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Abstract

Ancient paper documents and palm leaf manuscripts from the Indian subcontinent have made a
significant contribution to the world literary and culture. These documents often have complex, uneven,
and irregular layouts. The process of digitization and deciphering the content from these documents
without human intervention pose difficulties in a broad range of areas, including language, script, layout,
elements, position, and number of manuscripts per image.

Large-scale annotated Indic manuscript image datasets are needed for this kind of research. In order
to meet this objective, we present Indiscapes, the first dataset containing multi-regional layout annota-
tions for ancient Indian manuscripts. We also adapt a fully convolutional deep neural network archi-
tecture for fully automatic, instance-level spatial layout parsing of manuscript images in order to deal
with the challenges such as presence of dense, irregular layout elements, pictures, multiple documents
per image and the wide variety of scripts. Eventually, We demonstrate the effectiveness of proposed
architecture on images from the Indiscapes dataset.

Despite advancements, the segmentation of semantic layout using typical deep network methods is
not resistant to the complex deformations that are observed across semantic regions. This problem is
particularly evident in the domain of Indian palm-leaf manuscripts, which has limited resources. There-
fore, we present Indiscapes2, a new expansive dataset of various Indic manuscripts with semantic layout
annotations, to help address the issue. Indiscapes2 is 150% larger than Indiscapes and contains materials
from four different historical collections. In addition, we propose a novel deep network called Palmira
for reliable, deformation-aware region segmentation in handwritten manuscripts. As a performance
metric, we additionally report a boundary-centric measure called Hausdorff distance and its variations.
Our tests show that Palmira offers reliable layouts and outperforms both strong baseline methods and
ablative versions. We also highlight our results on Arabic, South-East Asian and Hebrew historical
manuscripts to showcase the generalization capability of PALMIRA.

Even though we have reliable deep-network based approaches for comprehending manuscript layout,
these models implicitly assume one or two manuscripts per image during the process, whereas in a
real-world scenario there are often cases where multiple manuscripts are typically scanned together
into a scanned image to maximise scanner surface area and reduce manual labour. Now, making sure
that each individual manuscript within a scanned image can be isolated (segmented) on a per-instance
basis became the first essential step in understanding the content of a manuscript. Hence, there is a
need for a precursor system which extracts individual manuscripts before downstream processing. The
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highly curved and deformed boundaries of manuscripts, which frequently cause them to overlap with
each other, introduce another complexity when confronting issue. We introduce another new document
image dataset named IMMI (Indic Multi Manuscript Images) to address these issues. We also present
a method that generates synthetic images to augment sourced non-synthetic images in order to boost
the efficiency of the dataset and facilitate deep network training. Adapted versions of current document
instance segmentation frameworks are used in our experiments. The results demonstrate the efficacy
of the new frameworks for the task. Overall, our contributions enable robust extraction of individual
historical manuscript pages. This in turn, could potentially enable better performance on downstream
tasks such as region-level instance segmentation, optical character recognition and word-spotting in
historical Indic manuscripts at scale.
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Chapter 1

Introduction

Ancient palm leaf manuscripts are historical artefacts that hold a plethora of data. They are an

effective means of preserving cultural heritage as they represent a multitude of traditions, history, and

information. This is especially true for manuscripts from the Indian subcontinent and South-East Asian

countries [43]. These are referred to as “Indic Manuscripts” throughout this thesis. While previous

conservation efforts have focused on digitising these fragile texts, the work presented in this thesis takes

it a few steps ahead by creating large-scale datasets of such manuscript images and developing deep

learning models that can automatically identify and label different regions of the document, such as

character line segments, library markers, pictures, and textual and non-textual elements. We also made

an effort to determine the page boundaries from a single scanned image containing multiple manuscripts

and were successful to a greater extent.

1.1 Indic Manuscripts and Importance

The Indic manuscript collection is considered one of the largest manuscript collections globally,

estimated at around ten million manuscripts. Although Ayurveda and Yoga have become the most

in�uential and popular Indian exports to the West and other parts of the globe, there are many more

buried and preserved shastras, or texts, on a wide range of subjects, spanning from astrology, literature,

science and technology, to wellness and ecology. Unfortunately, the early means of writing down such

a large amount of information was done on materials such as stone, parchment, birch bark, and palm

leaves, all of which are now fragile and fractured due to weather and time.

