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Abstract

Computerized analysis of historical documents has remained an interesting research

area for the pattern classification community for many decades. From the perspec-

tive of computerized analysis, key challenges in the historical manuscripts include

automatic transcription, dating, retrieval, classification of writing styles and identi-

fication of scribes etc. The focus of our current study lies on identification of writers

from the digitized historical manuscripts. The documents are first pre-processed to

segment handwriting from the background. For feature extraction and subsequent

classification, we extract small patches of handwriting. These patches are extracted

in two different ways, by a dense sampling of handwriting using small windows as

well as by finding the key points in handwriting and using these key points as centers

of small windows to extract writing fragments. Features are extracted from writing

windows using a two-step fine-tuning of convolutional neural networks. First, the

ConvNets are trained on contemporary handwriting samples and then fine-tuned

to the limited set of historical manuscripts (Papyrus). Decisions on patches are

combined using a majority vote to decide the authorship of a query document.

Preliminary experiments on a set of challenging and degraded manuscripts report

promising performance.
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CHAPTER 1

INTRODUCTION

Over the last few decades, there has been a significant increase in the

trend to digitize ancient documents [2, 3]. The digitization is not only aimed

at preserving the cultural heritage but also to make these documents publicly

available without the need to physically access them. This contribution, in

turn, led the researchers from pattern classification and the document and

handwriting recognition community in particular to a new set of challenging

problems [4]. Some of the prominent digitization projects include the Inter-

national Dunhaung Project (IDP) [5], the Monk system [6], NAVIDOMASS

(NAVIgation in Document MASSes) [4] and Madonne. Besides digitization,

these projects are also supported by the development of automated tools to

assist the paleographers in tasks like spotting keywords in manuscripts or re-

trieving documents with a particular writing style or a dropcap, etc. In the

past, paleographers and historians have been hesitant in accepting computer-

ized solutions. The key contributing factor to this resistance has been the lack

of ‘trust’ in machine-based solutions. In recent years, thanks to the advances in

various fields of image processing and machine learning, as well as the success

of joint ventures between paleographers and computer scientists, experts seem

to be more receptive to digital solutions in their practices [7]. The primary

motivation behind such solutions is to facilitate the experts rather than replac-

ing them. These tools can be exploited to narrow down the search space and
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experts can concentrate on a limited set of samples for detailed and in-depth

analysis [8]. Among various challenges in computerized analysis of histori-

cal manuscripts, the identification of scribes carries significant importance. A

writer of a document can be categorized by capturing the writing style which

is known to be specific for each individual [9].

1.1 Motivation of Handwriting Analysis

Handwriting is an important form of communication in our culture that

has developed and evolved over the years. We all learn to write according

to a standard writing style at school, the ‘copy book’ that differs according

to the temporal circumstances, geographical location and the historical and

cultural background. Eventually, with the passage of time, we develop hand-

writing characteristics but our handwriting begins to deviate from the initially

learned style. The writing differs depending on the circumstance, location,

historical and cultural origin as presented in Figure 1.1. Thus, Handwriting

Figure 1.1: Various code book styles common in Germany, Chile and US.

is not an innate neural function but it is learned over the years, as it evolves

it becomes an action that does not need much active attention [10]. These

unique characteristics help in differentiating the writing of an individual from
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that of another, despite the fact that both texts share the same copybook style

thus allowing the writer of a handwritten text to be identified [11].

From the view point of ancient manuscripts, such collections may present

varied interests. They could, for instance, serve to study the form of writing

and evolution of the style over the period of time which reflects the historical

and cultural changes in the society. Familiarity with ligatures, abbreviations,

individual letters, punctuation and how they have evolved has enabled the

paleographers and historians in identifying the periods in which a manuscript

is written (Figure 1.2).

Figure 1.2: Evolution of Greek Script from Phoenicians to Unical to Cursive

and finally to Minuscule Script.

Handwriting is also known to disclose demographic details such as gender,

age, nationality, and handedness etc. [12]. Hence, it can be used to achieve

the objective of a paleographer that is to extract information from ancient

manuscripts such as keyword search, characterizing writing styles, identifica-

tion of scribes, and credibility of manuscripts. Such analysis also provides
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potential applications for forensics. The identification of scribes carries signif-

icant importance as it can also be exploited to estimate the date and region

in which the manuscript is produced by correlating with the ‘active’ period of

the scribe [13].

A number of computerized solutions have been developed to assist the pa-

leographers. For instance, the SPI (System for Paleographic Inspection) [14]

software has been utilized by experts for their work in recent years. The

tool compares and analyzes paleographic content morphologically. Such re-

search may help a paleographer in inferring the origin of the manuscript, it

is presumed that morphologically related documents could have been origi-

nated in the same cultural environment. This explicitly offers information on

a manuscript that will be beneficial in identifying the scribe as well. Writer of

a document can be categorized by capturing the writing style which is known

to be specific for each individual. Writing style is typically exploited through

a scale of observation that might be grapheme(character) level or global (page

or paragraph) level. Textural features, for example, have been extensively

employed to capture the writing style [15, 16, 17].

1.2 Challenges in Scribe Identi�cation

Paleographers are particularly interested in tasks like identifying the

scribe, determining the date and place of origin of a manuscript and so on.

Such problems, naturally, require significant experience and domain knowl-

edge. The writing style of every individual is exclusive. It is rarely possible

for two people to have the same style of writing; even the same person cannot

imitate their own handwriting. These variations in the handwriting patterns

of different individuals are known as inter-class variability [18] while variation

in ones own hand writing is known as intra-classs variability [19] as shown in

Figure 1.3.
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Figure 1.3: The inter and intra-class variability found in text of three separate

writers with different instances of ‘you’ written with varying tools.

Figure 1.4: Factors responsible for variation in handwriting.

Schomaker et al. [20] have identified four factors responsible for varia-

tions in handwriting (Figure 1.4). These are affine transforms (shear, rotation,

translation, scaling, etc.), allographic variations (character shapes employed by

a writer), neuro-biomechanical variability(variation depending on the scribe’s

health, effort, and time), and sequencing variability (variable order of stroke

production). Among these factors, the allographic variations provide the most
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