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Abstract

Writer identification is the task of identifying the writer of a handwritten document. Therefore,
a set of documents where the authors are known has to be available in advance. A feature is
generated for a new document image containing handwriting and then this feature is compared
to the features generated on the set of documents. The writer of the document with the highest
similarity is then assigned as writer to the new document. Writer identification can be used e.g.
for tasks in forensics and for historical document analysis. In contrast to this, writer retrieval
is to receive a ranking of the pages in the set of documents sorted according to the similarity
of handwriting. It allows for searching for documents which may have been written by the
same author and thus can be used for clustering a not indexed set of documents according to the
individual handwriting.

State-of-the-art methods calculate features for writer identification on the contours of the
characters, so pre-processing steps are needed to extract this contour. In contrast to this in this
thesis, three novel approaches for writer identification and writer retrieval are presented. The first
is based on the bag of words approach, which is well known for object recognition. SIFT features
are calculated on the handwriting and then an occurrence histogram is generated. This histogram
is then used as feature vector for identification or used for sorting of the documents. The second
method is based on the Fisher vector. Again, SIFT features are generated on the handwriting,
but this time the gradient vectors of a Gaussian Mixture Model (GMM) are used to generate the
feature vector for writer identification. Additionally, the SIFT features are modified such that a
distinction between the upper and lower profile of the handwriting, which are distinctive features
for writers, is possible. The last method is based on Convolutional Neural Network (CNN). To
the best knowledge of the author, this is the first method which brings the field of deep learning
to writer identification and retrieval. A CNN is trained on image patches and the classification
layer is cut off and the second last layer is used as feature vector for this patch. The mean vector
of all patches on one page is the feature vector for the handwriting and is used for identification
and retrieval.

The methods presented are evaluated and compared to the state of the art on different scien-
tific databases and additionally on a historic dataset using common evaluation metrics for writer
identification. The evaluations show that the three methods proposed outperform the state of
the art on many of the different tasks on these datasets. Advantages and possible weaknesses
are discussed. The methods proposed achieve good results (>90%) on every dataset used for
evaluation.






Kurzfassung

Als Schreiberidentifikation bezeichnet man die Aufgabe, einem Text, dessen Autor unbekannt
ist, einen Schreiber zuzuordnen. Hierfiir wird eine Datenbank von Dokumenten benétigt, fiir die
die Schreiber bereits bekannt sind. Ein Merkmal, das die Handschrift beschreibt, wird auf einem
neuen Dokument generiert und dieses wird dann mit den bereits vorberechneten Merkmalen in
der Datenbank abgeglichen. Nach einem bestimmten AhnlichkeitsmaB kann dann die #hnlichs-
te Handschrift in der Datenbank gefunden werden und der Autor des dhnlichsten Dokuments
wird dann dem neuen Dokument zugewiesen. Schreiberidentifkation wird z.B. in Bereichen der
Forensik sowie auch bei der Analyse von historischen Dokumenten bendtigt. Writer retrieval be-
zeichnet das Suchen von Dokumenten mit dhnlicher Handschrift. Hierfiir miissen die Schreiber
in der Datenbank nicht bekannt sein. Wieder werden die Merkmale auf der Handschrift generiert
und die in der Datenbank befindlichen Dokumente nach Ahnlichkeit gereiht. Dadurch kénnen
nicht indexierte Datenbanken von Dokumenten durchforstet und nach &hnlichen Schriftbildern
gruppiert werden.