In comparison to modern or recent era documents, such manuscripts are signi�cantly more fragile,

susceptible to degradation from natural elements, and have a relatively short shelf life [47, 67, 74]. In

particular to Indic documents, the manuscripts exist in multiple languages and scripts based on various

factors such as geography and timelines. The number of domain experts who can comprehend such

literature is shrinking rapidly. Hence, it is very vital to achieve access to the information contained in

these manuscripts before it is permanently lost.
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Figure 1.1: Sample images of ancient handwritten documents and palm leaf manuscripts

1.2 Importance of Developing Systems for Studying Indic Manuscripts

Given the multitude of languages, scripts, and non-textual regional elements found in Indian manuscripts,

spatial layout parsing is crucial for enabling downstream applications such as optical character recog-

nition (OCR), word-spotting, style-and-content based retrieval, and clustering. For this reason, we �rst

tackle the problem of creating a diverse, annotated spatial layout dataset. Creating such a dataset enables

progress and bypasses the hurdle of language and script familiarity for annotators.

In general, manuscripts from Indian subcontinent pose many unique challenges. To begin with,

the documents exhibit a large multiplicity of languages. This is further magni�ed by variations in

intra-language script systems. Along with text, manuscripts may contain pictures, tables, non-pictorial

decorative elements in non-standard layouts (refer to �gure 1.1). A unique aspect of Indic and South-

East Asian manuscripts is the frequent presence of holes punched in the document for the purpose of

binding [47,74,89]. These holes cause unnatural gaps within text lines. The physical dimensions of the

manuscripts are typically smaller compared to other historical documents, resulting in a dense content
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layout. Sometimes, multiple manuscript pages are present in a single image. Moreover, imaging-related

factors such as varying scan quality play a role as well. Given all of these challenges, it is important

to develop robust and scalable approaches for the problem of layout parsing. In addition, given the

typical non-technical nature of domain experts who study manuscripts, it was also important to develop

easy-to-use graphical interfaces for annotation, post-annotation visualization and analytics.

1.3 Works on Semantic and Instance Segmentation

A number of research groups have invested signi�cant efforts in the creation and maintenance of

annotated, publicly available historical manuscript image datasets [39, 62, 68, 71, 75, 82, 83]. Other

collections contain character-level and word-level spatial annotations for South-East Asian palm-leaf

manuscripts [40, 86, 89]. In these latter set of works, annotations for lines are obtained by considering

the polygonal region formed by union of character bounding boxes as a line. While studies on Indic

palm-leaf and paper-based manuscripts exist, these are typically conducted on small and often, private

collections of documents [5,19,61,76,77,80,85]. No publicly available large-scale, annotated dataset of

historical Indic manuscripts exists to the best of our knowledge. In contrast to existing collections, our

proposed dataset contains a much larger diversity in terms of document type (palm-leaf and early paper),

scripts and annotated layout elements (see Tables 3.3,3.4 and 3.5). An additional level of complexity

arises from the presence of multiple manuscript pages within a single image.

A number of contributions can also be found for the task of historical document layout parsing [16,

17, 94, 95]. Wei et al. [94] explore the effect of using a hybrid feature selection method while us-

ing autoencoders for semantic segmentation in5 historical English and Medieval European manscript

datasets. Chen et al. [17] explore the use of Fully Convolutional Networks (FCN) for the same datasets.

Barakat et al. [12] propose a FCN for segmenting closely spaced, arbitrarily oriented text lines from an

Arabic manuscript dataset. The mentioned approaches, coupled with efforts to conduct competitions

on various aspects of historical document layout analysis have aided progress in this area [3, 4, 42]. A

variety of layout parsing approaches, including those employing the modern paradigm of deep learning,

have been proposed for Indic [73, 76, 80, 85] and South-East Asian [16, 43, 63, 86, 91] palm-leaf and

paper manuscript images. However, existing approaches typically employ brittle hand-crafted features

or demonstrate performance on datasets which are limited in terms of layout diversity. Similar to many

recent works, we employ Fully Convolutional Networks in our approach. However, a crucial distinction

lies in our formulation of layout parsing as aninstancesegmentation problem, rather than just aseman-

tic segmentation problem. This avoids the problem of closely spaced layout regions (e.g. lines) being

perceived as contiguous blobs.

