characters from both .unicharset files. This file is named as kon.unicharset .

“https://github.com/tesseract-ocr/tesseract/blob/main/doc/combine_tessdata.l.asc
Shttps://github.com/tesseract-ocr/langdata
®https://github.com/tesseract-ocr/tesseract/blob/main/doc/merge_unicharsets.1.asc
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v)

(vi)

(vii)

(viii)

8.6

Rebuild Devanagari.lstm model: The Combine_lang_model’ takes kon.unicharset file
generated in step (iv). Further, it rebuilds the Devanagari.lstm model (created in step
(iii)). It also generates a starter traineddata file, e.g., kon_init.traineddata that serves as
a base for training a Long Short-Term Memory (LSTM)-based neural network model for

OCR.

Generate training files: The .Istmf files are generated for each of the box file. This is done
by setting specific parameters such as page segmentation mode psm?® is set to 6, and OCR
engine mode (oem) is set to 1, for the Istm.train command. The path to these files are

appended to a text file named as training_files.txt

Training with pretrained Model®: Training is initiated using Istmtraining command with
the parameter Devanagari.lstm model generated in step (v) as a base. Along with the
training_files.txt generated in step (vi) and kon_init.traineddata generated in step (v) as a
starter model. The objective is to adapt this model to the characteristics of Konkani. This
step results in the creation of the kon.traineddata model specifically tailored for Konkani.
Training parameter such as psm is set to 6. And (oem) is set to 1. Debug-Interval is set
to 0. The max-iteration is set to 10,000. Further, it generates checkpoints periodically

written as the model with the minimum training error at that point in training.

The best checkpoint is converted to OCR model named as kon.traineddata, which is also

referred to as Konkani_Multi_Font OCR.

Results and Discussion

This section has four parts: Section 8.6.1 discusses the performance of Konkani_Multi_Font

OCR on Konkani_test_dataset for each font. Section 8.6.2 delves into the detailed errors gen-

erated by Konkani_Multi_Font OCR on Konkani_test_dataset. Section 8.6.3 compares the top

10 substitution errors exhibited by Devanagari Tesseract OCR and Konkani_Multi_Font OCR.

Section 8.6.4 shows the performance of Konkani_Multi_Font OCR on Konkani books and news-

paper articles (real data).

"https://github.com/tesseract-ocr/tesseract/blob/main/doc/combine_lang_model.1.asc

8https://tesseract-ocr.github.io/tessdoc/ImproveQuality.html

https://github.com/tesseract-ocr/tesseract/blob/main/doc/lstmtraining.1.asc
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The evaluation metrics used to measure the performance of the OCR are Word accuracy (WA),
Character accuracy (CA), Character Error Rate (CER). OCR evaluation tool (Rice and Nartker,
2022) has been used to calculate OCR’s word and character accuracy. Additionally, the wor-
daccsum and accsum commands are used to calculate average word and character accuracy and

obtain details of insertion, substitution, and deletion errors (Rice and Nartker, 2022).

8.6.1 Performance of Konkani_Multi Font OCR on Konkani_test_data

Konkani_test_dataset Konkani_Multi_ Font OCR
with font | Word accuracy | Character accuracy

Amiko 97.22% 97.91%

Lohit Devanagari 97.22% 97.91%
Biryani 97.22% 97.91%

Nakula 97.09% 97.93%

Cambay 97.02% 97.65%

Eczar 95.68% 97.08%

Gargi 95.63% 97.48%

Asar 95.00% 96.81%

Baloo 94.99% 96.42%

Aparajita 92.34%% 96.17%
Average 95.94% 97.33%

Table 8.4: Performance of of Konkani_Multi_Font OCR on Konkani_test_dataset

For ten fonts, the Konkani_Multi_Font OCR has been tested with Konkani_test_dataset. Table
8.4 displays the word and character accuracy of Konkani_Multi_Font OCR on Konkani_test_dataset
for each of the font. It is observed that Konkani_Multi_Font OCR showed word accuracy of
97% on test dataset with Amiko, Lohit Devanagari, Biryani, Nakula and Cambay font. Further,
it showed word accuracy of 95% on Eczar, Gargi and Asar font. Additionally, the OCR showed
word accuracy of 94.99% and 92.34% on Baloo and Aparajita font respectively. On average,
Konkani_Multi_Font OCR showed word accuracy as 95.94% and character accuracy as 97.33%

on Konkani_test_dataset (refer Table 8.4).
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Table 8.2 shows the word and character accuracy of existing Devanagari Tesseract OCR on
Konkani_test_dataset for ten fonts. The average word and character accuracy for Devanagari
Tesseract OCR is 92.43% and 96.05% respectively. It is vital to note Konkani_Multi_Font OCR
showed consistent word and character accuracy for a group of fonts. On average, there is an
improvement in word accuracy by 3.51% compared to the Devanagari Tesseract OCR word. Ta-
ble 8.5 illustrates the output of both Devanagari Tesseract OCR and Konkani_Multi_Font OCR
on Konkani_test_dataset using Amiko font, which yielded the highest word accuracy for both
OCRs. It has been observed that Konkani_Multi_Font OCR accurately recognizes the words

that Devanagari Tesseract OCR could not.

Actual word | Devanagari Tesseract OCR output | Konkani_Multi_Font OCR output
= = =

feremet EEIE EEIE]

SE SE SE

A i Al

TR EUCHE| TR

HICTARTT | HQACTARIIT YACTANRTT

Ve 3 Ve

EREIR] EREIR] DI

ot dra ot

Table 8.5: Output of Devanagari Tesseract OCR and Konkani_Multi_Font OCR on Konkani_

test_dataset for Amiko font

8.6.2 Error analysis of Konkani_Multi_Font OCR

A detailed error analysis of Konkani_Multi_Font OCR is presented. This has two sub-parts:
Section 8.6.2.1 provides details regarding the types of errors exhibited by the OCR (i.e., inser-

tion substitution and deletion) and its percentage. Section 8.6.2.2 provides details of different
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substitution errors.

8.6.2.1 Type of OCR errors: insertion substitution and deletion

Usually, the OCR character errors can be categorized into three main types based on the nature
of the error:(a) Insertion errors, (b) Substitution errors, and (c) Deletion errors. Table 8.6 shows
the percentage of insertion, substitution, deletion errors and CER shown by Konkani_Multi_Font
OCR on Konkani_test_dataset for each of the font. It is observed that Konkani_test_dataset with
font, Baloo and Aparajita, are exhibiting higher substitution errors compared to the other eight
fonts. Hence, Konkani_test_dataset was divided into two categories on the basis of substitution
errors. The first category includes test dataset with font Amiko, Lohit Devanagari, Biryani,
Nakula, Cambay, Eczar, Gargi, and Asar, which is named as Category-I. The second category
consists explicitly of Konkani_test_dataset that employ the Baloo and Aparajita font, which
is named as Category-II. The average CER exhibited by Konkani_Multi_Font OCR is 2.67%
(refer Table 8.6 last row). The average percentage for each of the error specific to Category-1
and Category-II is 2.42% and 3.71% respectively as indicated in Table 8.6 (third and second last

row).

8.6.2.2 Type of substitution errors

A detailed substitution error analysis was conducted for Konkani_test_dataset for Category-
I and Category-II fonts. The substitution errors are divided into six types based on charac-
ter/syllable'” that generated errors. First four are based on the four types of Devanagari character
set and the other two types of error are based on Devanagari syllables'® and Numbers. They are
named as Devanagari signs'! and other characters (E1) , Devanagari Dependent vowels'!(E2),
Devanagari consonants'! (E3), Independent vowels'! (E4), Devanagari Syllables'%/Conjunct con-
sonant (E5) and Numbers (E6). Table 8.7 shows the average percentage of error exhibited by
Konkani_test_dataset for Category-I and Category-II fonts for each type of the substitution er-

Ior.

Additional details of these substitution errors are provided in Table C.2 and Table C.3 (refer

Appendix C for Category-I and Category-II respectively. Examples for each of the errors is

Onttps://w3c.github.io/ilreq/
Unttps://www.unicode . org/charts/PDF/U0900 . pdf
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Font | Konkani_test_dataset % of errors
category with font | insertion | substitution | deletion || CER
Amiko | 0.34% 0.22% 1.53% || 2.09%
Lohit Devanagari | 0.34% 0.22% 1.53% || 2.09%
Biryani | 0.34% 0.22% 1.53% || 2.09%
Nakula | 0.32% 0.35% 1.40% || 2.07%
Category -1
Cambay | 0.27% 0.27% 1.81% || 2.35%
Eczar | 0.77% 0.48% 1.67% || 2.92%
Gargi | 0.38% 0.30% 1.84% || 2.52%
Asar | 0.49% 0.39% 2.31% || 3.19%
Baloo | 1.38% 0.71% 1.49% || 3.58%
Category -1l
Aparajita | 0.76% 1.60% 1.47% || 3.83%
Category -1 average | 0.41% 0.31% 1.70% || 2.42%
Category -1l average | 1.07% 1.16% 1.48% || 3.71 %
Overall average | 0.54% 0.48% 1.66% || 2.67%

Table 8.6: Percentage of insertion, substitution and deletion errors exhibited by Konkani_

Multi Font OCR

Error type name Substitution error type || Category-1 | Category-I1
El Devanagari signs and other characters 0.102% 0.063%
E2 Devanagari Dependent vowels 0.077% 0.124%
E3 Devanagari consonants 0.066% 0.681%
E4 Independent vowels 0.044% 0.062%
ES Syllables/Conjunct consonants 0.017% 0.031%
E6 Numbers 0.002% 0.012%

Table 8.7: Average percentage of errors exhibited by Konkani_test_dataset for Category-I and

Category-I1I fonts for each type of substitution error

shown in Table C.4 (refer Appendix C). These words were top 38 words incorrectly recognized

by Konkani_Multi_Font OCR, always giving zero percent accuracy. The details of each of these

substitution type errors along with percentage and example are here:
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(E1):

(E2):

(E3):

(E4):

Devanagari signs and other characters: this type of substitution errors are mainly intro-
duced by Devanagari signs'! and other character such as single quotation mark, question
mark, colon, round bracket, etc. Through Table 8.7, it is observed that Category-I shows
0.102% and Category-II shows 0.063% of overall average errors respectively. As a re-
sult, the dataset that uses the Category-II font contains less errors of this kind. In both
categories these errors are mostly due to incorrect recognition of character * (left single
quotation mark) and ’ (right single quotation mark). And partial errors have occured due
to Devanagari sign Anusvara iZIZ§(U+0902)” and Candrabindu iiﬁi\::'(U+0901)“ (refer Ta-
ble C.2 and Table C.3 (refer Appendix C) for more details). Some of the examples that
contributed for incorrect recognition of Devanagari sign i Anusvara is primarily due to
the formation of complex syllables, e.g., word 3fafd [orodat] was recognized as a3refd
[orodat], to identify Anusvara in this word is a challenging task (for more examples refer
Appendix C Table C.4 Sr.No 1-5 ). Errors exhibited by a single quotation are due to words
such as W', which was recognized as W These two are different quotation marks.
For more examples refer Appendix C Table C.4 (Sr.No 29-38).