Wihrend State-of-the-art Methoden die Merkmale fiir eine Schreibererkennung meist auf
den Konturen der Buchstaben erkennen, werden in dieser Arbeit zwei neue Methoden vorge-
stellt, die auf lokalen Merkmalen basieren. Die erste Methode beruht auf dem Bag of Words
Modell, das in der Objekterkennung hiufig eingesetzt wird. SIFT Features werden auf der Hand-
schrift berechnet und ein Haufigkeitshistogramm wird generiert. Dieses Histogramm wird dann
fiir die Berechnung der Ahnlichkeit verwendet. Die zweite Methode basiert auf dem Fisher
Vektor. Wieder werden SIFT Features auf der Handschrift berechnet, aber bei dieser Methode
werden die Gradientvektoren eines Gaussian Mixture Models (GMM) verwendet um die Hand-
schrift zu beschreiben. Zusitzlich wird eine Modifikation der SIFT Features verwendet, die eine
Unterscheidung zwischen dem oberen und unteren Profil der Handschrift, die charakteristisch
fiir unterschiedliche Schreiber sind, zulésst. Die dritte Methode verwendet Convolutional Neural
Networks (CNN). So weit bekannt ist, ist dies die erste Methode, die das Feld des Deep Lear-
nings fiir Schreibererkennung verwendet. Ein CNN wird auf Ausschnitten des Bildes der Hand-
schrift trainiert. Der Klassifikationslayer wird abgeschnitten und die Aktivierung des vorletzten
Layers wird als Merkmalsvektoren fiir den jeweiligen Ausschnitt verwendet. Der Durchschnitts-
vektor iiber alle Ausschnitte wird dann als Merkmal fiir die Handschrift verwendet, mit dessen
Hilfe dann die Identifikation bzw. die Reihung nach Ahnlichkeit erfolgt.

Die vorgestellten Methoden werden auf wissenschaftlichen Datenbanken evaluiert und mit
dem State of the Art verglichen. Zusitzlich wird noch eine Datenbank aus historischen Doku-
menten zur Evaluierung herangezogen. Die Resultate zeigen, dass die vorgestellten Methoden
bessere Ergebnisse liefern als der State of the Art.
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CHAPTER

Introduction

Writer identification is the task of assigning a writer to a document of which the author is previ-
ously unknown. For this task a database of documents with known authors has to be available.
Features are generated on the handwriting of all documents in the database, and when identify-
ing the author of a document the same features are generated and a comparison of the features
is done. With a certain distance measurement the most similar document in the database can be
found and the author of this particular document is then assigned to the new one. This allows
for finding out the author of a specific document and can be used for example by the police for
ransom threats. In contrast to this, the task of writer retrieval is to find documents in a database
which have the most similar handwriting. The authors of the documents in the database do not
have to be known. After the comparison of the features the documents in the database are ranked
according to the distance and presented to the user as the most similar handwritings. Naturally,
the most similar documents should originate from the same writer as the reference document if
possible. Writer retrieval allows finding the most similar documents concerning the handwriting
in a set of documents. It allows the users to look for documents which may have been written
by the same writer. This can be used for example by historians for exploring large non-indexed
archives of libraries.

Figure 1.1 illustrates the difference between identification and retrieval. In Figure 1.1 a) the
identification is illustrated. A database with the handwriting of known writers is available and
for a new document image the system should return the identification of its writer. Figure 1.1
b) illustrates the retrieval task. A set of documents, with known or unknown writers, is given
and for a new document image a ranking according to the similarity of the handwriting of the
document images in the database should be returned.

This thesis is giving an overview of the current state of the art of writer identification and
retrieval and is describing three different methods, which have been developed in the scope of
this thesis, in more detail. The proposed methods generate a feature vector for each page which
is then used to calculate the similarity between two different document images. All three meth-
ods have in common that they originate from the field of object- respectively image recognition.
This is also the novelty of these approaches, because state-of-the-art methods, such as the ones
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Figure 1.1: Illustration of the difference between writer identification and retrieval. Writer iden-
tification returns the identity of the documents’ writer, whereas writer retrieval returns a ranking
of the documents in the dataset according to the similarity of the handwriting.

described in this work, are mostly analyzing the contour of the characters for an identification of
a writer. To analyze the character itself, preprocessing steps are needed to get a good segmenta-
tion of the characters including binarization, text line detection, and segmentation of characters.
Since each of these steps can introduce new errors which can affect the accuracy of the identifi-
cation or the ranking of the retrieval, one goal of this work is to avoid unnecessary preprocessing
steps.