The ready availability of annotation and analysis tools has facilitated progress in creation and anal-

ysis of historical document manuscripts [24, 28, 32]. The tool we propose here contains many of the

features found in existing annotation systems. However, some of these systems are primarily oriented

towards single-user, of�ine annotation and do not enable a uni�ed management of annotation process
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and monitoring of annotator performance. In contrast, our web-based system addresses these aspects

and provides additional capabilities. Many of the additional features in our system are tailored for an-

notation and examining annotation analytics for documents with dense and irregular layout elements,

especially those found in Indic manuscripts. In this respect, our annotation system is closer to the recent

trend of collaborative, cloud/web-based annotation systems and services [2,33,96].

1.4 Missing Resources

Despite the great signi�cance of Indic manuscripts, there was no large scale dataset existing in the

community to work with, when it came to obtaining access to the content. Due to the unique challenges

that these manuscripts pose, there was no existing system that could overcome them, and parse the

scanned manuscript document to retrieve the content from it. Hence there was a need for establishment

of large scale datasets of Indic manuscript images and deep learning models to parse these images.

1.5 Thesis Contributions

In this work, we established standardised datasets following set of guidelines with Indic manuscript

images and explored semantic instance segmentation based works for layout parsing of the same im-

ages.The contribution of the thesis are outlined as below.

• Development of guidelines for annotating the dataset with an emphasis on ensuring consistent

annotations throughout.

• Datasets (Indiscapes, Indiscapes2 and IMMI) involving all the major possible real time challenges

for layout parsing of the Indic Historical Manuscripts.

• Deep learning based Instance segmentation models for Layout parsing of the Historical Docu-

ments.

1.6 Thesis Organisation

The thesis is organised as follows. The requirements and considerations for developing a spatial

layout annotation system are brie�y summarised in chapter 2. It also includes a description of HInDoLA,

a web-based system that constitutes a large-scale annotation tool, dashboard analytics, and machine

learning engines. The proposed databases of Indic Manuscript images, Indiscapes and Indiscapes2, are

discussed in chapter 3. The motivation for collecting the IMMI dataset and the analysis of the dataset

are summarised in chapter 4. Deep networks for manuscript region instance segmentation, such as Mask

R-CNN and Palmira, are presented in chapter 5, while deep networks for multi-manuscript document

4



image segmentation are presented in chapter 6. Finally, the contributions, �ndings, experiments and

analysis are summarised in chapter 7.
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Chapter 2

Spatial Layout Annotation

Considering spatial layout annotation of manuscripts do not require any speci�c skill for identifying a

language or script, unlike text annotation, setting up a diverse annotated spatial layout dataset overcomes

the barrier of language and script familiarity for annotators. Although annotators do not need to be script

or language experts, they should be able to recognise and categorise the most prominent and content-rich

components such as character line segments, character components, pictures, and others precisely. To

assist with this annotation, a web-based online annotation tool called HInDoLA, introduced by Trivedi

et al. [88] was utilised. A set of guidelines were established while annotating to ensure that they stayed

meaningful and consistent throughout the process. In the following sections, a quick overview of the tool

and the established guidelines will be discussed. All annotation choices, such as manuscript sources,

region types, and number of manuscripts, will also be provided in detail in the upcoming sections.

