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Abstract

This thesis investigates the combination of a syntax analysis module
with an offline recognition system for cursive handwritten English
sentences.

According to the proposed combination scheme the n-best sentence
candidates produced by a handwriting recognition system are re-
ordered in the syntax analysis module according to their syntactical
soundness. As a measure of the syntactical quality, the probability
of the most probable parse is used. This probability is computed by
a parser in the syntax analysis module using a stochastic context-
free grammar for general English sentences. The validity of this
combination scheme has been verified by extensive experiments in
both multi-writer and writer independent environments.

Based on the results of these experiments the conclusion can be
drawn that stochastic context-free grammars may help to signifi-
cantly increase the performance of a recognition system for hand-
written English sentences.
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Introduction

1.1 Motivation

1.1.1 History

The recognition of handwriting by machines has been a research
topic for over 40 years [121]. While high recognition rates in the
case of recognition of isolated numerals [86, 110] are standard today,
system performance decreases significantly for more complex cases
like numeral string recognition [49, 74] or the recognition of isolated
handwritten words [11, 44]. Only in the last decade have researchers
begun to investigate the recognition of general handwritten text [10,
71, 120).

1.1.2 Offline versus Online

Recognition

The field of handwriting recognition is divided into offline and on-
line recognition. Offline handwriting recognition can be seen as the
more general case since there are fewer constraints on the writing
instrument, the writing pad (e.g. paper) and the place and time
of the capturing of the handwritten material. Online recognition
is based on the recoding of the movement of a special pen during
the writing process. This technique has two advantages over the
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offline handwriting recognition. First, online data contain tempo-
ral information representing the writing process. Such information
is not present in the case of offline data, where only the result of
the writing process (the image) is available to a recognition system.
Second, online data directly represents a time dependent physical
signal. Therefore, well known techniques from the domain of signal
processing and speech recognition are better suited for recognition
of online data.

1.1.3 Applications of Offline
Handwriting Recognition

The main industrial applications for the recognition of offline hand-
written text are currently found in the area of address reading [125]
and bank check processing [56], where recognition is based on dig-
itized images of physical envelopes or bank cheques.

Applications for offline recognition of unconstrained handwritten
text may be found in the future to the automatic recognition of
personal notes and communications. Recognition rates of current
systems in the offline, writer independent case are still far from
being perfect.

The automatic transcription of large handwritten archives seems
a more realistic scenario today. Such applications could support
automatic indexing for information retrieval systems used in digital
libraries which do not require perfect recognition rates.

1.1.4 Integration of Task Specific
Knowledge

The recognition of addresses and bank checks are very demanding
tasks since they require the offline recognition of a huge variety of
writing styles and writing instruments. The system performance
for such applications benefits substantially from the very restricted
domains which allow the use of task specific knowledge. In the
case of bank check recognition the equivalence of the legal and the
courtesy amount is required [68]. Address recognition systems are
restricted to existing zip codes, city names, and street names [148].
Furthermore, specific databases can narrow down the search space
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to valid relations between zip codes and city names and between
street names and cities.

For the recognition of general text, task specific information can
only be found in the linguistic domain. So far, the successful ap-
plication of statistical language models has been reported. Most
often, so called n-gram models are used. N-gram models are based
on the observed frequency of neighboring words that are trained
using large amounts of training text [95, 143]. Although n-grams
represent a very crude approximation of natural language they can
significantly help to improve the performance of handwritten text
recognition systems.

1.1.5 Human Performance in Recogniz-
ing Handwriting Texts

Given the handwritten text shown in Fig. 1.1 most people familiar
with English will reach character and word recognition rates of
100% or come at least close to it.

Wola ) vy o Lol el | p i Yoy — aahang e
s ML M’M@IMW\N”@/%WW@
o i) M Lo fy Lol ) o fo Tl g e By T
votury M [l Ly A e ety ol ] ) fpird Fagedn,
7277//W'2M~e/ e B Momso frod foriimring
PLe oodyed gy &> Wy — PR pra oA Lot otfim

The quality of the transcriptions produced by humans is impressive.
If asked to transcribe the handwritten text provided in Fig. 1.2 it
is likely (assuming the reader is not familiar with Magyar) that the
character recognition rate will drop to 70% and the word recognition
rate will end up at about 30%.

This demonstrates that the quality of the transcriptions produced
by humans depends heavily on the fact that we are capable of un-
derstanding what we read. The conclusion of this experiment is that
human performance will be often poor if a letter by letter recog-
nition is required. The knowledge of the possible vocabulary and
frequently used word sequences (word m-grams) can already help

3
Figure 1.1
A handwritten text
in English.



Figure 1.2

The Magyar
version of the same
text written by the
same person.
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to improve the word recognition rate. However, optimal transcrip-
tions of handwritten texts can be expected if the reader is familiar
with both the language and the topic of the text, i.e. if the text is
actually understood.

It can generally be observed that the amount of task specific knowl-
edge has a significant impact on the resulting 'system’ performance.

1.1.6 Syntax Analysis

Syntax analysis can be seen as the next logical step towards text
comprehension and represents an additional source of task specific
knowledge compared to the n-gram modeling of natural language.

The syntax analysis investigated in this thesis is based on stochas-
tic grammars for natural languages. Such grammars are used to
find (grammatical) explanations for given input sentences and are
further useful to assign probabilities to such explanations. The lat-
ter capability of stochastic grammars is of special interest since it
allows the determination of the (grammatically) best alternative
among a set of different candidate sentences.

1.2 Problem Statement and Aim

In this thesis the problem of writer independent offline recognition
of general handwritten English text is addressed. The few works
which have been published in this area have used n-gram language
models to improve the recognition performance.

The aim of this thesis is to investigate the capability of large stochas-
tic context-free grammars to improve a state of the art system for
handwritten text recognition.
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So far, only simpler forms of syntax analysis have been considered
in the literature [25, 51, 53, 73] while stochastic context-free gram-
mars have not yet been investigated in the field of handwriting
recognition.

1.3 Contribution of this Thesis

The main contribution of this thesis to the field of offline handwrit-
ing recognition can be seen in its extensive experimental work. A
more detailed list of the various contributions is provided in the
following subsections.