Devanagari Dependent vowels: This type of substitution errors are due to incorrect
recognition of Devanagari dependent vowels!!. Itis observed that Category-I and Category-
11 showed 0.077% and 0.124% of total errors respectively. In both category these are pri-
marily due to the dependent vowel < (U+0945) Candra E'' (refer Appendix C Table C.2
and Table C.3 for more examples). Here Category-II showed a higher percentage of this

error compared to Category-I fonts.

Devanagari consonants: This type of error is based on incorrect recognition of Devana-
gari consonant!!. The Category-I showed 0.066% of errors. Mostly due to consonant d ,
which is recognized as 9 and T is recognized as ¥. refer to Table C.2 (refer Appendix C)

for more examples.

The Category-I1I showed 0.681% of errors. Mostly, this is shown by consonant g, which
is often recognized as 8. This is due to its appearance exhibited by font Aparajita and
Baloo, e.g. gJd ([have] gloss: T did) (see Table 8.1). More example can be referred
in Table C.3 (refer Appendix C). In comparison to Category-I , Category-1I displayed a

higher percentage of consonant type of error.

Independent vowels: This type of error encompasses the incorrect recognition of De-
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(ES):

(E6):

vanagari vowels!!. Tt is observed that Category-I and Category-II contribute towards
errors 0.044% and 0.060% of average errors for each category, respectively. Mostly due
to incorrect recognition of independent vowels such as T (U+090d)!'. Which is mostly
incorrect recognition of Devanagari dependent vowel < (Candra E). It is important to
note that its occurrence is mostly seen in the foreign language borrowed words. e.g. Trert
(noun: Anthony), T8 ([ed] gloss: Add), T4 ([epol] noun: Apple), etc. As an exception in
Konkani orthographical rules (Bhave et al., 2015). Examples of an error that occurred due
to incorrect recognition of < (Candra E) are word G2 [entPoni] is recognized as U=t
[énghani] (refer Table C.4 Sr.No 6-21 (refer Appendix C)). It is observed that these words
are borrowed words from foreign languages like T (noun: Anthony), et (gloss: Ap-
ple), s (gloss: And), etc. And the word Anthony is written as G2 in Hindi due to
its pronunciation. It is also important to note that these words were less frequent in the

Konkani_Train_dataset. Thus, errors are generated due to the same.

Syllables/Conjunct consonants: This type of error is incorrect recognition of Devanagari
syllable!'/Conjunct consonants. The Category-I has 0.017% of error. These mostly due
to incorrect recognition of conjunct consonant/syllable & [ddo] , which is recognized as &

[ho] . And other example is € [ddo] , which is recognized as g [du].

The Category-II has 0.031% of total errors The examples can be referred in Table C.3 (re-
fer Appendix C). The errors exhibited by syllables/conjunct consonants appear in Table
C.4 Sr.No 22-28 (refer Appendix C). For example, word TS [ekogot"tPo] was recog-
nized as T@TEA! [ekogoadPo].

Numbers: Errors occurred due to incorrect recognition of numbers. Here, Category-I
and Category-II showed 0.002% and 0.012% of overall overage errors respectively. For
example such as number 9 was recognized as 9 [b"s], number 27 recognized as 2T [[a],

and number 37 is recognized as 31 [o]. However, this error percentage is negligible.

The top 50 words having frequent occurrences, which are always correctly recognized for all

ten fonts, are shown in Table C.1 (refer Appendix C). Overall, it is observed the model faces

challenges to recognize ‘ (left single quotation mark), * (right single quotation mark) and oF

(Candra E). These errors can be handled by post-processing error correction approach.
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8.6.3 Comparison of top 10 substitution errors exhibited by Devanagari
Tesseract OCR and Konkani_Multi_Font OCR on Konkani_test_dataset

for Category-I fonts

Devanagari Tesseract OCR Konkani_Multi_Font OCR
# | Actual character Error % || Actual character Error %
1 | Y Consonant [ro] 0.112% '(U+2019)(Right Sin- | 0.045%

gle Quotation mark)

2 | "(U+2019)(Right Single Quotation | 0.101% g Independent vowel 0.04%
mark)

3 | of Consonant 0.057% || ' (U+2018) (Left Single | 0.037%

Quotation mark)

4 | ' (U+2018) (Left Single Quotation | 0.055% {IZ\:-'(U+0945) Candra E 0.03%

mark)
5 | ‘* Left double quotation mark 0.053% || 1 Independent vowel | 0.018%
6 | ? Question mark 0.039% || g Consonant 0.01%
7 {IZ?(U+0945) Candra E 0.034% || -1 Consonant 0.009%
8 | d Consonant 0.024% || T Independent vowel | 0.008%
9 | <+ Independent vowel 0.017% || < Anusvara 0.008%
10 | Devanagari vowel sign 0.008% || e Consonant 0.008%

Table 8.8: Top 10 substitution errors exhibited by Devanagari Tesseract OCR and Konkani_

Multi_Font OCR on Konkani_test_dataset for Category-I fonts

Table 8.8 shows the top 10 errors exhibited by Devanagari Tesseract OCR and Konkani_Multi_Font
OCR on Konkani_test_dataset for category-1 fonts. It is observed that Devanagari Tesseract
OCR exhibited three most common substitution errors were associated with the consonant ¥

[ra], " right single quotation mark, and third was by consonant & [lo].

Konkani_Multi_Font OCR exhibit errors top 3 errors are the '(U+2019) (Right single quotation
mark), iZIZ\S-J(U+0945) (Candra E), and ' (U+2018) (left single quotation mark). It is observed that
the consonant errors are less compared to Devanagari Tesseract OCR. It is much easy to handle

errors due to Devanagari sign than consonant.
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8.6.4 Performance of Konkani Multi Font OCR on real data

The output of Devanagari Tesseract OCR and Konkani_Multi_Font OCR output on real data
newspaper clip can be seen in Figure 8.3. The words marked in red color indicate incorrectly rec-
ognized words. Some examples of these OCR outputs are given in Table 8.9. The Konkani words
UTdIeaT [patol|d], Heow! [mel]i] and BTN [fajodjat] are correctly recognized by Konkani_Multi_Font
OCR and not by Devanagari Tesseract OCR. The word FRI2 ([merothon] gloss: marathon)
is a foreign language borrowed word, and overlapping of characters can be seen in the input
image. Thus, these words are challenging to recognize correctly by Devanagari Tesseract OCR

and Konkani_Multi_Font OCR.

Input TRl foaaet WY MR STiae aeunedret
TRTER Ueh SEcTel & Hewdl, Tl 3igA foar &
Fell, WIS WAl T SR dehol ThTe

T Gear=dn gsvThi=T AT Fages ISl JUar A g1 U AGid @aga YSAl. TUAR
T Teaerel Hq HITARR S&a=dl UM || gt fa=ra) e TIARR STl Ao
WquwdﬂaﬁHwaﬁ.ﬂaﬁﬁq\ﬁﬁﬂ’r@E ;ww-;mﬁ@mmaﬁﬁaﬁug

Devanagari Tesseract OCR output Konkani_Mufti Font OCR output

Figure 8.3: Output of Devanagari Tesseract OCR and Konkani_Multi_Font OCR on newspaper
clip

The Konkani multi-font OCR has also been tested with a Konkani text in two-column book for-
mat on ten pages having 5963 words, which exhibits 98.80% word accuracy. Sample input image
is shown in Figure 8.4 along with its Konkani_Multi_Font OCR output. The incorrect charac-
ters are indicated in red. It is also tested with 40 Konkani articles from Bhaangarbhuin Konkani
newspaper'2, which exhibits 97.35% word accuracy. Figure 8.5 shows the sample Input image

and OCR output. This accuracy is higher than the average accuracy on Konkani_test_dataset.

https://epaper.thegoan.net/
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Input Devanagari Tesseract OCR output | Konkani_Multi_Font OCR output
Hdl | doch o)

PRER | prre PRI

W | e e

3!

et

g

USRI

R

TR

=

Hd

IR

UIBIG]

Table 8.9: Words from newspaper clip in different fonts and its corresponding Devanagari

Tesseract OCR and Konkani_Multi_Font OCR output

The reason for same is this data is Konkani data with minimum foreign words.

8.7 Konkani OCR interface

OCR for Konkani language has been developed and made available in Goa University private
network for testing p. The OCR tool takes an image as input, and output is OCR recognized

Devanagari text as shown in Figure 8.6.

8.8 Conclusion

This research addressed the need for a dedicated OCR for the Konkani language, a low-resource
language officially written in the Devanagari script. Thus, this work has developed a Konkani_Multi_Font
OCR using Tesseract LSTM. On evaluating the existing Devanagari Tesseract OCR perfor-

mance on a diverse range of fonts using the Konkani_test_dataset the average word accuracy was
92.43%. Konkani_Multi_Font OCR gave an average word accuracy of 95.94% on Konkani_test_dataset.
In practical applications, the Konkani_Multi_Font OCR showed remarkable word accuracy of

98.80% on Konkani books and 97.35% on Konkani newspaper data by increasing its accuracy for
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4 3Nz AFTETATE SN e el B Gae IS
Al 7Fe S I B AT A1, drEecT godl IR
gEperaTarH! fass e, amf I drE smad aEE
HTE.

gaihSCaTel Stoet] Il AT Aledarers aaR
qreTed) enseft,

&t #gvfE aren e AF viad Ryaa. gael
900 Tl M|l Gt GEN A IWiaE. arA TgA
FSWIAA BiIAA TSHS Fewr, ek, st Fuemaen
el wo fRewar. qur a Swiae sfada WRuwara et
TeEARE! S QU1 Jord Aa. fieare seasidid &
s 3T & d57 (9¢oR), T 92 dicH (9200), 31 &
Hegel g5 (9203), & Hal Eewic 35 3 TR (9R90),
Radffeafaferd (9¢9%), @ @R (902¢), & arif¥r 3z
3T GIRIFH (9R3R) ATl TR URIFH (9R%0) BIE U
. sdtearl wgele Sofdere feR e

(a) Input from Konkani text book

of T s1f¥reear APFERTE MET Gl AT X 09 JEEd
aml 76 TRl % & WAl L. dREeoT godl Tede
AT AT Al WA a0 PIoEod Ho@l WeR AL
DBESIRT & T AAqGHdT IREUSRT FH=AT
SAlGEe ST I6s AR JIGEaaRa da)
TiEl erscil

] TEUH dr=al e <9 vias feudid. wsT

9Roo G IRFAT AT AL A NIl AT YT
WIEardl U& Ao A ddL fiear=a sereid §
&= 3 T 158 (9¢’R), T WSk Fiey (00), T T
e 959 (R03), < WH ode s sy T (1R90),
ReaiFafafed (R98), T S@Y (9RY), & IRiET I8
AT U (]3R) AT SRS URFT (98o) &l AU
AN elidhaTel Yaiidl JvifaaiA aifaesr Argear

(b) Konkani_Multi_Font OCR output

Figure 8.4: Input Konkani book and Konkani_Multi_Font OCR output

Konkani documents and minimizing Devanagari consonant errors. This development holds great

promise for accelerating the creation of a Konkani language corpus and digitizing Konkani books

and old newspaper articles. This will serve as a base for other NLP applications for Konkani.