2.1 Background Work

2.1.1 HInDoLA

The availability and accessibility of annotation and analytic tools have greatly aided in the creation

and study of historical manuscript annotations [24,28,32]. HInDoLA (Historical Intelligent Document

Layout Analytics), the adopted annotation tool and analytics system, by Trivedi et al [88] incorporates

many features available in existing annotation systems. However, most systems are built for single-user

online annotation and do not offer centralized annotation management or annotator performance mon-

itoring. HInDoLA, on the other hand, expands the tool's capabilities by resolving the concerns raised

above and focusing on a more ef�cient annotation process and statistical analysis for texts with dense

and irregular layout features, such as those found in Indian manuscripts. HInDoLA is more in line with

the current trend of collaborative, cloud-based annotation systems and services [2, 33, 96] because it is

entirely open source and comes with clear, step-by-step instructions for streamlined installation and us-

age. The Annotation Tool, ML Engine and Dashboard Analytics are crucial components of HInDoLA's

overall architecture.
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2.1.1.1 ML Engines

HInDoLA is set up to interact with machine-learning models that use deep networks. One of the

models used here is fully automated and uses Mask R-CNN, a state-of-the-art object-instance segmen-

tation framework. This model outputs a layout estimate at the instance level for a given document.

A semi-automatic model is one in which the annotator supplies partial information in the form of the

region's bounding box, and the model predicts a tight region boundary estimate. This bounding box

supervision model learns the edge features and generates the boundary around the region. To access

these intelligent models in the tool, a toggle button must be enabled. Both fully automatic and semi-

automatic models become active once this toggle button is enabled after receiving the image from the

tool. A sub-system provides control points on the boundaries of regions after the fully automatic model

predicts masks for distinct regions in the input image. These control points are superimposed on the

input image, allowing the annotator to tweak the prediction for a tighter region boundary. The control

points can be adjusted by annotators to create a tight bounding box around the region. In the semi-

automatic model, annotators draw a bounding box around a region in a freshly requested image, which

is then automatically forwarded to the back-end edge model. A convolution neural network predicts

the region's edge features and edge-logits (pixel values ranging from 0-1) and generates a concave-hull

boundary from the most prominent features. Similar to the instance segmentation model boundary pre-

diction, the boundary is then combined with control points, allowing the region boundary annotation

to be served on the annotation tool. This feature saves users and experts time that would otherwise be

spent annotating an entire document image from scratch.

Figure 2.1: Screenshots of our web-based annotator (left) and analytics dashboard (right).

2.1.1.2 Annotation Tool

The Annotation tool can be used as a standalone application or as a web service. The standalone

version can be used of�ine for sand boxing and enhancing the tool's capabilities. It is also used when

the server-based components of HInDoLA cannot be installed owing to access constraints. The web

service, on the other hand, supports distributed parallel sessions by registered annotators, as well as live

session monitoring via the dashboard and shows various annotation-related statistics.
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The web-based tool service allows users to engage in the interactive annotation of manuscripts.

Users need to complete a one-time registration to track their annotation performance at multiple levels.

Along with the standard polygon and rectangle drawing features, the free-hand drawing option is also

introduced for quick annotations on irregular, small, and extremely big regions in manuscripts, giving

the maximum annotation versatility possible. A single annotation is created by starting with a single

mouse click and running the cursor smoothly along the component boundary, with a few more clicks in

between the movement to create vertices of the boundary.

The regions in Indic manuscripts are often densely populated, making the annotators' jobs challeng-

ing. Therefore, features such as ultra zoom and spanning features were introduced to overcome this

challenge and aid in pixel-level accuracy of annotations. Once a boundary is drawn around the region, it

can be altered later by adding or removing the vertices with a single mouse click and the control button

on the vertex. After drawing the boundary, a pop-up annotation window opens to label the region. Ten

different class regions were identi�ed and considered for annotation as character line segment, character

component, hole, page boundary, library marker, decorator, picture, physical degradation, and bound-

ary line considering the whole Indic manuscript dataset. The annotations for different class regions are

shown in different vibrant colours for better visualisation and understanding(refer �g 2.3). The JSON

format is used to extract all the annotations from the tool. Along with the region coordinates and labels,

the JSON �le also stores a time-stamp for each region annotated, which serves as a metric to support

the training of intelligent models for automatic annotation.

The annotation manager was developed to manage and update the database in the backend while

handling distributed concurrent sessions of registered annotators. It has a request queue that can handle

several user sessions on the system simultaneously, and it can load unannotated images in normal mode

and annotated images in correction mode. Expert annotators can use the “Correction” mode toggle to

improve the quality of their annotations by correcting them. If the image is excessively corrupted or the

annotator is unsure about the proper layout parsing of newly introduced components, the “skip button””

allows them to skip the served image. The annotation JSON �le is saved in the backend folder when the

“done” button is clicked.