1.3.1 IAM Database

During this thesis the IAM database has been enlarged and its
usability has significantly increased. The database now represents
the largest collection of offline handwritten English texts which is
publicly available today.

An automatic word segmentation scheme has been developed and
applied to the whole database [153]. It now contains the necessary
material to support research in the fields of single-writer, multi-
writer and writer independent recognition of isolated words, lines
of handwritten text and complete sentences.

1.3.2 Baseline Sentence Recognizer

A new character specific model optimization technique has been
introduced [154] and for the first time in handwriting recognition
research the incorporation of the statistical language model has
been systematically optimized.

1.3.3 Use of a Stochastic Context-Free
Grammar

For a sequential coupling of a handwriting recognition system and
a probabilistic parser a new combination scheme for recognition
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scores and parse probabilities has been proposed [155]. Using this
combination scheme, the first successful use of a large stochastic
context-free grammar for general English texts in the context of
a handwriting sentence recognition system has been achieved and
confirmed by large scale experiments.

In additional experiments, the stochastic context-free grammar has
been used to smooth bigram and trigram language models. This
technique has been reported to significantly increase the recognition
performance of speech recognition systems. However, no similar
positive effect has been observed for the case of a large stochastic
context-free grammar for general texts.

1.3.4 'Trigram Language Models

So far, only the successful use of bigram language models has been
reported for the recognition of offline handwritten texts [95, 143].
In contrast to the findings published in [143], trigram language
models have clearly outperformed the bigram language model in
the experimental setup used in this thesis.
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1.4 QOutline of the Thesis

Part I

The first part of this thesis presents the different sources of hand-
written image data and linguistic resources which were used for the
experiments described in the remaining parts.

Part 11

The construction and optimization of an offline recognition system
for handwritten sentences is described. The performance of this
system serves as baseline for the experiments carried out in the
next two parts of the thesis

Part I11

A combination scheme for a baseline recognizer and a syntax anal-
ysis module is proposed. A probabilistic parser is used to compute
the probabilities of the most likely parses for the n-best list of sen-
tences candidates provided by the recognizer.

Part IV

Different strategies are investigated to improve bigram and trigram
language models which are used to improve the performance of the
baseline recognizer.

Part V

A summary of the main conclusions and an outlook on future re-
search is provided.
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Resources







Handwritten Image
Data

Large databases play a significant role in the development, evalua-
tion, comparison and improvement of handwriting recognition sys-
tems. Until recently the majority of publicly available databases for
offline handwriting recognition provided character and word images
for specific domains only. Databases have been built for the recogni-
tion of handwritten legal amounts [45, 67] of which the CENPARMI
database [132] is widely known. For the recognition of handwritten
addresses [42, 90] the CEDAR database [52] is frequently used.

Most available databases containing English texts have limitations
which restrict their usability for the problem of writer independent
general text recognition. The handwritten texts provided in the
NIST database [37] cover only a very small vocabulary based on the
first few sentences of the American constitution. In the database
described in [120] material from only a single writer is represented.
A larger database containing essays written by students has been
recently presented in [29].

The next section presents the IAM database, which contains the
handwritten material used throughout all experiments reported in
this thesis. Sec. 2.2 explains the automatic word segmentation
scheme and Sec. 2.3 describes the extraction of the handwritten
sentences.
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2.1 The IAM Database

The IAM Database [96] has been built at our institute over the last
few years to build, train and test offline handwriting recognition
systems for unconstrained English texts [93, 94, 95]. The database
has since been enlarged and its purpose was significantly enhanced
to support additional tasks [153]. L.e. the recognition of isolated
handwritten words and writer identification.

In its format reported in [96] the database contained over 1,000
pages of handwritten text including the ASCII transcription for
each form image. The handwritten material has been provided by
approximately 400 different writers. Unfortunately no information
has been collected about personal information like sex, age, cultural
and educational background of the contributing writers. Neverthe-
less it can be stated that a large variety of different text categories,
writing styles, and writing instruments are covered by the TAM
database. Achieving high recognition rates with the IAM database
poses a considerable challange.

An example of a handwritten form is given in Fig. 2.1. At the upper
part of each form a few sentences based on texts from the Lancaster-
Oslo/Bergen corpus! have been provided. Each contributing person
was then asked to copy the text in her/his everyday style of writing
with a free choice of the writing instrument. The optional name
field placed at the bottom of each form has only been filled in by
some of the writers.

2.1.1 Text Line Extraction

Using the methods described in [96] the handwritten part of the
form images can be extracted and then be segmented into its indi-
vidual text lines.

The extraction of the handwritten part is simplified by the fact that
two long horizontal lines separate the handwriting region from the
text printed in the upper part of the form. The printed lines can
easily be detected by horizontal projections and help to estimate
the skew of the scanned form image. Three text lines from the
extracted handwritten part are shown in Fig. 2.2

1See Sec. 3.1 for a brief summary of the LOB corpus.
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Sentence Database B01-033

Dut the Q-uuq_-:lmd the Duke have pleased millions by their visit. The warmth of theic
weleome in India and Pakisban are happy memories. WEST GERMANY - fallowed
wyesterday by the Duteh - bas made the gesture of o good neighbone. She has put up
the valne of her money.

B the Quaen el the Dt Juse plosse puidlors Ly
Hatr vl e sk of Ko vileome <o chddia. ant
Rdiston are Sagpy memeriea. W JERINNY fleaxol
ye&éx‘%’aﬁ 4’7 Mo Pukh~ fas made Ao y&aﬁ"»u’%

of a good m{g%&w«: St tior ped cpp A vadue

of A rreney.

Manie:

The segmentation of the handwritten part into its text lines is based
on a histogram of the horizontal black/white transition. Local min-
ima in this histogram indicate candidates for segmentation points.

ywém/ay /7 Me Jukh - o made fhe ﬁ&}éw
ﬁ/auc)mz{ Mjﬁ'&fw" S /;M,M,aéﬂ~%€ Vadue
of Aer romey.
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Figure 2.1
Form B01-033
from the IAM
database.

Figure 2.2

Three lines
extracted from the
handwritten part of
the form image.
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Figure 2.3

A resulting line
image from text
line extraction.