1.1 Motivation

The manual identification of the author of a handwriting sample is a very time consuming task
which also requires expertise [27] [42]. The investigated handwriting has to be compared with
numerous others and each comparison has to be made carefully and consciously. Neverthe-
less, the identification of writers is needed for forensics or historical documents. In forensics,
for example, the author of threatening or ransom letters have to be identified. The police has
databases of old cases with the handwriting and a detective has to compare the new sample with
the old ones. Thus, only a few authors of such letters can be identified. A semi-automated
tool would improve the overall efficiency and accuracy in the identification by providing more
complete detailed evidence to support their expert opinion [77] [29]. Historians can also make
use of an automated method, for example on medieval handwritings. At this time manuscripts
played a key role as a medium of the transmission and exchange of ideas, and the reception and
transformation of classical and contemporary erudition, knowledge, and science. The process
of transmission has taken place in the frame of scholarly networks. The manuscripts circulated
within these networks and were exchanged, copied, corrected, selected, and reworked. Histori-
ans are interested in the different hands who have contributed to a manuscript and also the traces
of these writers through the network. Another possibility for the application of writer retrieval
in a historic context is the Fall of the (Berlin-)Wall in 1989. The Stasi (Secret police in East Ger-
many) tried to destroy parts of the secret records of the citizens which they had collected over
the years, by tearing them up by hand [78]. Currently these file are being restored manually [73]
and also with an automated computer system [64]. The result of this reconstruction are millions
of single and not indexed pages. To restore the records again the similarity of the handwriting
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can be an important feature to cluster the documents beforehand, like in the system proposed by
Diem et al. [18].

The difference between historical and modern documents is mainly the fact that historic
document images do not have uniform background and noise may be present. The condition of
the document has influence on the identification process because local features may be calculated
on noisy parts of the image and influence the overall feature of the page. These pre-processing
steps may introduce new errors, thus two of three methods developed within the scope of this
thesis avoid these pre-processing steps. Additionally, they should not be dependent on grayscale
or color images and should also have a good performance on binarized images, if preprocessing
is necessary or only binarized images are available.

Working on historic documents is the main motivation of this thesis to propose a system for
offline writer identification. An offline system only requires the image as input, which is the
only information available when dealing with historic handwriting. In contrast to this, online
handwriting collections contain a lot more information like the “pen-point movement, pen-point
pressure, pen-point direction, pen-point velocity and acceleration” [85]. Since online handwrit-
ing has additional information about the writer available the results tend to be better. Thus, these
systems are used for verification of the writer. In addition, knowing the identity of the writer in
modern environments (e.g. smart meeting rooms) provides additional value e [83].

The challenges for writer identification and writer retrieval are that the handwriting of a
person is not always exactly the same but varies according to some conditions: these might be
the change of the material like the use of different pens or different paper types; the situation
the writer is currently experiencing like if the text has been written in a hurry or if the writer
is distracted by other persons; and also the condition of the author itself like fatigue or alcohol
and other drugs [74]. Figure 1.2 shows some of these variabilities [79]: (a) affine transforms (b)
neurobiomechanical variability (c) sequence variability (d) allographic variations. The sequence
variability can only be detected by online handwriting tools.

Figure 1.3 a) shows an image taken from the CVL Database [44] where a writer used two
pens in one document. It can be seen that, at least for humans, the writing differs clearly, even
the slant of the writing has changed. Figure 1.3 b) shows a document image where the writer
changed the writing style during writing. Apparently the writer was distracted by something or
someone, or the text was written very fast. The slant increases, the shape of different characters
is changing, and thus the handwriting looks different.

Methods also have to face the problem that a writer does not always write the same way
even if there is no influence from outside. Figure 1.4 shows one part of a document image
where the German word “Dann” is written 4 times within the same document. The “D” of
this writer differs completely but also the remaining characters are written in different ways.
Therefore, even within one document there are small variations of the handwriting, and writer
identification and retrieval methods should be able to handle these variations. Another challenge
for such methods is that the handwriting of humans changes over years [81]. This challenge is
not covered by any available dataset since it would include a collection of the handwriting of the
same persons for years but it is clear that these changes will make an identification task harder.