144



Chapter 8:Multi-Font OCR for Konkani

HIOIZR]II TR

ISR TGS T e WIEAIAR: TRS 3T Hal

(a) Input from Bhaangarbhuin newspaper (b) Konkani_Multi_Font OCR output

QR dTcwal SRR FAT

Hogal, Iid drS B FeaT. AT aTF FI

a1 el BH 30T a1 A FEAT 30T

@ gl Gzt et T g RaET e

TG, U Hgident AT, TR ARiET

gaeld @1 Al FeTrd e A dIoT AR

£ T DB DD # wFa AT FEEE

A1 TN &ardi A AEd T s

HTeTaTd Sdetd T e e we

e, U Fgeard] il A, v FgeaT e

g Mefle AR ArRfe e

I i Hed, 9Tes dl AT FT Fa, qg AT

alaazds anl fargde FFITAT AT AR

Gos fecia Fr T=er.

(c) Input from Bhaangarbhuin newspaper (d) Konkani_Multi_Font OCR output

Figure 8.5: Input Bhaangarbhuin newspaper clip and Konkani_Multi_Font OCR output
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OCR for konkani

Upload image to transcribe

Choose File  book.PNG

Uploaded image
R smw ameft Ifde

IWia # FAdedE 3&d R TS JG® FTel. 95
Fxa g A I ameht BAferdiaet g Fie T
forefter anel Iover Jrmeft 3fvET & < wiesTE G,
FIIACTS ORI, FHINAT - AR ISia T Al s
&l 3 AT TeHie ERTAR & M) fRery s,
gt Riefter (9400 ) : e ARTARIA

Extracted text

T 4 31T wiig

JWRId Hel QRUidedH Jcd GRIYd 98 Sidd dRTel. 98
T Bl HIY AT HHT SHMHITT 9 did Jagdld.
gl w3 Sl gfcierd gl o cildi=ar
SR ST Yegpdrd giaiTs] sifted! S, sH-iden

B dIoRId, SHUHI - IR Ydmedia o UK e
TG T80 Yo il AGRIER § HIEH! fad S,
qfdeet B (quoe TRA) : @ iRf=a TrREuRid

Figure 8.6: Konkani OCR tool
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Conclusion

This research investigates the variability in the usage of Devanagari characters, ligatures, and
syllables (akshara) across different languages and fonts. The performance of existing Optical
Character Recognition (OCR) systems is inconsistent when applied to various fonts. The im-
plemented Weighted Syllable based Spell Correction (WSSC) approach addresses substitution
errors for two different fonts Aparajita and Nakula. Additionally, the error correction strategy
using MLM-BERT suggests words based on contextual information, while the MLM-BERT with
Norvig spell corrector (MB-NSC) approach suggests words based on contextual information as
well as the nearest likely word. Two automatic dataset creation procedures were devised, result-
ing in creation of OCR and post-processing datasets for Hindi, Konkani, Marathi, and Nepali.
This work created a Devanagari multilingual error detection model utilizing mBERT and CNN,
supporting four languages: Hindi, Konkani, Marathi, and Nepali. A multi-font Hindi text rec-
ognizer that supports five fonts was created, which showed negligible deletion errors. An OCR
system supporting ten fonts was developed for Konkani. This Konkani OCR has been created
using Tesseract Devanagari OCR model and made available for testing purposes within the Goa
University private network, providing a foundational resource for future Natural Language Pro-
cessing (NLP) applications. This work underscores the significance of error analysis in research

and has led to contributions.

9.1 Contributions

1. Empirical study of Devanagari character, ligatures and syllables in Konkani, Hindi,
Marathi and Nepali.

Devanagari has numerous characters, vowels, consonants, ligatures and syllables. Stud-
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ied the similarities and differences of these characters, ligatures and syllables among four
languages written using Devanagari; Konkani, Hindi, Marathi and Nepali. The binary
Jaccard similarity score computation was calculated for each language pair. It is observed
that for the Konkani-Marathi pair, the binary Jaccard similarity is 0.41, which is the high-
est. Hindi resembles more closely to Marathi with a binary Jaccard score of 0.40, while

Nepali displays a closer resemblance to Hindi, with a score of 0.31.

2. Datasets Created for OCR and OCR post-processing performance study.
Three procedure were proposed to create the OCR and OCR post processing dataset viz,
(i) Manual procedure to create OCR dataset, (ii) text2img-doc procedure to create OCR
dataset and (iii) post-OCR-align procedure to create post processing dataset. This can
be used to create data for any languages having varying font and font size. Using these
procedures the following dataset were created for Konkani, Hindi, Marathi and Nepali as

listed below.

(a) Hindi datasets for Aparajita and Nakula fonts

* BM_Aparajita test dataset

* BM_Nakula test dataset
(b) Hindi datasets for OCR post processing.

e Hin_test_dataset

* Hindi-llITH-dataset
(c) Konkani datasets for OCR and OCR post-processing.

* Konkani_OCR_large_test_dataset
e Konkani_OCR_subset_test_dataset

e Konkani_EC_test_dataset
(d) Konkani dataset for Multi-Font to test OCR (Konkani_test_dataset).
(e) Indic datasets for OCR and OCR post-processing

¢ Indic-OCR-test-dataset

* Indic-post-OCR-dataset (to train and test OCR post-processing models)

3. Algorithms Proposed and Implemented for OCR Error Correction.

Three error correction approaches are proposed as listed below:
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(a) Error correction with Weighted Syllable based Spell Correction (WSSC): This han-

dles substitution errors and it is robust.

(b) Error correction using Masked-Language Modeling with Bidirectional Encoder Rep-
resentations from Transformers (MLM-BERT) : This provides suggestion based on
context. It showed improvement in word accuracy on Hindi dataset. This showed its

effectiveness for inflectional languages by suggesting word based on context.

(c) Error correction with the hybrid approach: MLM-BERT and Norvig Spell Corrector
(MB-NSC): This provide contextual suggestion as well as suggestion with nearest
likely word based on edit distance. And showed improvement in word and character

accuracy on Konkani documents.

4. Algorithm Proposed and Implemented for OCR error detection: Konkani, Hindi,
Marathi, Nepali using Multilingual BERT (mBERT).: Error detection approach has
been proposed using mBERT and CNN. Five error detection models were created; four
for individual languages Konkani, Hindi, Marathi and Nepali and fifth one was Devanagari
multilingual model supporting these four languages. The Devanagari multilingual error

detection model build showed similar F-score to that for individual language.

5. Multi-font text recognizer for Hindi (MDF_OCR). This work studies the percentage
of type of errors of existing OCR on different fonts Nakula, Baloo, Dekko, Briyani and
Aparajita. It was observed that types of OCR errors are not consistent for different fonts.
This work has contributed to the design of multi-font OCR for Hindi, supporting five fonts

using LSTM (open-source OCRopus), which showed negligible deletion errors.

6. Multi-font OCR for Konkani (Konkani_Multi Font OCR): Konkani OCR is created
using the base model Devanagari Tesseract OCR model. An OCR for Konkani which is
available within Goa University (URL: http://192.168.101.53:3000/).

9.2 Summary

The Devanagari script is composed of numerous letters which consist of characters, syllables,
and ligatures (consonant cluster). No study has been done to investigate the usage of these

letters: characters, ligatures, and syllables (ligatures with dependent vowels and sign) in lan-
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guages. Also, the ligatures appears differently for various fonts. Thus, It is essential to study the
similarities and differences of characters, syllables, and ligatures of every language. The study
was conducted on languages viz., Konkani, Hindi, Marathi and Nepali. Upon investigating, it
was found that there are certain characters and ligatures specifically utilized by each language
differently. The binary Jaccard similarity score was calculated for each language pair. It is
observed that for the Konkani-Marathi pair, the binary Jaccard similarity is 0.41, which is the
highest. Hindi resembles more closely to Marathi with a binary Jaccard score of 0.40, while
Nepali displays a closer resemblance to Hindi, with a score of 0.31. However, it is crucial to
note that dissimilarities, as suggested by the binary Jaccard similarity score, signify that each

language possesses unique syllables and ligatures.

Thus, usage of Devanagari characters, ligatures and syllables varies for each of the language and
its appearance differs for different fonts. It is essential to study the performance of the existing
OCR systems for Devanagari script with text having different font. But there is no multi-font
Devanagari OCR was available for languages. The available Hindi OCR test dataset is in sin-
gle font. This work proposes a procedure to create OCR dataset and further create the Hindi
multi-font datasets with Aparajita and Nakula fonts (i.e. BM_Aparajita, BM_Nakula dataset).
The corpus selected to create these datasets was identical to that used in testing the Multilingual
Indic OCR. The corpus selected to create these datasets was identical to that used in testing the
Multilingual Indic OCR. And studied the performance of the existing OCRs on these datasets.
Performance study of existing OCRs were conducted on these datasets. It is observed that the
OCR accuracy varies for different fonts. This work proceeds to correct errors generated by these
two OCRed texts. Upon analyzing OCRed text, errors are categorized into three types, viz.,
insertion, deletion, and substitution. Substitution errors and their frequencies are stored in a
frequency-based error mapping tuple. Thus, a Weighted Syllable Spell Correction (WSSC) ap-
proach was proposed for handling substitution errors. It was tested on OCRed output (Tesseract,
Indsenz and e-Aksharayan OCR output) with datasets having Aparajita and Nakula fonts (i.e.
BM_Aparajita, BM_Nakula dataset). This approach detects errors using a dictionary and sug-
gests the appropriate word for each incorrect one using WSSC approach. WSSC recommends
the appropriate syllables based on the frequency-based error mapping tuple and suggests a likely
word. Result shows that accuracy of Tesseract OCR output for BM_Aparajita dataset increased
from 65.95% to 67.19%. Similarly, the Indsenz accuracy on BM_Aparajita dataset increased
from 53.23% to 55.00%. A small marginal increased in the OCRs accuracy for BM_Nakula
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dataset was observed. It is observed that there is improvement in substitution errors for OCRed
text in both fonts. However, this approach does not handle insertion and deletion errors. More-
over, the new syllable substitution errors generated through text in different fonts can be handled

by updating the frequency-based error mapping tuple, thereby demonstrating its adaptability.