Table 2.1
Current state of

the IAM database.

Chapter 2 Handwritten Image Data

In the ideal case two consecutive lines of text are separated by one
or more horizontal runs of background pixels. The separation of
two consecutive handwritten lines is trivial if such lines do not con-
tain any black/white transitions at all. The non-trivial cases may
include a vertical overlap of handwritten text lines or even touching
characters. See [96] for the description of the method used in such
cases. Figure 2.3 illustrates the result of the text line extraction.

0/ e Mﬁﬂfy

2.1.2 Current State

In its current state the IAM database contains over 1,500 forms of
handwritten text contributed by over 600 different writers. Addi-
tional information about the current state is provided in Tab. 2.1.
Correctly segmented words can be extracted automatically and are
thus available for isolated word recognition tasks. The covered vo-
cabulary counts the number of words for which at least a single
handwritten instance can be found in the database.

Content of the TAM database

Scanned form images 1,539
Contributing writers 657
Handwritten sentences 5,685
Handwritten text lines 13,353
Handwritten words 115,515
Correctly segmented words 96,591
Covered vocabulary 13,547

A large amount of additional information for each form has been
produced and added to the form image file in the form of metadata
where PNG? has been chosen as the image format and XML? has
been used to store the metadata.

ZPortable Network Graphics [114]. The format is free from patents and
currently supported by most Web browsers. Libraries exist for a large variety
of platforms and environments.

3Extensible Markup Language [24]. XML is a simple text based format
which has become a standard to exchange structured information on the Web
and elsewhere.
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The metadata includes an identification of the contributing writer
and the bounding box of the handwritten text region for each form
image in the database. Further information is provided on the text
line level. It includes the ASCII transcription, its bounding box, the
list of connected components as well as the estimated slant angle
and the main writing regions. See Section 5.2 for a description
techniques involved to estimate these parameters. Fig. 2.4 provides
a graphical representation of the text line level metadata.

|hlenf FP$:her

NM:rnohey

4 /AZ/ /71

Finally the word label and its grammatical category as defined in
the Tagged LOB corpus* is provided for each handwritten word.
Word bounding boxes and the corresponding lists of connected
components are also available. See Fig. 2.5 for an illustration of
the included word level metadata.

2.2 Automatic Word Segmenta-
tion

This section presents the automatic word segmentation scheme [153]
which has been used to produce accurate word bounding box in-
formation for the IAM database. See Fig. 2.5 for the result of the
word segmentation scheme presented in this section.

4See Sec. 3.1 for a brief summary of the Tagged LOB corpus.

15

Figure 2.4
Line level metadata
including estimated
slant and reference
lines and connected
components.

Figure 2.5

Word level
metadata including
word
transcriptions,
grammatical tags
and bounding
bozxes.
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The segmentation scheme consist of two steps. First, a Hidden
Markov Model (HMM) based word segmentation step is applied on
the normalized text line images. As a result, a list of word bound-
aries is produced for the normalized text lines. Second, connected
components assigned to word boundaries found in the first step are
used to determine the word bounding boxes in the original (non-
normalized) text lines.

Please note that a number of techniques used for handwriting recog-
nition will not be explained in the following subsections. However,
text line normalization is described in Sec. 5.2 of this thesis, a de-
scription of the applied extraction of the feature vector sequences
is provided in Sec. 5.3, and Sec. 5.4 contains a brief overview of the
fundamentals of the HMM framework.

2.2.1 HMM Based Word Segmentation

The first step of the word segmentation scheme relies on the HMM
based forced alignment technique. In contrast to recognition of
handwritten text no attempt to recognize text lines is undertaken.
Instead, the transcription of a complete line is provided to the
Viterbi decoder used in forced alignment mode. This produces an
optimal segmentation of the text line into its words®. To achieve
very good segmentation results well trained character models are
required. In order to obtain reliable character HMMs all text line
images have to be normalized to reduce the variability found in the
different writing styles.

Fig. 2.6 provides an example of the text line normalization and
the extraction of the corresponding feature vector sequence X =
(X1, Xo,...X;...X,). Using a sliding window technique a single
feature vector X is extracted for each column of the normalized text
line image. Consequently horizontal coordinates of image columns
are directly represented by the indices of the corresponding fea-
ture vectors. This fact will allow the accurate location of the word
beginnings.

The HMM state sequence @ = (q1,¢2,.-.q;...Gmn) used in the
forced alignment mode can be generated by the concatenation of

5The segmentation produced by the Viterbi decoder is optimal for a given
HMM state sequence and a feature vector sequence extracted from the text
line image.
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0 by o

2 3 i Xn

the trained character HMMs according to the transcription of the
text line. This is shown in Fig. 2.7 where the character HMMSs have
been simplified by using fewer states and omitting the state tran-
sitions inside the models. All character HMMSs in our system have
a linear left to right topology which only allows transitions from a
given state to itself or to its right neighbor.

EIIIIEIC
»foo oo olef00 ] - [000 Ofs

q1 42 g3 q; dm

qm—1

qm—2

Z_;H / .

qj—-1

q3
q2
q1

Y

X1 X X3 Xy Xio1 X Xipa Xn2Xn1X,

Providing both the feature vector sequence X and the state se-
quence @ to the Viterbi decoder the optimal alignment A can be
found by dynamic programming.

A

A = argmaz p(A| X, Q) (2.1)
A

17

Figure 2.6

Text line
normalization and
extraction of a
feature vector
sequence.

Figure 2.7
Generation of a
state sequence by

concatenation of
character HMMs.

Figure 2.8
Forced alignment
of a given feature
vector sequence
and a sequence of
model states.
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where p(A|X, Q) represents the likelihood of path A through the
trellis defined by X and Q. A = (X1, q1),..- (Xi,¢) - - (X0, gm))
therefore represents the most likely assignment of each feature vec-
tor X}, to a model state ¢;. The dynamic programming is illustrated
in Fig. 2.8 using the example given in Fig. 2.6 where Ais repre-
sented as a sequence of arrows and the detected beginnings of the
words 'a’ and ’line’ have been marked using gray shadows. Because
each feature vector Xj has to be absorbed by exactly one model
state and each state ¢; consumes at least one feature vector it fol-
lows that each A considered in the computation of A has to start
with the assignment (X, ¢) and must end with (X, ¢,,). All ele-
ments of the path between these two positions have to respect the
restrictions imposed by the topology of the character HMMs in-
volved in the state sequence (). If the length of the state sequence
@ is greater than the length of the feature vector sequence X no
path A can be found and hence the forced alignment fails. In all
other cases the forced alignment produces a path A and the begin-
ning of a word in the normalized text line can be found easily, as
the smallest index of all feature vectors assigned to the first state of
a given word directly represents the horizontal coordinate for this
word.