When performing writer identification, one of the first tasks of the state-of-the-art methods
mentioned in Chapter 2 is a binarization of the image. However, on historical document im-



Figure 1.2: Different variabilities of handwriting. (a) affine transformations (b) neurobiome-
chanical variability (c) sequencing variability (d) allographic variations (taken from [79]).

ages this preprocessing step is still a challenging task, which can be seen in the “ICFHR2014
Competition on Handwritten Document Image Binarization (H-DIBCO 2014)” [66]. Two of the
methods developed within the scope of this work avoid this binarization step and also others
like text line segmentation or deskewing of the documents . For the third method preprocessing
methods are applied, but these are not described in detail in this work since they are either very
common or simple.

1.2 Problem Statement and Aim of the Work

The aim of this work is to develop a method for writer identification and writer retrieval which
gives a reliable identification rate and also a good retrieval rate. The assessment of the re-
sults takes place by comparing the result of the proposed method against other state-of-the-art
methods which are presented in this thesis. These methods have either published the results on
common datasets or participated at the different writer identification contests ( [55], [53], [54]).
Also, the amount of text present on a document image is considered in this work. The methods
developed should work on full text pages but should also give good results if only a few lines of
text are present in the image. The task of identification and retrieval when there are only a few
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(a) Sample image written with two different pens.

- )

(b) Sample image in which the writers was apparently distracted and changed the writing
within the text.

Figure 1.3: Sample images with variations of distraction and different pens.

lines of text is more important for real world applications, since e.g. in the Stasi files on many
pages only a couple of lines of handwritten text are present and the rest of the page is written
with a typewriter. The method should also work on forms which have been filled in. Localization
or detection of text is not within the scope of this work. Thus, scientific databases are used for
evaluation, since they can be preprocessed using well known methods from the literature based
on the defined layouts and conditions. Also, other preprocessing steps, which may be needed to
prepare data for writer identification or retrieval methods, are not addressed in this work. The
proposed method is evaluated on multiple scientific databases and on a historic dataset, which
due to copyright issues, is not publishable. All these datasets are presented in Chapter 2. The
databases used are only in Latin and Greek scripts (except for the historic database), there are
multiple databases available in Arabic [61], Chinese [51], and other languages. Since the meth-
ods proposed have the main focus on Latin scripts, they were not evaluated on these datasets.
Writer verification is the task of verifying if actually an author has written a specific docu-
ment by calculating features on both documents and compare them to each other. Therefore, a
dataset with known authors is available and one has to calculate the possibility that one of the
writers in the database has written this document. This task sounds similar to the task of writer
identification, but there is a small difference. According to Bensefia et al. [4], writer identifica-
tion “provides a subset of relevant candidate documents, on which complementary analysis will
be achieved by the experts”. In contrast to this writer verification is a task which “must come to
a conclusion about two samples of handwriting and determines whether they are written by the
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Figure 1.4: Part of a sample document image where the same word is written four times by the
same writer and illustrates the inter-writer variability.

same writer or not”. Figure 1.5 shows an overview of different tasks for handwriting processing
tasks as seen by Atanasiu et al. [1]. According to them, the fundamental difference between
these tasks is the output of the system. For a verification the output is a logical statement if the
specific writer has written this document or not whereas for an identification task the output is
the ID or the name of the writer and for retrieval the most similar documents according to the
handwriting. Writer classification generates clusters with the different handwritings, e.g. female
or male author. This work only deals with the task of writer identification and writer retrieval.

Since historic documents should also be processed with the proposed methods, the use of
offline data is mandatory. Online data is not available for this kind of documents. The methods
may be adopted to online data by incorporating the additional information into the feature vector,
but no further analysis has been done.

Thus, the problem statement of this work can be summarized as follows:

o [s a reliable writer identification and retrieval method possible without being dependent
on preprocessing steps?

Can the grayvalue information be exploited for this task?

Does this method also work if only a few lines of handwritten text are present?

Can it be adopted easily for historic databases?