Handling the insertion and deletion errors is difficult. Other challenges occurred during post
processing is the Indian language are highly inflectional. Thus the motivation to provide sug-
gestion for the incorrect word based on context. The proposed approach was error correction
using MLM-BERT. This requires OCR post processing dataset to test the approach. Further
text2img-doc and post-OCR-align procedure to create OCR and post processing dataset is de-
vised. And Hindi_test_dataset and Hindi-IIITH-dataset for Hindi is created. Error correction
using the MLM-BERT approach was tested on Hindi_test_dataset and Hindi-1IITH-dataset. It
gives contextual suggestions for the masked erroneous word, which showed an improvement of
3.58% word accuracy for Hindi. This approach performs well by providing contextual sugges-
tions for incorrect word. It was also observed that in some cases, the model does not provide
any suggestions. These discrepancies may arise due to incorrect consecutive words or contex-
tual considerations. Another observation is that while the suggested word may be contextually
appropriate, it might still be incorrect. In some cases, the length of the suggested word can be
significantly greater or less than the actual word, which affects the character accuracy. Instead

of reducing insertion errors, it increases them.

To achieve the main objective of this research namely an OCR solution for Konkani documents
was proposed . This OCR solution required Konkani dataset. Accordingly, dataset for Konkani
i.e. Konkani_OCR_large_test_dataset (having 3.6 million words), Konkani_OCR_subset_test_dataset
and Konkani_EC_dataset has been created. It explores Tesseract Hindi OCR on Konkani docu-
ments (Konkani_OCR_large_test_dataset) having 3.6 millions words, yielding a word accuracy
of 89.25%. The evaluation revealed a CER of 4.15% comprising of insertion errors (1.02%),
substitution errors (2.09%), and deletion errors (1.04%). The top most error was primarily as-
sociated with the syllable o ([|o]). Therefore, the utilization of Hindi OCR for Konkani text
has revealed specific challenges in terms of performance. This understanding significantly con-
tributed to development and subsequent improvement of the accuracy of Konkani OCRed text.
This was achieved through the proposed MB-NSC error correction approach, i.e., combining

the state-of-the-art Masked Language Modeling BERT and Peter Norvig spell corrector. This
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approach has been tested on Konkani_EC_dataset dataset. The MB-NSC approach for Konkani
identifies contextual information to provide precise word corrections, effectively handling words
with special characters unique to the Konkani language, including those containing the character
5 ([|2]). Thus, accomplishing a 2.74% enhancement in word accuracy and 2.60% of character
accuracy compared to the current Tesseract Hindi OCR and demonstrating its efficacy in recti-
fying errors in the OCR output text during post-processing. However, it could not handle words

with Zero Width Joiner. This can be addressed by developing a OCR specific to Konkani.

Further two dataset Indic-OCR-test-dataset and Indic-post-OCR-dataset have been created sup-
porting four languages; Hindi, Konkani, Marathi and Nepali. Indic-OCR-test-dataset was used
to study the performance of two Hindi Devanagari OCRs, namely Tesseract and Indsenz on these
four languages. The findings indicate that Tesseract OCR outperforms Indsenz OCR across
all four languages. Consequently, Tesseract OCR was selected as the basis for creating the
training and test dataset called Indic-post-OCR-dataset. Subsequently Dev-multi-lingual-Error-
Detection-Model using the Indic-post-OCR-dataset and mBERT with CNN techniques has been
created. The model’s performance was evaluated on the four Indian languages mentioned above.
Additionally, separate models are created for each language. The test results reveal that the
F-score of the language-dependent models is similar to that of the Dev-multi-lingual-Error-
Detection-Model. The study demonstrates the potential of leveraging existing tools designed
for resource-rich languages to provide solutions for low-resource languages. Accordingly, a
model was successfully developed that supports all four languages. Error analysis indicates that
the model accurately identifies real errors but struggles with classifying interjections, numbers
and code-mixed sentences. Furthermore, the model faces challenges in detecting words from
different domains, particularly English words that have been transliterated. Addressing these

shortcomings requires further investigation.

It is clear from this result that language specific multi-font OCR is essential. This initiated, the
study of the effect of multiple fonts on Hindi OCRs. It was observed that the percentage of
various error types differs across different fonts. Thus, a multi-font OCR (MFD_OCR) using
LSTM (open-source OCRopus) and Hindi dataset was built. which demonstrated consistent
character accuracy across all test datasets and achieved comparatively good accuracy for text in
the Dekko and Biryani fonts. Detailed error analysis showed that, unlike other Hindi OCRs, the

insertion and deletion errors for the multi-font Hindi OCR (MFD_OCR) were consistent across
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all test datasets for each font. Deletion errors were negligible, i.e., less than 1.4%. Additionally,
Tesseract OCR had the lowest substitution error rate compared to all other OCRs and achieved

the highest accuracy for text in the Nakula, Baloo, and Aparajita fonts.

Through this investigation, it is clear that there is a need for a dedicated OCR for Konkani sup-
porting multi-font. Konkani multi-font data was created (Konkani_test_dataset) supporting 10
fonts. Initially the performance of existing Devanagari Tesseract OCR on Konkani_test_dataset
was investigated. It was observed that Devanagari Tesseract OCR accuracy varies for different
fonts. Moreover, the topmost error was caused by a consonant. This work lead to development
of Konkani_Multi_Font OCR using Devanagari Tesseract OCR as base model. On evaluat-
ing the existing Devanagari Tesseract OCR performance on a diverse range of fonts using the
Konkani_test_dataset the average word accuracy was 92.43%. Konkani_Multi_Font OCR gave
an average word accuracy of 95.94% on Konkani_test_dataset. In practical applications, the
Konkani_Multi_Font OCR showed word accuracy of 98.80% on Konkani books and 97.35%
on Konkani newspaper data. The comprehensive error analysis presented in the study provides
valuable insights for further work in post-processing error correction approach. Konkani OCR
is hosted and available on Goa University private network for testing purpose. It serve as a tool

for creating resources for other NLP applications in Konkani.

9.3 Scope for Future Research

The following work can be carried out in future work;

1. Expansion of Multi-Font OCR for Handwritten Text Recognition:
Investigate and implement techniques to enhance the capability of the Multi-Font OCR

system to accurately recognize handwritten text.

2. Error Correction for all the languages using Devanagari:
Develop algorithms and models specifically tailored for error correction in Devanagari.
Utilize linguistic and contextual features to improve the accuracy of error correction for

Devanagari text.

3. Exploring advanced BERT Models for Error Correction:

Incorporate state-of-the-art BERT (Bidirectional Encoder Representations from Trans-
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formers) models with enhanced capabilities for error correction and detection. Fine-tune

BERT models on domain-specific data to improve performance on error correction tasks.

4. Error Detection and Correction for Numbers:
Design and implement algorithms for the detection and correction of errors in numerical

data, including digits, numerical expressions, and numerical identifiers.

5. Error Detection and Correction for foreign words appearing in Indian languages:

Design and implement algorithms for the detection and correction of errors foreign words.

6. Error Detection and Correction for Indian language code-mixed data:
Design and implement algorithms for the detection and correction of errors in code-mixed

data of Indian languages.
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Appendix A

Examples of Devanagari characters, ligatures and syllables:

Konkani, Hindi, Marathi and Nepali

A.1 Independent vowels

Char Konkani Hindi Marathi Nepali

acter| Eg ITRANS Gloss Eg. ITRANS Gloss Eg. ITRANS | Gloss Eg. ITRANS Gloss

<l gt asheM like that | 3199 apane Ours I ase like that | IFHR anusAra According to
M | Anl And SIS Aja Today MM | ANi And M Aphno his

g 3?!?"13[ italo So much | g9 isa This 59} ithe Here PIERS pAinCha found




9¢1

Char Konkani Hindi Marathi Nepali
acter| Eg. ITRANS Gloss Eg. ITRANS Gloss Eg. ITRANS | Gloss Eg. ITRANS Gloss
é EH'I?% Al Mother Tlé gal Went gﬁéa holla will  be gé dul Two

done
3 WA uparAMta After S They S uttara Answer | 3l unale He
> |39 UMcha High [S2EN Upara Above ez gheUna | taking Spvi UrjA energy
B | BYH RRiShabha | Rishabh | 3&UT RRiNa Debt B | RRitU season S RRiShi sage
ﬁ ﬁ;%l:ﬁ enthanl Anthony - ﬁ?ﬁi’ Ekta Act ﬁ'ﬁﬁ?ﬁ misiEko missinco
T LGN aivaja material - Uit Aivajl instead BfETRi@ | AitihAsika | a historical
U Uch eka One G lie taken Uh eka One qTPHT bhaeko Have been
U Upaal | aikavachanl hearsay Ve | aitihAsika | Historic | Vel | aikale Heard P! ainako of the Act
a3l a\:@m OsTreliyA Australia | 3IMellg | OnalAina | Online IC ogasTa August 3fTmRe opareshana | operation
an - - MG | ouLakha Recognize SMERAT | ouDAraimA alarming
an Sﬁﬁ oDUna Pull qfgetell | mahilAoM | Women 3G | oLakha identity TIRMEE | mAovAdl Maoists
3t | 3o auraMgajeba | Aurangzeb Nt audyogika | Industrial 3fY | auShadha| Medicine | 3iTgaTR® aupachArika | formal
3t * - - 31F9 | Ekshana | Action -

*Independent vowel for Marathi

Table A.1: Examples of Independent vowels in Konkani, Hindi, Marathi and Nepali




LST

A.2 Consonants

Char Konkani Hindi Marathi Nepali

acter| Eg ITRANS | Gloss Eg. | ITRANS| Gloss Eg. ITRANS Gloss Eg. ITRANS Gloss

D el | tAKA Him/Her | {531 | kiyA Done el kele Done qTPHT bhaeko Have been
9 gd | khUba A lot g | 1Akha Lakh Tqa khUpa A lot Ry dekhi From