Since coordinates of word beginnings in normalized text lines do
not directly correspond to the coordinates in the original images
(as shown in Fig. 2.5) an additional step is required to determine
the bounding boxes for the original, non-normalized images. This
procedure is described in the following subsection.

2.2.2 Assignment of Bounding Boxes

In the assignment step of the segmentation scheme the connected
components of the original text line are assigned to the individual
words according to the word boundaries provided by the forced
alignment step.

As mentioned above, the resulting coordinates correspond to the
beginnings of the words in the segmented text line. It is important
to keep in mind that these positions represent the word boundaries
for the normalized text line only. The mapping of these boundaries
to the word bounding boxes in the original line images has been
implemented using an intermediate representation of the text lines.
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For the assignment of connected components to words and the com-
putation of the word bounding boxes the following algorithm has
been used.

1. Binarize the original, non-normalized image.

2. Extract the connected components and filter out small com-
ponents.

3. Label every remaining connected component by assigning a
unique label value to all its pixels and record the coordinates
of its bounding box in the original form image.

4. Apply the normalization scheme used in the HMM based seg-
mentation procedure to the labeled connected components
extracted in step 3.

5. Assign the normalized connected components to the word
boundaries obtained from the HMMs according to their hor-
izontal positions.

e [f a normalized component falls in between the left and
the right boundary of a word, assign it to this word.
Please note that the right boundary of a word is identical
to the left boundary of the next word (see Fig. 2.9).

e [f a normalized component crosses a word boundary as-
sign it to the word with the larger overlap.

6. Use the bounding box coordinates recorded in step 5 of all
connected components assigned to a given word to compute
the corresponding word bounding box (defined as the mini-
mal rectangle enclosing all bounding boxes of the connected
components).

It could be verified by experiment that connected components be-
long to a single word or punctuation mark in most cases %. Based
on this observation word bounding boxes were defined as the min-
imal rectangle including all connected components of a given word
or punctuation character.

6Using Otsu’s [105] binarization algorithm only 33 exceptions in the 30’785
processed words have been detected. In about 80% of such cases a word in the
line above or below has been touched.
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Figure 2.9
Assignment of
normalized
connected
components to
word boundaries.

Figure 2.10
Interface for
verification and
manual correction
of transcriptions.
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o

The assignment of the connected components as described in step 5
of the algorithm is visualized in Fig. 2.9. The long vertical lines
indicate the word boundaries detected by the HMM based segmen-
tation procedure. The dashed rectangles indicate the assignment
of the connected components to the words. The normalized con-
nected components are drawn using unique color values as described
in step 3 of the algorithm.

2.2.3 Segmentation Results

A detailed analysis of the word segmentation rate has been made
on three subsets A, B, and C of the IAM database. The three
subsets include 417 form images, comprising 3,703 lines of hand-
written text. Subsets A and B were involved in the development of
the segmentation scheme and subset C was used as the test set.

For the manual verification of the segmentation process, an image
of each of the processed text lines is generated. The image con-
tains the handwritten text, the corresponding transcription, the
word bounding boxes, and the individual word labels as shown in
Fig. 2.10.

Hiese C O N

In several refinement steps the HMM based segmentation and the
connected component assignment have been improved and tran-
scriptions which did not match the handwritten text have been
corrected. Fig. 2.10 shows an example of an incorrect transcrip-
tion. The writer omitted the final period of the line. Because it is
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included in the lines transcription the component assignment step
marks the letter ’s’” as the period.

In all experiments a word was considered to be segmented correctly
when its bounding box was minimal, did not truncate any part
of the word and the handwritten word image corresponded to the
assigned word label. A text line or a complete form was considered
to be correctly segmented if all of its words were correctly segmented
according to the definition given above.

Set Forms Lines Words
A 162 (62%) 1490 (93%) 11954 (98.3%)
B 116 (53%) 996 (87%) 8357 (98.1%)
C 139 (38%) 1217 (87%) 10474 (97.0%)

The result of the proposed segmentation procedure is documented
in Tab. 2.2. For each of the three considered text categories, the
number of forms, text lines and words is given together with the
correct segmentation rate. The handwritten texts from category C
have been defined as test set. The correct word segmentation rate
on this set demonstrates that the proposed segmentation scheme
provides robust segmentation results without any manual tuning of
parameters. The difference between the correct segmentation rate
of set C compared to sets A and B is shown in the error analysis
for set C. Almost a third of the errors were caused by wrong tran-
scriptions of text lines. This is due to the fact that no corrections
of incorrect transcriptions have been made on set C.

Lines Errors Error category
59 122 (39%) Component assignment
59 93  (30%) Transcription
25 53 (17%) Line extraction
31 42 (14%) Filtering
162 310 (100%) Al

Tab. 2.3 provides the error analysis for test set C. It shows the
distribution of the detected segmentation errors over four types
of errors. Component assignment errors usually result from small
normalized connected components ending up at the “wrong” side
of a word segmentation boundary.

Line extraction errors typically mix up some connected components
or parts of connected components from either the line above or be-
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Table 2.2
Correct
segmentation rates
for forms, lines
and words.

Table 2.3
Distribution of
word segmentation
errors on set C.
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Table 2.4
Distribution of
wrongly segmented
text lines per form
for the complete
IAM database.
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low. Those components are assigned to a word according to the
word boundaries obtained in the HMM based segmentation step.
This frequently results in a bounding box larger than the minimal
bounding box for the word under consideration. Most of the re-
maining errors are caused by either filtering out too many small
components (periods or i-dots, for example) or not filtering some
small components which are not part of any word and have been
introduced by either the writer or the form scanning process.