Furthermore, a scientific database is presented which provides data for writer identification,
writer retrieval, and word spotting. In contrast to other databases it has an equal distribution of
number of pages per writer and consists of more pages.
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Figure 1.5: Common tasks when dealing with handwriting. The difference between most tasks
is the number or type of the output. While verification only gives a true or false (or perhaps per-
centages), the identification gives the ID of the writer, writer retrieval returns the most similar
documents to the reference document and the classification returns groups of different handwrit-
ings (Figure taken from [1]).

1.3 Methodological Approach

Nearly two-thirds of the state-of-the-art methods (nearly two thirds) which are presented in
Chapter 2, calculate their features directory on the characters itself. Within the time of this
work, some methods also focused on using the local information of the neighborhood for writer
identification. Within this work methods from the field of object- and image recognition are
analyzed and adopted to perform this task. Since errors which may be introduced during pre-
processing steps are hard to detect and to correct, one focus of this work is to be independent
from these steps. Another focus is that a new method should be working on modern (in the case
of this work only Latin and Greek) scripts, but should also be applicable to historic handwriting
with minimal effort.

The methodological approach includes an analysis of the current methods for writer identi-
fication, but also of some concepts used for object recognition and image classification. These
methods are then adopted for the task of writer identification and retrieval and are evaluated on
scientific databases.

1.4 Structure of Work

The structure of this work is as follows: In Chapter 2 scientific datasets for writer identification
are introduced. All datasets have been used within the scope of this work, and most of the state-
of-the-art methods, which are presented in Sections 2.2 and 2.3, also use these databases. In
Section 2.4 a comparison of the methods presented is presented. Chapter 3 introduces the con-
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cepts which are used for the methods developed within the scope of this work, whereas Chapter
4 described these methods. The next chapter presents the evaluations of the three methods pro-
posed on various datasets and also compares their performance. At the end a conclusion is drawn
in Chapter 6.



CHAPTER

Related Work

This chapter gives an overview of the current state of the art of writer identification and writer
retrieval. First, the most popular scientific datasets are presented with all the properties to allow
an objective comparison of the different methods, as well as a historic dataset which is also used
for evaluating the methods proposed in this thesis. The evaluation methods used are also pre-
sented in this section. Afterwards the current state-of the art of writer identification is presented.
The methods have been divided into two different categories. First, methods which calculate the
features directly on the character, thus requiring a binarization step. Second, texture based writer
identification, which assume the handwriting on the paper as texture and calculate the features
on the complete writing. Some methods also use a preprocessing step, like the removal of the
spaces between two text lines. The performances of the different methods are then compared to
each other. Last, a short summary is given.

2.1 Datasets

This section describes the most popular datasets for writer identification which are freely avail-
able. An additional dataset, which is only used in the scope of this work, is presented on which
the proposed methods are evaluated to show their capabilities of dealing with historic docu-
ments. In Table 2.1 the key data of the dataset which are presented in this section are listed. In
two datasets the number of pages from each writer is not equally distributed and thus the evalu-
ation results are more difficult to interpret and to compare since the results can be dependent on
specific writers. This dependence can either be positive if the performance is good for a writer
who has more documents in the database or can decrease the influence if the accuracy for such
a writer is low.

2.1.1 CVL-Database

The CVL-Database (CVL-DB), presented by Kleber et. al. in [44], was created within the scope
of this work. It is a database for keyword spotting and for writer identification and retrieval. It

9




Dataset # of Writers | # of images | equally distributed
CVl-Database 310 1604 yes
IAM Database 657 1539 no
ICDAR 2011 26 208 yes
ICDAR 2013 250 1000 yes
ICFHR 2012 100 400 yes
Glagolitic DB 7 361 no

Table 2.1: Key data of the different databases.