2.1.2 Dashboard Analytics

The dashboard-style analytics includes many annotation management services, such as displaying

graphs for the annotation stats, the annotators' progress reports, and the database viewer. It allows

users to keep track of live annotation sessions and interactively explore document annotation statistics.

The manuscripts are organized and displayed by annotated time, languages, and number of regions.

There are various types of histograms and pie charts on the dashboard that represent the number of

experiments added and completed document annotations. The viewer section of the dashboard enables

the annotators to check the quality of completed annotations. Visithttp://ihdia.iiit.ac.in/

for more information.
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Figure 2.2: Architecture of HInDoLA

2.2 Considerations for Spatial Layout Annotations

Spatial layout parsing is critical for downstream applications such as OCR, word-spotting, and style-

and content-based retrieval clustering, as the Indic manuscripts include a wide range of language, script,

and non-textual regional features. Hence, we approach the problem of establishing a diversi�ed, an-

notated spatial layout dataset because it has the advantage of immediately overcoming the barrier of

language and script familiarity for annotators. Spatial annotations do not demand any expertise from

annotators, unlike text annotations.

Surprisingly, there are currently no large-scale annotated Indic manuscript image datasets available

to researchers in the community, which would be incredibly helpful for analyzing the layout of these

manuscripts.As a result, we took a substantial step in addressing these gaps by creating a diverse, anno-

tated spatial layout dataset.

In order to create such a dataset, multiple factors need to be considered in data sourcing, identifying

and prioritising the signi�cant regions, categorising the classes, and determining the region types. After

assessing this, a comprehensive set of annotation guidelines must be established to avoid ambiguity

among annotators and preserve consistency throughout the data set. The following sections dwell into

the details of the annotation challenges and guidelines.
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2.3 Annotation Challenges

In the context of annotating Indic manuscript layouts, there are many unique challenges that they

pose when compared to regular documents. The constraints stem from three primary sources.

Content: The manuscripts are written in a series of diverse Indian languages. Some languages even have

script variations within themselves. To ensure ef�cient annotation of lines and character components, a

large pool of annotators versed with the languages and scripts contained in the corpus is required.

Layout: Indic manuscripts, unlike other datasets, include non-textual components such as color draw-

ings, tables, and document decorations in non-standard layouts, frequently interspersed with text. Many

manuscripts have one or more physical holes designed to allow a thread-like material to pass through

and bind the leaves together to form a book. The spatial location, number, and diameter of such holes

vary. At times, a “virtual” hole-like gap also occurs, possibly for punching a hole at a later time. When

holes appear in the centre of a document, they cause a break in the line continuity. In many cases, the

spacing between lines in manuscripts is often exceedingly small, making them dense. Because of the

handwritten character of these texts and the uneven surface material, very precise and slow annotation

is required, making the annotator's job challenging and time-consuming. If multiple manuscript im-

ages are present, the stacking order could be horizontal or vertical. Overall, the sheer variety in layout

elements poses a signi�cant challenge, not only for annotation, but also for automated layout parsing.

Degradations: Historical Indic manuscripts are fragile and prone to deterioration from a variety of

sources, including wood-and-leaf-boring insects, humidity seepage, inappropriate storage and handling,

and so on. While certain degradations cause the document's edges to fray, others result in oddly shaped

perforations in the document's core. Before undertaking lexically-focused tasks such as OCR or word-

spotting, it may be necessary to identify such degradations.

2.4 Annotation Guidelines

As the annotations are done by multiple annotators, there is a considerable risk of making mistakes

and being inconsistent if there are no regulations. Therefore, a well-thought-out and published set of

guidelines has been established to ensure uniformity and correctness throughout the dataset. Initially,

depending on the data to be handled and the content to be accessed, a list of class types is de�ned, and

images are chosen accordingly. Only images with the prede�ned class type are chosen randomly and

annotated. Considering the whole dataset, we have identi�ed 10 class types that constitute the majority

of the documents, and they are as follows.