The distribution of wrongly segmented text lines for the complete
[AM database is given in Tab. 2.4. The number of forms contain-
ing no segmentation errors can be found in the first row while the
second lists the statistic for the number of forms containing a single
segmentation error, etc.

Forms Err. Lines Percentage

o83 0 38%
420 1 27%
256 2 17%
159 3 10%
29 4 4%
52 > D 4%

2.3 Extraction of Sentence Im-
ages

Since most experiments reported in this thesis aim at recognizing
complete sentences, the handwritten image data provided in the
IAM Database had to be segmented into sentence images. This
could be achieved automatically thanks to the following two items
stored in the metadata of the form images: Exact word bounding
box information is available for most words and special marks for
the first word of each sentence have been used in the database.

Fig. 2.11 provides an automatically extracted sentence image in-
cluding some of the available metadata.
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Figure 2.11

An extracted
sentence from the
IAM database.
Additional
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word bounding
bozes and the
transcriptions have
been superimposed.
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Linguistic Resources

Linguistic resources in the form of text collections (corpora) repre-
sent the raw material to produce lexicons and statistical language
models. Lexicons are essential since virtually all handwriting text
recognition systems found in the literature perform lexicon based
recognition. Statistical language models have proved to be effective
in improving recognition rates of general text recognition systems.

Additional linguistic information like the grammatical structure of
the sentences is available in specialized corpora called treebanks.

In the next two sections the main linguistic resources are presented
which were used for the training of the statistical language models
of the handwritten sentence recognizer. The treebank from which
the stochastic context-free grammars was extracted is introduced
in Sec. 3.3. Finally, the unification of the presented resources is
addressed in Sec. 3.4.

3.1 The LOB Corpus

The Lancaster-Oslo/Bergen corpus (LOB) [60] contains a wide vari-
ety of printed English texts published in 1961. It has been designed
by linguists to represent the British English equivalent to the Brown
Corpus of American English [35]. The LOB corpus contains 500
printed texts of about 2,000 words each or about a million running
words in all. The corpus is available in ASCII format including a
part of the formatting found in the original printed text.
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Figure 3.1
Two sentences

from the LOB
corpus.

Figure 3.2
Two sentences
from the Tagged
LOB corpus.

Chapter 3 Linguistic Resources

Fig. 3.1 provides two sample sentences from the LOB corpus. In
most cases characters represent themselves. Some of the more im-
portant exceptions include the following. Character ~ indicates the
start of a new sentence and character | can represent a new para-
graph. The character combination *0 stands for the begin of lower
case script, etc. See [60] for the complete description of the coding
format.

BO1 56 | "W 2EST GERMANY*- *Of ol | owed yesterday by the Dutch*- has nade the
BO1 57 gesture of a good neighbour. ~She has put up the value of her noney.

3.2 The Tagged LOB Corpus

The tagged LOB corpus [59] contains the explicit segmentation of
the LOB corpus into individual words and provides the grammatical
word tag for each word!. The tagset used for the LOB corpus is an
extended version of the tagset used for the tagged Brown Corpus
and covers over 130 different grammatical word classes. See [59] for
the complete list and the definition of the word tags.

Examples for tags are NN for nouns like 'money’ and VBN for verbs
in their base form like 'put’. More specialized tags exist for verbs
like 'be’ and ’have’, e.g. ’has’ is tagged HVZ.

BO1 56 N West _NP Germany_NP *-_*- foll owed_VBN yesterday_NR by_I N t he_ATI

BO1 56 Dutch_NNPS *- _*- has_HVZ nade_VBN the_ATI

BO1 57 gesture_NN of _I N a_AT good_JJ nei ghbour _NN ._. ~ she_PP3A has_HVZ
BO1 57 put _VBN up_RP the_ATlI value_NN of _I N her_PP$ noney_NN . _.

Two sentences from the tagged LOB corpus are provided in Fig. 3.2.
Please note the differences to the same sentences from the untagged
version of the LOB corpus given in Fig. 3.1.

Some examples for the differences between the LOB and the tagged
LOB are provided in Tab. 3.1 Major differences between the LOB
and the tagged LOB corpus include the normalized capitalization of
the words. It ensures that any given word will have the same surface

I'Punctuation marks like commas, periods, etc. are treated as words in the
tagged LOB corpus.
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LOB Tagged LOB
*2CURIOUS curious_JJ
“This “this_ DT

\OMr . \OMr_NPT

don’t do_DO n’t_XNOT
won’t will_MD n’t_XNOT
cannot can_MD not_XNOT

form independent of its position in the sentence or the original
capitalization in the printed text.

3.3 The Lancaster Parsed Cor-
pus

The Lancaster Parsed Corpus (LPC) [38] is a treebank containing
a subset of 11,827 sentences from the LOB corpus for which the
result of a syntactical analysis is available. For each analyzed sen-
tence a parse tree? in the form of a bracketed sentence is available.
Unfortunately the available set of parsed sentences is not quite rep-
resentative for the LOB corpus since only the first 10 text samples
of each text category have been considered for the LPC. Moreover,
the sentences contained in the LPC are considerably shorter, on the
average, compared to the LOB corpus (11.4 words for the LPC and
19 words for the LOB corpus). The manual of the LPC [38] reports
that the probabilistic parser used for the analysis of the sentences
was unable to find a parse for most sentences over 20-25 words in
length.

BO1 31

[S[N West _NP Germany_NP *-_*- [Tn[Vn foll owed_VBN Vn][N yesterday_NR N][P
by_IN [N the_ATlI Dutch_ NNPS NPl Tn] *-_*- N[V has_HVZ nade_VBN V][N
the_ATl gesture_NN [Po of _I NO [N a_AT good_JJ nei ghbour_NN N Po]N ._. §]

BO1 32

[ S[Na she_PP3A Na] [V has_HVZ put _VBN V][R up_RP RI[N the_ATI val ue_NN [ Po
of _INO [N her _PP$ nmoney_NN N Po] N| . _.

Fig. 3.3 provides two bracketed sentences from the LPC. The cor-
responding parse tree for the top level noun phrase of the second
sentence is given in Fig. 3.4.