T oI | 1AgUna | because | AT | gayA Went HT maga Then Ll 1Agi for

g SCE ghevana | Taken ;R Ghara House 37| gheUna taken TR ghara House

S drgd | vA Nmaya| Literature - CISIRED) vANanishchy | determine | SIIHSEAT | janasa NkhyA | Population
q IS | chaDa Many T1f8q| chAhie | Do you want GEE] tasecha Like that ERICE] chalachitra Movie

32 BIYT | ChApUna | Printing | Y | kuCha | Few Bledl CholyA small B,gv Cha, hunCha | Six, is

i oI | jAya Need 3T | Aja Today TR mhaNaje means St jillAko district

# | I | jhADAM | Trees 99 | mujhe | For Me AT | mAjhyA My GIE] sAjhA Shared

El S | jnyAna knowledge fas vijnAna | Science TAEM | taMtrajnyAna | Technology AP anchalako of the Zone
c UScT | paDaTA | Falling ?'I';ﬁj'a rAShTrlyaNational I bheTa visit U3cT euTA One

[§] o ekaThAMydlogether d6% | baiThaka Meeting ool | ThikANI in place _g'c_*ﬁ ThU]lo Big

S dIiTeT| vAMgaDA together sfean iMDiyA | India S Do Dr DHIGHTS kAThamADauM Kathmandu
[ Te gUDha Coop §eldl | baDhaAvAPromote 9,% pudhe front E} baDhl more

Ul Ul | mhUNa | Because ‘{UT pUrNa | complete affor ANi And DI kAraNa cause
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Char Konkani Hindi Marathi Nepali
acter| Eg. | ITRANS | Gloss Eg. | ITRANS| Gloss Eg. ITRANS Gloss Eg. ITRANS Gloss
d ar to He HRJ | bhArata | India 3Med | Aheta having AT tathA and
g o | thaMya | There AT | sAtha Along with 9 yethe Here form thiyo was
< 39 | dona Two I | desha The country far Dile Given f&q dina Day
) g% | Dhartna | Holding | U¥T | pradhAn | Prime 31fdd | adhik More R dherai A lot
q 3T | Ani And @ | Karane | To do SIS nAhl No gf pani also
bl Sl poon Back - 1375 gheUn To take BIssl nApN naapo
9 90T | Puna But R Para on it 3AMYeT | ApalyA Ours UHT rUpamA as
th @ phuDeM | Forward et khilApha| Against thth Phakta Only ST Aphno his
Cl Yd | khUba A lot &M | banane | Create IR bAhera Out FeroeaT sabaibhandA | most
H HIAX | bhAyara | Outside Tt | sabhl All U bheTa visit ‘J:I'Qafﬁ bhaeko Have been
H 8% mhAKA | Forme | ¥ meM I =t Mi I A nAma name
) &Il hyA This forar kiyA Did AT | ApalyA Our I yasa This
N dY | Kara do R Para on it DA Karata Keep doing D! raheko exists
X §T | baRyA Good - ST | dusaRyA Second =N gaRyo done
<l oIF[d | Laguna Adjacent | U | Lie for you Hedl malA For me T 1Agi for
Y JBR | veLAra On time - DIBIT | KALAta In time HABdD! | kathakaLiko Kathakaliko
® | HD!| NakaLAo | Don’t do - f@ar®T | hivAILAA | Winter arfes pAILAi pani
it




Char Konkani Hindi Marathi Nepali

acter| Eg. | ITRANS | Gloss Eg. | ITRANS| Gloss Eg. ITRANS Gloss Eg. ITRANS Gloss

q 8d | hAMva | Me fd®rg vikAsa | Progress a4 Sarva All faar g vikAsa development
q 31ef | asheM like that | Q9T | Desha Country. fagmg | vishvAsa Faith fao visheSha special

g fareror| shikShaNa Learning Y Varsha | Year e goShTI Things Y varSha year

Nl 3T | Asa Having | §9 | Isa this fdp™T | vikAsa Progress TP yasako its

g ~8J | nhaya River g Haim Have 3R Ahe Having RD! raheko exists
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Table A.2: Examples of consonants in Konkani, Hindi, Marathi and Nepali




A.3 Dependent Vowels

St No. Devanagari Dependent Example

vowel character | Konkani Hindi Marathi Nepali
1 S| AT foar | Hmsm BT
2 fi: | fonct g | U | e
3 oY | arret L) A7t qTett
| 5 | 38R -
5 | O AEcqqyl | Hqol T
6 oy | el P | P 7
7 G- : o SRpicin
8 Y| g Heore | e DicTH
9 2| gamE - IS T
10 2| e P 31 SEED
11 S doR | WS ]
12 7 | pedict PRURE | AP | el
13 o] - - Sy ERIEIR]
14 oY | IS | Al &l
15 o | tefle, Maw | A | TiRa HIGTS!

Table A.3: Dependent vowel Sign examples in Konkani, Hindi, Marathi and Nepali

A.4 Some example of syllables (ligature-vowels-signs-diacritic)

and its frequency

Sr. Syllables(ligature- Frequency

No. vowels-signs-diacritic) | Konkani | Hindi | Marathi | Nepali
1 cg 10718 4 3505 0

2 Sl 18369 1 949 1
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Sr. Syllables(ligature- Frequency

No. vowels-signs-diacritic) | Konkani | Hindi Marathi | Nepali
3 Rl 14735 | 616 1317 1581
4 4 10272 |4 383 3640
5 a1 94228 | 5227 | 91319 | 8191
6 53 2173 18342 | 14731 | 18166
7 st 343 12 136 36

8 T 7587 4886 | 11630 | 2118
9 &Rl 23 0 0 51
10 & 8442 17853 | 12853 | 9892
11 qf 5601 0 0 0

12 g 83 0 0 0

13 ) 1325 6355 | 1505 4304
14 ] 409 643 21 155
15 Eil 3232 1 4 0

16 oy 0 0 0 2

17 Ll 0 0 2 4

18 TS 0 0 0 3119
19 |8 26 11 0 0

20 |% 44 89 231 83
21 5 119 214 846 683
22 g 166 8 49 14
23 s 409 643 21 155
24 g 872 11049 | 18921 | 17058
25 o 1056 1904 | 2019 | 4003
26 =1 1217 9 17096 | 10
27 = 1390 0 767 281
28 < 1453 1280 | 655 598
29 | 1501 4884 | 2349 | 3701
30 q 1511 833 851 1463
31 g 1551 394 433 1997
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Sr. Syllables(ligature- Frequency

No. vowels-signs-diacritic) | Konkani | Hindi | Marathi | Nepali
32 g 1589 232 7125 1125
33 g 1774 9592 | 10597 | 18115
34 o 1774 16530 | 4879 | 17385
35 | ® 2065 | 917 347 757
36 |7 2523 1846 | 511 3357
37 q 2554 20842 | 11791 | 10935
38 S| 2755 3 1 854
39 el 10099 | 40127 | 30426 | 51877
40 & 13864 | 42137 | 32304 | 20822
41 Bl 22606 | 13 9381 1091
42 q 35280 | 181436 | 115845 | 115427
43 g 35280 | 181436 | 115845 | 115427
44 El 12489 |2 0 0

45 G 10718 | 4 3505 |0

46 T 7939 0 4874 |1

47 2] 7122 3 0 50

48 g 6877 2 5 0

49 o)) 5999 0 1523 1

50 o 5798 0 1345 |0

51 qf 5601 0 0 0

52 ] 3783 0 124 13

53 Gil 3315 0 113 3

54 Eil 3232 1 4 0

55 = 2793 0 3 113
56 | Tl 2373 0 0 2

57 9T 2238 1 0 173
58 o 1667 0 1082 |2

59 o 1642 0 76 0

60 ot 1479 0 0 1
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Sr. Syllables(ligature- Frequency

No. vowels-signs-diacritic) | Konkani | Hindi | Marathi | Nepali
61 %05 1423 0 0 0
62 1390 0 767 281
63 =] 1327 2 70 0
64 5| 1106 0 3 0
65 ooy 1097 0 0 0
66 | oAl 998 0 0 0
67 o 978 3 5 0
68 o1 884 0 109 0
69 | T 878 0 0 1
70 2] 871 0 98 14
71 o] 730 0 0 0
72 f 673 17 17 0
73 9cy 668 0 0 0
74 ooy 606 0 0 0
75 aif 601 1 462 0
76 =] 582 0 16 12
77 gl 565 0 14 0
78 al 562 20 0 5
79 = 539 2 1646 | 0
80 = 500 0 6587 |0
81 Goll 499 34 5 0
82 af 499 0 0 0
83 7 488 0 292 4
84 g 474 0 4 3
85 G 460 5 1445 |0
86 S| 459 1 11 0
87 | 446 0 1 30
88 s 445 2 0 0
89 -1 404 0 72 6
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Sr. Syllables(ligature- Frequency

No. vowels-signs-diacritic) | Konkani | Hindi | Marathi | Nepali
90 o 377 0 0 0
91 5l 373 10 1 0
92 Sl 365 0 0 1
93 08T 364 0 0 0
94 il 364 0 2 39
95 ST 314 0 22 0
96 D) 313 0 3 1
97 < 311 0 173 0
98 | ® 305 0 1310 |0
99 Sl 288 0 608 0
100 | = 284 0 3 0
101 | =40 284 0 0 0
102 | = 282 16 1155 |0
103 | 9 277 0 0 0
104 | &1 266 0 916 42
105 | o000l 265 0 0 0
106 | 4f 262 0 24 0
107 | of 258 0 510 2
108 | 256 0 40 0
109 | &f 249 0 263 1
110 |% 245 0 18 5
11 | & 237 0 1304 |9
112 | e 233 30 0 4
113 | %1 221 0 23 533
114 | @ 219 6 0 2
115 | &1 210 0 334 0
116 | <h 208 1 934 0
117 | 9T 204 0 0 6
118 | AT 202 0 0 0
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Sr. Syllables(ligature- Frequency

No. vowels-signs-diacritic) | Konkani | Hindi Marathi | Nepali
119 | =g 200 1 0 12
120 | f 199 0 14 0
121 | =& 198 2 0 0
122 | 197 0 0 1
123 | fe 192 0 0 4
124 | % 191 0 41 0
125 | ¥ 191 0 27 0
126 | & 189 0 8 4
127 | & 185 0 638 2
128 | & 184 0 0 4
129 | 180 0 0 0
130 | = 180 12 0 0
131 | <& 179 0 0 0
132 | 177 0 18 4
133 | <ft 175 3 1 0
134 | @&l 175 0 0 0