1. Holes(physical)

2. Holes(Virtual)

3. Boundary Line

4. Page Boundary

10



5. Picture

6. Decorator

7. Character Line segment

8. Character Component

9. Library marker

10. Physical Degradation

The HInDoLA Annotation tool is used to annotate all of these region types. As mentioned in previ-

ous sections, the documents have holes in them for a thread to run through, and these are labelled as

Holes (physical). The space is left for them to be punched in a few exceptional cases, but they remain

unpunched eternally. These are known asHoles (virtual). However, they are in relatively limited quan-

tities. Character line segmentsare textual lines that run from one end of the page to the other, whereas

Character componentsare short words that can occur anywhere on the page. The two region types

that make up the document's main textual content are character line segments and character components.

There are also some beautiful illustrations depicting the event or context, referred to asPictures. A few

documents contain �oral art added by the authors, generally at the beginning or conclusion of the book,

to make the collection look prettier. These are labelled asDecorators. Boundary lines are the ones

that are drawn on the left and right sides of the page to maintain alignment. These can also be found

at the top and bottom of the page. APage boundaryis a region where boundary around the document

is drawn to ensure the clear separation between several pages in a single image or some foreign textual

components. Refer to �gure 2.3 for more details.

Figure 2.3: Sample class regions annotated on the manuscripts using HInDoLA
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Chapter 3

Overview of the Datasets

3.1 Indiscapes: The Indic Manuscript Dataset

Indiscapes is the �rst-ever historical Indic manuscript dataset with detailed spatial layout annota-

tions. It is composed of manuscript images acquired from two primary sources. The �rst source is the

University of Pennsylvania's Rare Book and Manuscript Library's publicly accessible Indic manuscript

collection, popularly known asPenn-in-Hand [1]. We picked193 manuscript images for annotation

from the2;880Indic manuscript book sets1. Our curated selection aims to maximise the dataset's diver-

sity in terms of various parameters such as the extent of document degradation, script language, presence

of non-textual elements (e.g. pictures, tables) and the number of lines. Some images contain multiple

manuscript pages stacked vertically or horizontally (see the bottom-left image in Figure 3.1).

Bhoomi, a scattered collection of315images gathered from several Oriental Research Institutes and

libraries across India, is our dataset's second source for manuscript images. We chose a subset from

the whole dataset to optimise the dataset's overall diversity, just as we did with the previous collection.

However, the latter collection of images is distinguished by a lower document quality, the inclusion

of numerous languages, and the presence of long, densely and irregularly spaced text lines, binding

holes, and degradations (Figure 3.1). We do not attempt to split the image into multiple pages, even if

it contains multiple documents. While this makes automatic image processing and annotation dif�cult,

keeping such images in the dataset avoids the need for manual or semi-automatic intervention.

In aggregate, we have508annotated Indic manuscripts in our collection. The table 3.1 depicts some

critical aspects of the dataset, while the �gure 3.1 depicts a pictorial representation of the layout re-

gions. Unlike existing historical document datasets, which typically contain disjoint region annotations,

multiple regions might overlap in our case.

1A book-set is a sequence of manuscript images.
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Character Line Segment Character Component Hole Page Boundary Library Marker Decorator Picture Physical Degradation Boundary Line

(CLS) (CC) (H) (PB) (LM) (D) (P) (PD) (BL)

PIH 2401 494 � 256 32 59 94 34 395

BHOOMI 2440 210 565 316 133 � � 2078 �

Combined 4841 704 565 572 165 59 94 2112 395

Table 3.1: Counts for various annotated region types in INDISCAPESdataset. The abbreviations used

for region types are given below each region type.

Train Validation Test Total

PIH 116 28 49 193

BHOOMI 236 59 20 315

Total 352 87 69 508

Table 3.2: Dataset splits used for learning and inference.

Script Source Document Count

Devanagari PIH 193

Nandinagari BHOOMI 2

Telugu BHOOMI 75

Grantha BHOOMI 238

Table 3.3: Scripts in the INDISCAPESdataset.