2Parse trees represent the hierarchical structure of its grammatical con-
stituents like noun phrases or verb phrases.
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Table 3.1

Some difference
between the LOB
and the tagged
LOB corpus.

Figure 3.3

Two sentences
from the Lancaster
Parsed Corpus.
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Figure 3.4
Parse tree for a
noun phrase ’the
value of her
money’ of the
second bracketed

sentence of
Fig. 3.3.
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N
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ATI NN Po

the value
INO N
|
of  pPs NN
| |
her money

Incompatibilities between the LPC and the tagged LOB can be
found mainly at the tagging level. In some cases additional tags
have been introduced (e.g. prepositions of _INO and for_INF have
both been tagged IN in the tagged LOB corpus). Idiom tags have
been adapted to indicate the position of each word in the word
sequence (e.b. as_CC well CC" as_CC" from the tagged LOB cor-
pus is changed into as_CC31 well CC32 as_CC33 in the case of the
LPC.

3.4 Unification of Linguistic Re-
sources

Although the resources introduced in the last sections are princi-
pally based on the same texts, a number of minor inconsistencies
exist between the different resources making it impossible to di-
rectly work with the provided raw material. In order to extract
texts, sets of lexica, n-gram language models and grammars in a
consistent way the different corpora need to be unified.

The following two subsections address the unification of the tran-
scriptions of the IAM database and the three corpora presented
above and outline necessary adaptations required for the use of the
unified resources in the domain of handwriting recognition.

3.4.1 Target Format Requirements

The target format for the linguistic resources has to incorporate the
available information from the IAM database, the LOB corpus, the
tagged LOB corpus and the LPC. For the explicit segmentation of
the texts into words, the tagged LOB corpus has been used, but
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the tagset has been taken from the LPC. Since the words should be
as close to the transcriptions provided by IAM database as possi-
ble? the surface forms of the words have been taken from the LOB
corpus.

The main differences between the target format and the individual
corpora can be summarized as follows. Each sentence is contained
in a single line of ASCII text. Inconsistencies between word surface
forms or word tags are eliminated and a unique mapping between
sentences originating from the IAM database, the LOB corpus, the
tagged LOB and the LPC is defined. The last property is important
to automatically exclude linguistic resources related to the test set
of recognition experiments.

3.4.2 Additional Adaptations

Once the linguistic resources are processed in the way described
above. an additional processing of the unified corpora becomes
necessary. The goal of this step is to facilitate the use of the re-
sources in the context of a handwriting recognition system. The
main adaptations include the treatment of words which have been
hyphenated at the end of handwritten text lines and the merging of
words like 'cannot’ which have been split in the tagged LOB corpus.

Hyphenated words have been marked with variants of the attached
tags. A hyphenated version of Government_:NN has been tagged as
Govern-_:NN- and ment_:-NN. The two words do_:D0 n’t_:XNOT
have been merged back to the single word don’t_:D0OX which re-
quired the introduction of additional word tags for the correspond-
ing negations. As can be seen in the above examples all word tags
have been assigned the prefix : which simplifies the separation of
word tags and constituent tags.

b01- 033-s3 She| has| put | up| t he| val ue| of | her | noney]| .

BO1 61 She_: PP3A| has_: HVZ| put _: VBN up_: RP| t he_: ATl | val ue_: NN \
of _: INQ her_: PP$| money_: NN| . _:.

BO1 32 [ SO[ S[ Na[ :PPBAShe ] ] [ V[ :HVZ has ] [ :VBNput ] ] \
[ R[ :RPup] ] [ N[ :ATI the] [ :NNvalue] [ Po[ :INOof ]\
[ N[ :PP$ her ] [ :NNponey ] ] 11 [ :. .111

3The transcriptions represent the format found in the LOB corpus in most
cases.
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Figure 3.5
A sentence in the

different unified
format.
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Fig. 3.5 provides the same sentence in the three different formats
after the unification process. The first version represents the tran-
scription from the IAM database, the second version corresponds
to the tagged sentence found in the tagged LOB corpus and the
bracketed version is derived from the LPC. Please note that an ad-
ditional constituent tag SO has been introduced to ensure that all
parsed sentences have the same bracketing format. Many sentences
in the original LPC start or end with quotation marks. These quo-
tation marks are often placed outside of the independent sentence
constituent S which leads to incomplete parse trees. The artifi-
cial constituent tag SO unifies the format of all parse trees and can
therefore be associated with the start symbol of context-free gram-
mars.
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Introduction

An offline recognition system for unconstrained handwritten sen-
tences is presented. The recognizer will serve as the baseline system
for the next two parts of this thesis. In Part III it will be combined
with a syntax analysis module and in Part IV the recognizer will
be used to incorporate alternative statistical language models.

The sentence recognition system is based on the text line recognizer
introduced in [94]. Optimizations and enhancements of the original
text line recognizer will be pointed out at the appropriate places in
the following text.

Sec. 4.1 addresses the main challenges posed by the task of offline
recognition of text. The state of the art in the domain of offline
handwriting recognition is summarized in Sec. 4.2. An overview of
the sentence recognition system is provided in Section 4.3.

The remaining chapters of this part are organized as follows. First,
the methodologies used by the sentence recognizer are introduced
in Chapter 5. Experiments and Results are presented in Chapter 6
and conclusions are drawn in Chapter 7.

4.1 Challenges

Offline handwritten text recognition can be seen as the most general
case of handwriting recognition. Less assumptions are made than
in the other fields of handwriting recognition.
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The following subsections will introduce the main challenges posed
by this task and briefly describe how these are addressed by the
proposed sentence recognition system.

4.1.1 Offline Handwriting Recognition

Offline handwriting recognition systems try to find a correct tran-
scription for a handwritten document which may contain an iso-
lated character, a single word, some general text or represents an
address or a bank check. The document is normally available in the
form of a gray level image scanned at a relatively low resolution of

200-300dpi.

In contrast to online handwriting recognition the user is free to
select any writing instrument and writing pad (e.g. pencil and
paper) as long as the resulting document shows some contrast and
can be digitized with a scanner. This is the main advantage over
online handwriting recognition where the user is typically required
to use a special pen on a special device to capture the movement
of the pen during the writing process.