Table A.4: Example of syllables (ligature-vowels-signs-diacritic) and their frequency in

Konkani, Hindi, Marathi and Nepali

A.5 Some example of ligatures whose occurrence is zero in

one of the languages

Frequency Frequency
Ligatures Ligatures
Konkani | Hindi | Marathi | Nepali Konkani | Hindi | Marathi | Nepali
o 14786 0 6238 1 g 42 0 851 1
008 5132 0 6 3 = 42 0 0 2
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Frequency Frequency
Ligatures Ligatures
Konkani | Hindi | Marathi | Nepali Konkani | Hindi | Marathi | Nepali
o 868 0 0 0 ] 39 0 5 0
99T 254 0 851 9 h 35 0 18 0
)] 187 0 0 0 LSg 35 0 0 0
= 177 0 0 11 H 33 0 1 11
(o2 164 0 206 45 = 30 0 7 1
Gool 163 0 1067 0 ] 27 0 8 25
3 138 0 31 64 < 26 0 0 0
U 130 0 0 6 G 26 0 0 9
=) 121 0 69 0 U3 26 0 0 1
) 115 0 9 19 e 24 0 0 17885
Y 105 0 8 0 LER| 23 6 0 33
il 103 0 40 39 < 23 0 40 0
EEl 85 0 108 4 F 22 0 17 38
e 81 0 5 3 b 21 0 0 2
5] 74 0 221 6 < 20 0 4 2
T 73 0 0 6 =) 19 0 24 0
< 66 0 69 0 il 18 0 7 111
2] 64 0 1 1 =g 17 0 0 0
o 61 0 0 0 T 17 0 0 2
S 55 0 0 0 o 17 0 0 0
] 53 0 19 5 A 17 0 12 1
el 51 0 96 0 LS 17 0 0 57
sc 47 3 0 0 =l 16 0 341 1
ol 47 0 0 4 =g 16 0 133 0
G5 46 0 2 1 =g 16 0 8 21
<5 46 0 25 0 &) 16 0 1 0
g 43 0 0 2 qU 16 1 0 6

Table A.5: Some example of ligatures whose occurrence is zero in one of the languages
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Appendix B

Example of errors introduced due to use of Hindi OCR on

Konkani documents

B.1 Top 90 syllables contributed to errors along with its frequency, error % and top 6 OCR

recognized substitutions.

Actual Error Top 6 OCR substitutions with frequency
# Description of syllable in column 2 Error %

Syllable freq. 1 2 3 4 5 6
1 || @ Consonant & ([|o]) 218565 1.24% Y (39922) < (21295) D (16601) | 9(13289) G (9178) | Pk (7286)
2 Anusvara (nasal) 49247 | 0.2794% | <SPC>(47284 o (1269) ¥ (487) X% (162) 21 (15) 31 (6)




891

Actual Error Top 6 OCR substitutions with frequency
# Description of syllable in column 2 Error Y%
Syllable freq. 1 2 3 4 5 6
3| ¥ vowel sound [£] 48242 | 0.2737% | 3% (33358) | £33 (1625) | 3(524) 3 (512) S IALw 31 (98)
(182)
4 |7 [U+2019] (right single quotation mark) 20468 | 0.1161% | <SPC> " [U+201D] | ! (2185) * (1406) 31 (761) 1(645)
(12025) (2346)
5 [U+2018] (left single quotation mark) 19496 | 0.1106% | “ (13113) [U+0027] <SPC> “'0 (472) " (262) * (175)
(4580) (472)

6 || ¥ Consonant ¥ ([ra]) 10800 | 0.0613% | -1 (6832) T (2756) <SPC>(350)| I (171) d(137) d(112)

7 dot 10522 | 0.0597% |, (10485) -(19) 2 (7) <SPC> (3) | fix (2) 2 (Q2)

8 || Vowel sign ¢ 9562 | 0.0542% | ¥ (7599) <SPC>(1091)| f2: (447) £ (46) 3T (15) 3 (14)

9 || ot Consonant @ ([|o]) with vowel sign <:T([a]) | 8224 | 0.0467% | §<:07(1167) | 9 (702) 0T (666) | d0:21(657) | d::8 (456) | ©:i:T (249)

10| @ Consonant 9 ([vo]) 6186 | 0.0351% | & (5316) 1 (316) & (202) d (86) d (86) <SPC>(84)

1" [U+2019] [U+2019] (two right single quota- | 4577 | 0.026% " [U+201d] | "' (374) '(272) (167) """ (98) " (90)
tion mark) (585)

12| dx Consonant T ([te]) with halant sign 3578 | 0.0203% | <SPC>(3568)| < (2) T(2) 391 (2) q(2) 2(2)

13 Consonant 8 ([fi]) with halant sign < and | 2913 | 0.0165% | & (1491) <9 (903) &1 (387) ST9(87) | B (15) <H (12)
consonant I ([jo])

14 || X% Consonant Y [ro] with halant sign < (mostly | 2657 0.0151% | ¥ (1536) X (1056) X3 (56) L (3) 2N (2) T2
used with ZWJ)

15 9 Consonant 9 ([na]) 2438 0.0138% | ¥ (1100) S (717) T (265) d (166) g (42) H(24)
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Actual Error Top 6 OCR substitutions with frequency
# Description of syllable in column 2 Error %
Syllable freq. 1 2 3 4 5 6
16 || % Consonant & ([[o]) with halant sign <3 and | 2314 | 0.0131% | o33 (249) | T (156) iz (141) | A (135) 3 (108) | AP (105)
consonant @ ([[a])
17| 3 Consonant T ([ja]) 1977 | 0.0112% | <SPC>(1159)| @ (275) q(97) T (90) T (77) q(57)
18| & Consonant & ([fio]) 1468 | 0.0083% | <SPC>(913) | & (441) T (73) T (8) T3 (8) ik (4)
19 || v Consonant X ([ro]) with halant sign < 1466 | 0.0083% | <SPC>(1328)| @ (54) T (20) T(8) o (6) @ (6)
201 o Consonant & ([lo]) 1462 | 0.0083% | & (334) <SPC>(274) | 7 (218) g (139) T (123) g (66)
21 || amsy Vowel 3T with vowel sign = ([€] ) 1238 | 0.007% | 31T (936) 3it (60) MY (52) | e 48) | 3Mii(34) | 3M(28)
22| i Vowel sign £ ([uz]) 1160 | 0.0066% | i (441) 2 (351) 58 (92) o303 (86)
23| ¢ Consonant € ([ta]) 1094 | 0.0062% | & (386) S (285) 3 (263) T (35) 8 (26) T8 (9)
24 || 1 Vowel sign T ([az]) 964 | 0.0055% | <:T(555) <SPC>(326) | ©:1(28) 2 (17)
2511 9 Consonant sign U ([pa]) 941 0.0053% | ¥ (697) T (58) B (26) g (25) O (22) T (19)
26 || @ Consonant & ([|o]) with vowel sign £ ([o]) | 930 | 0.0053% | ST (152) | F:91: (48) | <SPC> CRRUEE GERUEE 0T
(46) (44) (36) (32)
27 || &, Consonant & [|o] with halant sign . 858 | 0.21% 3 (368) A3 (112) i (68) B (62) J (50) T(30)
28 || 31 Vowel 37 ([0]) 778 | 0.0044% | 31T (509) o (58) 2R (38) U3 (36) | IR (24) S (20)
29 Consonant S ([da]) 766 | 0.0043% | T (352) g (123) <SPC>(107)| I (31) 1 (19) 3 (14)
30 d Consonant  ([ta]) 736 | 0.0042% | T (389) <SPC>(211) | © (28) @ (27) T(24) qT(11)
31 [U+201C] (left double quotation mark) 735 | 0.0042% | >* (28) (10) <SPC> (8) | "* (2) >¥ (2) > (2)
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Actual Error Top 6 OCR substitutions with frequency
# Description of syllable in column 2 Error Y%
Syllable freq. 1 2 3 4 5 6
32| =i Consonant & ([|o]) with vowel sign ©:T ([az]) | 724 | 0.0041% | ST (284) | x0T g qog AU <SPC>(24)
and with Anusvara £ (104) (40) (36) (24)
33|| S Consonant letter 3 ([tPo]) 710 0.004% S (284) c(217) < (57) g (30) d (17) <SPC>(14)
4|9 Consonant ¥ ([so]) 699 0.004% o1 (381) X (126) g (81) H(38) <SPC>(30) | S (19)
35| @ Consonant & ([k"s]) 688 0.0039% | 9 (241) d (200) g(79) = (36) o (34) <SPC>(28)
36 || ¥ Consonant X ([ra]) 661 0.0038% | X (555) X (88) 3 (6) it (4) Ri:(2) Rz (2)
37| ® Consonant & ([|o]) with vowel sign £ ([e]) 600 0.0034% | <SPC>(108) | 3% (94) ol (84) % (68) Tk (42) 3::3 (33)
38| o Consonant I ([dzo]) 555 0.0031% | 31 (412) <SPC> (73) | @1(30) T (15)
39 ¥ Sign candrabindu (anunasika) 545 | 0.0031% | 37 (364) | <SPC> (87) | ¥ (50) 23 (22) £ (4) T (4)
40| g Consonant & ([fia]) with halant sign 516 0.0029% | < (504) <3 (3) ST (2) S0 (2) S0 (2) BT (2)
41| &1 Consonant 9 ([[3]) 472 0.0027% | ¥ (305) o7 (85) <SPC>(11) | @ (9) U1 (9) g(7)
4211 I Consonant I ([ja]) 456 0.0026% | T (168) gi: (60) T4 (36) T (35) ik (22) 4 (16)
43 Consonant  ([to]) with halant sign < and | 447 0.0025% | =T (198) <SPC>(132) | ST (69) i (24) 97 (12) q(9)
consonant X ([ra])
4l = Consonant 3 ([dz"s]) 390 0.0022% | ofxet (27) ST (26) H(23) STl (21) | A (18) | B (18)
45 Sign Nukta 366 0.0021% | <SPC>(297) | <3 (54) 22.(7) 3 (2) S (2) ()
46 || T Consonant T ([no]) 357 0.002% T(116) T (95) :.(70) R (32) R(17) <SPC> (9)
471 ? Question mark 302 0.0017% | 91 (192) 1(22) <SPC>(17) | 9 (9) ) (7) T3 (4)
48| | Consonant H ([ma]) 286 0.0016% | T (144) H (56) 9 (14) g (13) <SPC> (6) | U (6)
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Actual Error Top 6 OCR substitutions with frequency
# Description of syllable in column 2 Error %
Syllable freq. 1 2 3 4 5 6
49 || o two Consonant & ([[2]) 285 0.0016% | ©D (76) Dd (14) B (12) | ©e(12) <1 (10) BY (10)
50 || @ Consonant & ([[o]) with vowel sign £ ([i:]) | 263 0.0015% | @< (16) | <SPC> (15) | 2 (12) R (9) & (5) RGFIT (5)
and Anusvara <
51| & Consonant § 263 0.0015% | < (83) T (60) ST (54) d(12) T (10) <SPC> (8)
52| € Vowel letter candra [¢] € 254 0.0014% | V<3 (158) T (18) 7Y (16) QY (16) T:E (16) W (12)
53| < Consonant & ([da]) 247 0.0014% | T (56) g (47) 3 (32) T(22) T(22) g (15)
54| & Consonant & ([d"s]) 237 0.0013% | & (207) 2 (16) <SPC> (6) | 9(3) T(2) Y(2)
55| &} Consonant & ([|o]) with vowel sign <3 ([u:]) | 208 0.0012% | i< (33) <SPC> (22) | ©(20) o1 (20) Q¥ (18) IZIQIII:: (8)
56| @ Consonant T ([ca]) 177 0.001% g (51) <SPC> (29) | < (28) g(9) X (8) g(7)
57 || <9 Two consonant < ([lo]) and & ([ba]) 162 0.0009% | -1 (82) 9 (76) 31 (2) h(2)
58 X1 Consonant ¥ with vowel sign 3T ([a]) 158 0.0009% | T (144) <SPC> (6) q(2) q(2) 3T (2) T3 (2)
591 4 Vowel 3 ([a]) with vowel sign <3 ([u]) 150 0.0009% | 3T (132) 3 (4) 33T (4) q(2) armait (2) <SPC> (2)
60| & Consonant & ([do]) with halant :;  and con- | 147 0.0008% | T (135) <SPC> (6) Y (3) g(3)
sonant J [jo]
61| € consonant S ([do]) with halant < and con- | 141 0.0008% 3( 132) g3 (9)
sonant S ([da])
62 Consonant S ([yo]) 132 0.0007% | S (81) g (10) S:: (10) & (4) & (4) ST (4)
63| @ Consonant 3 ([d"0]) 129 0.0007% | 9 (58) g (41) <(8) & (6) S (3) S (3)
64 Consonant T ([go]) 122 0.0007% | " (51) g09) 1 (9) 9 (7) q(7) < (6)
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Actual Error Top 6 OCR substitutions with frequency
# Description of syllable in column 2 Error Y%
Syllable freq. 1 2 3 4 5 6