3.2 Motivation for Indiscapes2

Among the varieties of historical manuscripts, many from the Indian subcontinent and South-east

Asia are written on palm leaves. These manuscripts pose signi�cant and unique challenges to the prob-

lem of layout prediction. The digital versions often re�ect multiple degradations of the original. Also,

a large variation exists in terms of the script language, aspect ratios and density of text and non-text

region categories. The Indiscapes, Indic manuscript dataset and the deep-learning-based layout parsing

model by Prusty et al. [65] represent a signi�cant �rst step towards addressing the concerns mentioned

above in a scalable manner. Although Indiscapes is the largest available annotated dataset of its kind,

it contains a relatively small set of documents sourced from two collections. The de�ciency is also

re�ected in the layout prediction quality of the associated deep learning model.
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Figure 3.1: The �ve images on the left, enclosed by pink dotted line, are from the BHOOMI palm leaf

manuscript collection while the remaining images (enclosed by blue dotted line) are from the `Penn-in-

Hand' collection (refer to Section 3.2.1). Note the inter-collection differences, closely spaced and un-

evenly written text lines, presence of various non-textual layout regions (pictures, holes, library stamps),

physical degradation and presence of multiple manuscripts per image. All of these factors pose great

challenges for annotation and machine-based parsing.

To address these shortcomings, we introduce the Indiscapes2 dataset as an expanded version of In-

discapes (Sec. 3.1). Indiscapes2 is150% larger compared to its predecessor and contains two additional

annotated collections which greatly increased qualitative diversity (see Fig. 3.2, Table 3.4).

3.2.1 Indiscapes2

Despite Indiscapes being the �rst large-scale Indic manuscript dataset, it is relatively small by dataset

standards. Indiscapes2 was developed on Indiscapes to alleviate this issue and enable advanced layout

segmentation of deep networks. We used HInDoLA [88], a multi-feature annotation and analytics tool

for historical manuscript layout processing for annotation. The fully automatic layout segmentation

approach from Prusty et al. [65] is available as an annotation feature in HInDoLA. The annotators use

the same to get an initial estimate and alter the output, reducing the time and effort required compared to

pure manual annotation. HInDoLA also has a visualisation interface for evaluating annotation accuracy

and labelling documents for correction.

In the new dataset, we introduce additional annotated documents from the Penn-in-Hand and Bhoomi

book collections mentioned previously. Above this, we also add annotated manuscripts from two

new collections - ASR and Jain. The ASR documents are from a private collection and contain61

manuscripts written in Telugu language. They contain18 � 20 densely spaced text lines per document

(see Fig. 3.2). The Jain collection contains189images. These documents contain16� 17lines per page

and include early paper-based documents in addition to palm-leaf manuscripts.
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Train Validation Test Total Indiscapes (old)

PIH 285 70 94 449 193

BHOOMI 408 72 96 576 315

ASR 36 11 14 61 ��

JAIN 95 40 54 189 ��

Total 824 193 258 1275 508

Table 3.4: Collection level stats.

Character Character Hole Hole Page Library Decorator/ Physical Boundary

Line Segment Component (Virtual) (Physical) Boundary Marker Picture Degradation Line

(CLS) (CC) (Hv) (Hp) (PB) (LM) (D/P) (PD) (BL)

PIH 5105 1079 � 9 610 52 153 90 724

BHOOMI 5359 524 8 737 547 254 8 2535 80

ASR 673 59 � � 52 41 � 81 83

JAIN 1857 313 93 38 166 7 � 166 292

Combined 12994 1975 101 784 1375 354 161 2872 1179

Table 3.5: Region count statistics.

Indiscapes2 has1275documents, representing a 150 per cent increase over the previous Indiscapes

dataset. Additional statistics about the datasets can be found in Tables 3.4,3.5, and representative images

can be seen in 3.2. Overall, Indiscapes2 provides more qualitative and quantitative coverage throughout

the spectrum of historical documents.
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Figure 3.2: Representative manuscript images from Indiscapes2 - from newly added ASR collection (top

left, pink dotted line), Penn-in-Hand (bottom left, blue dotted line), Bhoomi (green dotted line), newly

added Jain (brown dotted line). Note the diversity across collections in terms of document quality,

region density, aspect ratio and non-textual elements (pictures).
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