4.1.2 Writer Independent Recognition

A writer independent recognition system is optimized to the highest
possible generalization regarding both the number of writing styles
and writing instruments. In contrast to multi-writer recognition
or single writer recognition no handwritten samples of the writers
in the test set are available for the training or optimization of the
recognition system.

For commercial systems like bank check reading, or handwritten ad-
dress recognition writer independent recognition is a requirement.
It would be infeasible to ask all customers to provide their hand-
written samples to train the recognition systems. Instead, real life
data is typically sampled over a period of time and used to train
and refine the handwriting recognition modules.

Writer independent recognition would also be desirable for single
writer environments. It would allow for handwriting recognition
software which does not need any further training by the user and
could therefore be used out of the box.
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4.1.3 Recognition of General Text

The goal of general text recognition consists in finding the correct
transcription (sequence of words) for a given image of some hand-
written text. Since the correct number of words is not known in
advance additional types of errors are often introduced. The source
of these types of errors is the unknown segmentation of the text
image into isolated word images. A similar segmentation problem -
the segmentation of a word image into individual character images
- is known as Sayre’s paradox [116].

To recognize a letter, one must know where it starts and
where it ends, to isolate a letter, one must recognize it

first.

Too many or too few words may be present in the result of the
recognizer depending on the chosen segmentation of the image into
its individual words. When the result contains too many words the
recognition process results in an over-segmentation of the input im-
age. In the case where too few words are included in the recognizers
solution the term under-segmentation is used.

In addition to the segmentation problem the task of general text
recognition includes an additional handicap. No assumption except
for the language of the text to recognize is made. The search space
for general text recognition is therefore significantly larger than for
bank check or address recognition tasks. Instead of a database of
valid addresses, lexica and statistical language models are playing
the role of contextual knowledge in handwriting recognition systems
for general text.

4.2 State of the Art

This section summarizes the state of the art for offline handwrit-
ing recognition systems. The focus will lie on the level of complete
systems. References for the use of different methods of the individ-
ual components of a recognition system like image normalization,
feature extraction and classification will be provided at the appro-
priate places in the following chapters.

35
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As handwriting recognition has been a research topic for over four
decades [121] a number of surveys can be found in the literature.
Wherever possible references to summaries and overviews will be
preferred over the citation of individual works. A general overview
for the offline recognition of cursive Roman handwriting can be
found in [12]. A survey including both online and offline handwrit-
ing recognition can be found in [109].

The following sections concentrate on different fields of the offline
recognition of Roman script. First, the domain of isolated charac-
ter and numeral recognition is considered in Section 4.2.1. Then
word recognition and general text recognition are summarized in
Section 4.2.2 and 4.2.3. Finally, applications of offline handwriting
recognition techniques are covered in Section 4.2.4.

4.2.1 Isolated Character and Numeral
Recognition

The recognition of isolated characters represents the typical pattern
classification problem. For an unknown input sample the most
likely class out of a given set of pattern classes has to be computed.
Recognition methods for isolated characters have been surveyed a
while ago in [55] and a brief current survey is included in [12].

In the last decade databases like the NIST database [37], the CEDAR
database [54], and the ETL-6 database [79] (upper case characters

only) became publicly available and are widely used for training

and testing of isolated character recognition systems. Among oth-

ers [71, 107, 108, 136, 137] addressed the problem of offline character

recognition in the last year.

Recognition of isolated numerals is a special case of isolated char-
acter recognition. Two properties of isolated numeral recognition
make this field to the perhaps most frequently addressed problem of
handwriting recognition research. First, the small number of classes
(ten) makes the problem accessible for most known classifiers, and
second, large amounts of isolated handwritten digits have been
available for several years. Most notably the NIST, the MNIST [31],
the CEDAR, and the CENPARMI databases [132]. Recent publi-
cations which made use of these data-bases include [7, 86, 108, 110].
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4.2.2 Word Recognition

Handwritten word recognition is recognized as a more difficult task
than the recognition of isolated characters since the problem of the
segmentation of an input word image and the recognition of the
resulting word characters must be solved. For the recognition of
handwritten words specific surveys are available in [126] and more
recently in [12, 139]. Compared to the case of isolated character
recognition fewer publicly available databases exist for training and
testing of offline handwritten word recognition systems. In the
domain of postal applications the CEDAR database is widely used.
Recently a segmented version of the IAM database [96] became also
available [153].

The commonly used criteria to classify the different word recogni-
tion methods is the technique applied to segment the word image
into individual characters. Segmentation-based methods attempt
to first segment a handwritten word image into individual charac-
ters and then use a classifier for handwritten characters to recog-
nize the resulting images. A recent implementation of this strategy
without lexical postprocessing can be found in [71]. Lexical support
has been added in [72].

The majority of current handwritten word recognition systems are
based on Hidden Markov Models (HMM) which implement a seg-
mentation-free recognition. This means that the segmentation of
the word image and the recognition of the characters are performed
in a single step. Most current publications concentrate on the op-
timization of already existing systems [11, 44, 100, 117, 118, 154].
Newer attempts to combine HMM with neural networks can be
found in [22, 78].

4.2.3 General Text Recognition

Offline recognition of handwritten text can still be considered a
relatively new research topic. Only few works published in the
literature address the problem of general text recognition. In most
cases either a sequence of isolated word images is assumed or text
lines are first split into a sequence of isolated words which can then
be fed to a handwritten word recognition system [10, 28, 71, 120,
149].
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Systems which avoid an explicit segmentation of text lines into
individual words and make use of a statistical language models to
support the handwriting recognition system can be found in [95,
143, 155].

4.2.4 Applications

Most applications of offline handwriting recognition technology re-
ported in the literature are found in the domain of address recogni-
tion used for mail sorting and in the domain of bank check reading
for the automatic processing of financial transactions. Automatic
address reading deals with the recognition of an address found on
a parcel or a piece of flat mail like letters or cards. An overview of
the problem is provided in [125] and a comparison of systems can
be found in [26]. Furthermore related problems like the detection
of the address block [97, 43|, the orientation of a mail piece [103],
or the location of a numerical sequence (e.g. the zip code) [77] have
been investigated.