65( o Consonant &f ([gha]) 120 0.0007% | 2A(95) <SPC> (10) | g (5) q(4) 1 (3) (1)

66| ° Consonant ¥ (gfa]) 116 0.0007% | T (28) 9 (24) A (16) S (14) ¥ (12) q(5)

67 || 0 Consonant & ([|o]) with halant < and con- | 108 0.0006% | F3de: (12) | Fo3T9:.(12) | 3P (8) STxhi: (8) | 3 (8) ol (8)
sonant & ([|o]) with halant <

68| € Consonant < ([to]) with halant < and con- | 108 0.0006% | g(90) g1 (3) 3 (3) Sal (3) gs (3) g (6)
sonant € ([to])

69 Vowel 31 ([0]) 85 0.0005% | 37 (83) 3T (2)

70| Sk Consonant S ([do]) with halant <% 84 0.0005% | g(76) <SPC> (6) T (2)

71| &R Consonant 3 ([dz"o]) and consonant charac- | 69 0.0004% é (30) T (21) S (9) ol (6) T (3)
ter ¥i: ([ro]) with halant <

72 Consonant & ([[o]) with vowel sign f2: ([i]) | 66 0.0004% | < (28) g3 (14) 6 (8) G (4) T (2) Gt (2)

73 @ consonant < ([do]) with vowel sign Vocalic R | 66 0.0004% | & (46) g1 (10) gLt (4) 3(2) 38 (2) 83 (2)

4| g consonant € ([ta]) with vowel sign <3 ([u]) 66 0.0004% | <13 (18) 3 (10) 31 (8) S (8) T (6) S (4)

75 AT consonant J (jo]) with vowel sign 3T ([a]) 54 0.0003% | <SPC> (40) | 3T1(8) 9 (4) d(2)

76 || of Consonant @ ([la]) and vowel sign "l [£] 42 0.0002% | i (12) T (6) Sl (6) 3 ?(4) CleTete 4) '\’bv 3)

77| ! ! 38 0.0002% | 1(8) <SPC> (7) /(5 ((6) 1(6) q(6)

781 © Consonant ¥ ([ra]) and vowel sign <3 ([u]) 34 0.0002% | <SPC> (12) | <+ (8) 2 (6) @) H(2) " (2)
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Actual Error Top 6 OCR substitutions with frequency
# Description of syllable in column 2 Error %

Syllable freq. 1 2 3 4 5 6
79| I Consonant $§ with halant :: and consonant J | 33 0.0002% | <(21) T©O) #(3)

[jo]

80 || & Consonant I ([jo]) with vowel sign o ([o]) 32 0.0002% | :7(12) 9 O (12) d4) <SPC> (4) | ©:Ti:T(2)
81| 3 Consonant 37 ([o]) 32 0.0002% | ST (18) <SPC> (6) 3T (6) 3 (2)
82| - Hyphen 30 0.0002% | <SPC> (15) | . (4) X(3) T(2) T (1) A (1)
83 ¥ Consonant 9 ([bfia]) 29 0.0002% | H(18) g (4) O3 (2) T(1) a(l) D (1)
841 3 Number 3 27 0.0002% | 3 (20) 3, (2) $(2) 14 (2)
85 || T Consonant & ([|s]) and consonant3 ([ja]) 26 0.0001% | WU (5) | I (5) TixTs (4) | @xTis (4) | BT (4) | BT (4)
86 || Consonant T ([na]) 26 0.0001% | S35 (6) 1227 (6) T34 (6) q(4) T (2) S (2)
87| 31 Vowel 3T ([a]) 25 0.0001% | 37 (13) PFIT(8) | TH(2) 3T (1) <SPC> (1)
88| 3 Vowel 3 ([u]) 25 0.0001% | 3 (6) S (5) S 4) 3(3) X(2) T (1)
891 7 Number 7 25 0.0001% | 9(8) Y4 (6) 1(4) U3 (3)
0|9 Consonant ¥ ([so]) 20 0.0001% | €(3) <SPC> (3) ¥ (3) B (2) <1 (2) R(2)

Table B.1: Top 90 syllables contributed to errors along with its frequency, error % and top 6 OCR recognized substitutions.




B.2 Top 50 Konkani words misrecognized by Tesseract OCR

Sr. No. | Actual word Freq. % || Sr. No. | Actual word Freq. %o
1 T (this) 8907 | 45.0 % || 26 Tl (matches) 1294 | 0%
2 2 (this) 6816 | 33.0% || 27 I (attempt) 1148 | 7.0%
3 <8 (no/river) 4816 | 12.0% | 28 TodTdh (see) 1136 0%
4 J@BR(at the time) | 4618 0% || 29 ST (games) 1093 | 0%
5 2 (this) 3926 | 41.0% || 30 TRT (test) 1063 | 0%
6 Gl (years) 3625 0% || 31 oo (among) | 1041 0%
7 319f (like this) 3237 | 51.0% || 32 He5del (meet) 1030 | 0%
8 99 (match) 2532 0% || 33 UY (see) 977 | 0%
9 92 (middle) 2515 | 3.0% || 34 IS (eyes) 973 | 0%
10 g (means) | 2395 0% || 35 DIDId (era) 951 0%
11 T (in bet) 2387 0% || 36 HP1! (morning) | 911 0%
12 U1 (seen) 2318 0% || 37 STeedT (happen) | 872 | 3.0%
13 I (time) 2287 0% || 38 "I (met) 868 | 0%
14 gl (runner) | 2053 | 30.0% || 39 faeff (topic) 841 | 23.0%
15 He5eT (meets) 2003 0% || 40 qd (you) 827 | 13.0%
16 805 (said) 1987 0% || 41 &R (field) 812 | 0%
17 TS (all) 1977 0% || 42 T (attempt) 806 0%
18 TGS (all) 1887 0% || 43 =&l (no) 776 | 0%
19 91 (in game) 1766 0% || 44 ﬁ@?ﬁ (got) 772 0%
20 1T (all) 1705 0% | 45 I (familiar) 736 | 0%
21 Y (game) 1669 0% | 46 HID! (all) 733 | 0%
22 9T (other) 1613 0% || 47 HeT (not got) 719 | 0%
23 3T (before) 1388 | 7.0% || 48 UesIe (seen) 630 | 0%
24 W1l (back) 1367 0% || 49 9 (root) 678 | 0%
25 T (now) 1338 | 34.0% || 50 H&CId (meet) 678 | 0%

Table B.2: Top 50 frequently misrecognized actual Words, their frequency and accuracy in

percentage.
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Appendix C

Example of word and syllables correctly

and incorrectly recognized by

Konkani Multi Font OCR

C.1 Mostfrequent words recognized correctly by Konkani_Multi
Font OCR for all ten fonts (i.e. Amiko, Lohit Devana-

gari, Biryani, Nakula, Cambay, Gargi, Asar and Baloo and

Aparajita)
Sr. No. | Actual word | Gloss freq || Sr. No. | Actual word | Gloss freq
1 g This 999 || 26 G| Atleast 294
2 aioft They 734 || 27 HEl His 294
3 Uh One 693 || 28 ES] More 287
4 qur But 693 || 29 S ISIEE Having 273
5 GICE] Near by 686 | 30 Gik| three 273
6 OITeUR Condition 599 || 31 A Hero 273
7 &l she 588 || 32 qER Forward 273
8 &l he 579 | 33 SHEAR Candidate 268
9 KIS Bring 560 || 34 d This 266
10 SENG] Afterwards | 546 || 35 Ell Wow 266
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Sr. No. | Actual word | Gloss freq || Sr. No. | Actual word | Gloss freq
11 Gaon] After doing | 454 | 36 fordne Cricket 259
12 IBR On time 399 || 37 3 Like this 252
13 areft This way | 398 | 38 SIS It will be done | 252
14 3Tt We 385 || 39 i Decision 252
15 qsia Like this 384 | 40 SIUG] Because of | 252
16 BRI Information | 364 || 41 RLCCIN Candidates 251
17 YT Ours 357 || 42 SIGII Now 245
18 i) Goa 343 | 43 el Will do 245
19 ST Happening | 342 || 44 a They 245
20 Feuredr Means what | 336 || 45 Eargl Yesterday 238
21 = Others 335 | 46 g Taken 238
22 Tl For him 322 || 47 iferer Exam 238
23 oI Win 315 || 48 g6 To start 238
24 CELG] Election 306 || 49 qr His 231
25 IRYTD To do 301 || 50 q1d Nothing 231

Table C.1: Most frequent words which are always recognised correctly by Konkani_Multi_Font

OCR on the Konkani_test_dataset for all ten fonts

C.2 Substitution errors exhibited by Konkani_Multi_ Font OCR
on Konkani_test dataset for Category-I (i.e. Amiko, Lohit
Devanagari, Biryani, Nakula, Cambay, Gargi and Asar)

fonts

This Table has five columns. The first column contains the actual character (AC), second column
has the total frequency of the characters being not recognized correctly for the fonts within their
respective categories. Third and fourth column has top 2 recognized character by OCR indicated

as (RC), along with its occurrence (freq) which exhibited errors.The fifth column has the average
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error percentage for the fonts within each categorys; it is indicated as (%), which is also shown

in Table 8.7 (refer Chapter 8).