consists out of 1604 document images written by 310 different writers. 27 of these writers wrote
the same 7 texts (6 English and 1 German) and 283 wrote 5 texts (4 English and 1 German).
The 5 texts are a subset of the 7 texts. The writers are mainly students and employees of TU
Wien, but also pupils of a public school. The texts which have been copied by the writers consist
between 49 and 92 words. In total 101069 words have been written and tagged for using keyword
spotting on this database. Furthermore, the authors of each document is stored, which allows an
application of writer identification and writer retrieval methods. Additionally, the participants of
the “ICDAR 2011 Writer Identification Contest” [55] and “ICFHR 2012 Competition on Writer
Identification, Challenge 1: Latin/Greek Documents” [53] were asked to hand in their methods
for an evaluation. Only 5 pages (from the Writer with Id 1) were sent to the participants. The
evaluation results are presented together with the database in [44] for an objective comparison of
current state of the art and newly developed methods. To obtain an equally distributed dataset,
only the 5 pages which have been written by all writers are used. Two samples pages of the
CVL-DB can be seen in Figure 2.1.

Figure 2.1: Two samples document images from the CVL-DB. Left Writer Id 1, Text 3 and right
Writer Id 2, Text 1.

2.1.2 TAM Database

The IAM Handwriting Database (IAM-DB) is presented by Marti and Bunke in [59]. It is used
to train and test handwritten text recognizers, keyword spotting and writer identification and
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Figure 2.2: Distribution of the number of documents by writer in the ITAM-DB.

verification. It consists out of 1539 document images, which have been written by 657 different
writers. Different source texts have been used for copying and only some of them have been
written by multiple writers. The distribution of the handwritten documents by each writer is not
equal, one writer has contributed 60 pages and 350 writers have contributed only one text to the
dataset. This distribution is illustrated in Figure 2.2. Since the writers with only one documents
cannot directly be used for identification, different solutions are found in the literature how to
use this database for evaluation. Some researches take only a subset of the dataset for their
evaluation, some just cut the documents of the writers with one page in half, and some leave the
database as it is and use these documents as “noise”. Thus, the results on this database are not
comparable. In this work the IAM-DB is used only for training purposes, but is also introduced
since it is one of the most popular databases for writer identification and many of the state-of-
the-art methods evaluated on this dataset. Two sample pages of the IAM-DB are shown in Figure
2.3.

2.1.3 ICDAR 2011 Writer Identification Contest

In 2011 the first writer identification contest within the International Conference on Document
Analysis and Recognition (ICDAR) has been carried out. It has been organized by Louloudis
et al. [55]. For the contest 26 writers copied eight pages, resulting in 208 document images.
The texts are equally distributed in four languages (English, German, French and Greek). Addi-
tionally, a second dataset has been created by cropping out the first two lines of each document
and thus making the writer identification task harder, since less text is present on these images.
Participants have to submit their method knowing only a small set of the sample pages (which
were not part of the evaluation dataset) and their methods have been evaluated according to cer-
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Figure 2.3: Two samples document images from the IAM-DB. Left Writer Id O and right Writer
Id 671.

tain criteria, which is described later. Eight different methods have been submitted by seven
different institutions and their results are presented in [55]. Since the Greek language uses a dif-
ferent alphabet, the performance of all methods on these images is significantly worse than on
the documents written in Latin alphabet. Figure 2.4 shows four samples of the cropped version
of ICDAR 2011 dataset (Writer Id: 1, Texts: 1-4).
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Figure 2.4: Four sample images from the cropped ICDAR 2011 Dataset. All samples are from
Writer 1.
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2.1.4 ICDAR 2013 - Competition on Writer Identification

In 2013 another competition on writer identification has been carried out. Again, it was orga-
nized by Louloudis et al. [54] and a new dataset was created for this contest. The benchmarking
dataset consists of 1000 document images which have been written by 250 different writers.
Two texts are in English and two texts are in Greek. 6 institutions handed in 12 different writer
identification methods for this contest. Figure 2.5 shows two sample images of the ICDAR 2013
dataset.
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Figure 2.5: Two samples document images from the ICDAR 2013 competition. Text 1 and 2
from writer 19.

2.1.5 ICFHR 2012 Competition on Writer Identification

At the International Conference on Frontiers in Handwriting Recogntion (ICFHR) 2012 a com-
petition on writer identification [53] took place and for this competition a new database was
created with 400 images. 100 writers copied four texts in two languages (English and Greek).
Each document image contains roughly 4 lines of 