177

AC | freq | RC (freq) %o AC | freq | RC (freq) %o
Devanagari Signs and other characters Devanagari Dependent vowels
' 664 | ' (612) <SPC> (28) 0.102 || £¥ | 444 | <X (168) | £ (145) | 0.077
' 548 | " (274) <SPC> (194) o | 275 | €31 (100) | 3T (75)

w1 118 | . (86) <SPC> (22) o7 | 126 | oY (124) | T (2)

Y 53 | £i(26) 3 (18) S| 72 | orde) | o)
) 33 | <SPC> (33) - 3152 | in(42) 2x (1)
16 | " (6) '(6) of |48 | w4y | oit(e)
, 8 <SPC> (6) . (2) 133 |92 (14) 3 (8)

8 £3(8) a (1) o |32 | Sirae) | 2 (5)
7 14 g 1(1) o115 | or @) | o e)
3 3 (2) (1) o1 A |-

Devanagari consonants x| 6 o3 ) 1 (1)
q 152 | §(121) 3 (6) 0.066 || it | 2 37(2) -
q 139 | X (125) 3T (5) Independent vowels
ol | 112 | €3 (15) q(14) g 598 | U(396) | W (57) | 0.044
T | 105 | T (T+ <2) (42) | T(26) 3T |47 | 324 3T (21)
< |93 |s(31) 3 (30) 3 |7 3 (1) ST (6)
R 73 | F(19) 3 (15) 3T | 4 3 (2) 3 (2)
da |62 | d(25) S (11) g 1 S (1)
< 39 | €(31) G (4) syllables/conjunct consonants
S (23 | 2(18) g2(3) 3 (42 | <(18) cc (12) | 0.017
X 23 | X (23) - & [30 | 827 g (3)
Jq |21 | D4 2) € |26 |89 g9
T 120 |[¥(12) q(4) g |24 SO ' (3)
S 16 | 3T(9) g7 (4) g |12 | g(10) <2
g |15 | ") g (1) S |12 |26 $(6)
T 13 13(7) 9(1) El 12 | 9(12) -
% |10 | S4) g (3) B |12 | BR2) | -




AC | freq | RC (freq) %o AC | freq | RC (freq) %o
g[8 [ % (2) % |12 |[B(12) |-

g |8 |¥®@¥ o (4) Z |9 B -

F |7 3O T(1) S |9 [T 3 (3)
q |7 |76) a(1) % |9 |BO) -

g |4 |7 3 (1) M| 6 | U(6) T(2)
T |4 |3@) q(1) |6 |FE6) |-
U4 9O T(1) ®6 1 F(Q) 902
% |4 | B@3) & (1) g |5 |elac) |-

q (3 |9(Q (1) G |4 | TG@) -

I 12 |7 - @4 |TTE | -

s |1 S (1) - g |3 G (3) -

B |1 |3 - S |2 |S®@ -

g |1 M (1) - ¥$ |2 9 (2) -
AC: Actual Character T |2 X(2) -

RC: Recognized Character |4 cJl “4) -
freq: Frequency, <SPC>: space character g 19 adq ) -

Table C.2: Substitution errors exhibited by Konkani_Multi_Font OCR on Konkani_test_dataset

for Category-I fonts (i.e. Amiko, Lohit Devanagari, Biryani, Nakula, Cambay, Gargi and Asar

fonts)

C.3 Substitution errors exhibited by Konkani_Multi_ Font OCR

on Konkani_test_dataset for Category-II (Baloo and Apara-

Jjita) fonts

AC | freq | RC (freq) %o AC freq | RC (freq) %o
Devanagari consonants Devanagari signs and other characters
g 1791 | S (1348) < (266) ' 163 | “ (87) " (36) | 0.063
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AC | freq | RC (freq) %o AC freq | RC (freq) %
T | 338 |3(243) 3(32) % Anusvara | 92 | <SPC> (66) | :.(7)
T | 260 | (120) a(77) 3 66 | i (55) 25 (7)
T | 181 | H(147) 9 (24) ? 12 | 9@ q(Q2)
g |94 | 9(68) 9 (8) . dot 7 (4) (3)
X190 | 3T(61) H(7) % Nukta' | 6 | i3(4) 3(2)
T |55 [T (T+ o HG0) | TT@) " 6 " (4) “ )
g |42 | T@4]) I (1) 31.02 (D)
o |41 q.(14) REC)) Independent vowels
T |37 |23 T (9) Y 217 | U (122) T(21) | 0.062
€ |30 |T(19) 3 (4) 3l 137 | 3T (112) 31 (14)
g |29 | WW€(14) 3T (10) | 0.681 || 3 4 |3 3 (2)
2] 18 T (12) I (2) Syllables/Conjunct consonants
3 |17 |3 ac (4) NI 849 | T (798) T (22) | 0.031
a |10 |93 3(2) NI 12 [T (8 H (4)
T |9 T (3) 7 (2) 3 10 [3(8) g (2)
% |9 T(3) & (3) ] 10 | S8 2 (2)
T |8 R (6) G (2) o 9 | d(6) ? (3)
g |6 e (3) T (3) s 6 | T(6)
g |3 9 (2) a() c 5 |50 g(2)
g |3 (1) T(1) s 4 T
g 2 ¥(9) % (1) Numbers
T |1 S (1) 3 16 | 3(16) 0.012
Devanagari Dependent vowels 0 8 o (8)
| 213 | $31(76) :7(76) | 0.124 || 5 8 S(8)
Y177 | 55 (74) 3 (28) 3 6 | 3(6)
o 64 | £3(50) J(8) 5 6 |S(6)
o162 | 2(39) 3.(6) 30 3 30(3)
T | 49 | T (46) ) 35 3 35(3)
o349 | £ (38) f2: (9) 1 2 2)
1300 | 2 (12) 3(8) 9 2 19

Ihttps://www.unicode.org/charts/PDF/U0900 . pdf
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Yo

AC | freq | RC (freq) %o AC freq | RC (freq)

o 16 | o) ¥ (2) 9 2 9(2) -
]9 23 (7) 277 (2) 31 2 |3 ;
|5 (1) S (2) 55 2 5@ -
ot s 3 (5) - 3 1|30 -

AC: Actual Character

RC: Recognized Character

freq: Frequency, <SPC> space character

Table C.3: Substitution errors exhibited by Konkani_Multi_Font OCR on Konkani_test_dataset

for Category-II fonts (i.e. Aparajita and Baloo fonts)

C.4 Words exhibit zero accuracy for all ten fonts (i.e. Amiko,
Lohit Devanagari, Biryani, Nakula, Cambay, Gargi , Asar,

Baloo and Aparajita fonts)
The table has six columns. The first column represent the Sr.No indicated as #, second col-

umn contains the actual word, third column has its Roman IAST transliteration, which is done

using Aksharamukha Transliteration tool?2, fourth column has gloss of same, fifth column has fre-

quency indicated as freq and sixth column consist of the corresponding output of Konkani_Multi_Font

OCR.
Sr. No. | Actual word | Roman (IAST) | Gloss frequency | Recognised word
1 gt varsam Years 270 g4t
2 Jreid ardamta In the middle 40 Jeid
3 BRI sarttmtala In the competition | 30 SR
4 EIEs parse Parse 20 T
5 Plefd kortamta In the courtroom | 10 Plefd
6 TS ®da And 100 TS

’https://aksharamukha.appspot.com/converter
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Sr. No. | Actual word | Roman (IAST) | Gloss frequency | Recognised word
7 UEI IS ®daleda Adelaide 40 TSels

8 Teett @sembli Assembly 30 Tect!
9 qus! @ndi Andy 30 qus!

10 Teeterd @®daledamta | In Adelaide 20 TSalsid
11 Torast @lekjhem Alexan 10 CCE
12 et epala Apple 10 Kl

13 Urert @nthanit Anthony 10 Q:%F-ﬁ
14 ﬁ'@? &ntikka Antique 10 @%
15 ﬁ’U?R:T:T @&ndarsana Anderson 10 R’U@'ﬁ:[
16 TSoieid @daledamta | In Adelaide 10 TSeieid
17 ﬁ@ﬁf?ﬁ @&damisana Admission 10 Q@T}-TQFT
18 ﬁ%ﬁa ®kkeriya Ackery 10 W
19 3ls ®da Adv 170 s

20 @D @&davhoka Advoc 40 NSEID
21 et @lopathi Allopathy 10 3reTgey
22 TSB! ekagaththo A bundle 30 QEI’T‘E@[
23 ¢ rat Rat 20 [+

24 HooeoT mellya has been found 10 HeseT
25 S uktem open 10 It

26 TRIAT ayalo To come 10 3TRIAT
27 IR ayaclt Today’s 10 IRl
28 AT ayaeesa IAS 10 JITCH
29 AT asata Existing 10 T
30 goT itsa will 10 ESslE

31 g9’ darSana Philosophy 20 e

32 S’ klina Clean 10 BIF

33 ‘h bhakta devotee 30 “h

34 Qo peda Ped 50 U

35 Ak jhakasa Jhakas 30 !
36 R gomamta Gomantak 30 "I
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Sr. No. | Actual word | Roman (IAST) | Gloss frequency | Recognised word

37 PSR’ kothayera Kothyer 10 DG

38 ‘3R are "Hey 10 3R

Table C.4: Words exhibit zero accuracy for all ten font (i.e. Amiko, Lohit Devanagari, Biryani,

Nakula, Cambay, Gargi, Asar and Baloo and Aparajita fonts)
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