In the case of bank check recognition the necessary elements for
the automatic processing of the financial transaction are tried to be
recognized. A family of commercially available multilingual check
reading systems is presented in [41, 40]. In this domain the au-
tomatic segmentation and recognition of a multi-lingual date field
proved to be particularly difficult and has been addressed in [147].

The recognition of historical documents can be seen as a third po-
tential application of offline handwriting recognition technology. So
far, no successful attempt has been made to automatically tran-
scribe such documents but an increasing amount of publications
investigate different aspects related to this task. Methods to sepa-
rate text pixels from background pixels can be found in [82; 145].
Further works include the mapping of transcriptions to the corre-
sponding image regions [133], a word spotting technique [112], and
the segmentation of handwritten dates in historic documents [32].

4.3 System Overview

The core of the presented recognition system for offline handwrit-
ten sentences is based on the Hidden Markov Modeling technique.
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On the top level, the system can be divided into preprocessing,
recognition and postprocessing modules as illustrated in Fig. 4.1.

recognition system

handwritten - : - e - " - :
B reprocessin recognition ostprocessin n-best list
sentence image prep! 9 9 postp 9 O

The following three subsections detail the preprocessing, the recog-
nition, and the postprocessing modules of the recognition system.
Brief description of the HMM training and language model extrac-
tion are provided in the last two subsections.

4.3.1 Preprocessing

In the preprocessing module the handwritten text image is first
segmented into text lines. From the text lines sentence fragments
are then extracted and normalized.

preprocessing

handwritten - sentence - image - feature »( feature vector
sentence image segmentation normalization extraction sequence

The image normalization is performed to remove a part of the vari-
ance introduced by the writing styles of different writers. The nor-
malized images are finally transformed into feature vector sequences
by the feature extraction module as shown in Fig. 4.2.

4.3.2 HMM Based Recognition

The Hidden Markov Model based recognition module produces a
recognition lattice! for each feature vector sequence which repre-
sents a sentence fragment.

The recognition is performed by the Viterbi decoding step as can
be seen in Fig. 4.3. For the decoding step a number of resources

'Recognition lattices can contain a large number of recognition alternative
solutions for the input image and may be interpreted as finite state automata.
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Figure 4.1
Handwriting
recognition system,
overview.

Figure 4.2
Preprocessing of
the handwriting
recognition system.
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Figure 4.3

Recognition module
of the handwriting
recognition system.

Figure 4.4
Postprocessing of
the handwriting
recognition system.
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recognition

feature vector »| Viterbi decoding »{ recognition

sequence lattice
bigram
model

are required. Most important, the trained Hidden Markov Mod-
els (HMM) which represent the different character classes. Addi-
tionally, a dictionary is used to map the words to corresponding
sequences of character HMMs, and finally the bigram model, a sta-
tistical language model. This model is used by the Viterbi decod-
ing step to prefer frequently observed word sequences over word
sequences which are not typical for the language under considera-
tion.

4.3.3 Postprocessing

In the postprocessing module the set of recognition lattices gen-
erated for the sentence fragments are merged to a single sentence
lattice. From this lattice the n most likely candidate sentences
with their corresponding recognition scores are then extracted and
compiled into the n-best list as shown in Fig. 4.4.

postprocessing

recognition - lattice - n-best > n-best
lattices merging extraction list

4.3.4 Language Model Extraction

For the extraction of the language model the following resources
must be available. First, the transcriptions of the handwritten text
images are used to ensure that all words of the handwritten samples
will appear in the dictionary. Then the tagged LOB corpus is used
to increase the size of the dictionary up to a predefined number of
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LOB corpus
'Y

language model
extraction

transcriptions bigram model
of images

words. Finally, the tagged LOB corpus is also used to build the
bigram language model.

Fig. 4.5 illustrates the process of dictionary generation and language
model extraction.

4.3.5 HMM Training

The procedure for the character HMM training is shown in Fig. 4.6.
For the generation and training of the character HMM both the fea-
ture vector sequences (as provided by the preprocessing step) and
the corresponding transcriptions are used. The dictionary obtained
by the language model extraction is required to convert the tran-
scriptions into the corresponding sequence of character HMMs.

feature vector
sequence
transcriptions Baum Welch »
of images training

The initial character HMMSs are then iteratively trained using em-
bedded Baum-Welch training.
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Figure 4.5
Extraction of the
bigram language
model and the
dictionary.

Figure 4.6
Construction and
training of the
character HMM.
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Methodology

The methods used in the main modules of the handwriting recog-
nition system are described in this chapter. The sections are or-
ganized as follows. After the description of the preprocessing step
the image normalization is detailed in Sec. 5.2. The extraction of
the feature vector sequences is briefly explained in Sec. 5.3. Hidden
Markov modeling is covered in Sec. 5.4 and more specifically, the
optimization of the length of the characters HMM is addressed in
Sec. 5.5. The last four sections cover the bigram language model
in Sec. 5.6, HMM decoding parameters in Sec. 5.7, recognition lat-
tices and n-best lists in Sec. 5.8, and the measurement of the system
performance in Sec. 5.9.

5.1 Preprocessing

The task of the preprocessing module consists in the extraction of
sentences from the handwritten texts provided by the IAM database.
The handwritten sentences have been automatically extracted from
the TAM database using the procedure described in Section 2.3. It
is important to notice that in contrast to the extraction of hand-
written lines of text it is generally not possible to automatically
extract sentences from a handwritten text without recognizing the
text itself.

As a result of this preprocessing step a sequence of consecutive
handwritten text line images will result. Fig. 5.1 illustrates the
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Figure 5.1
Sentence
b01-033-s3 from
the TAM database

after preprocessing.
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result of the preprocessing step. Considering the good quality of the
scanned images no additional preprocessing steps were necessary.

5.2 Image Normalization

In the image normalization step the variability between different
writing styles is reduced without destroying information relevant to
the recognition of a handwritten text line. The image normalization
consists of a set of independent normalization procedures which
include slant removal, slope removal the normalization of the main
writing zones, and contrast normalization.

5.2.1 Slant Removal

The goal of the slant removal operation is to normalize the direc-
tion of the long vertical strokes in characters like 'b’, 'f’, I’ etc.
Depending on the individual writing style the vertical strokes of
these characters will be more or less slanted to the right or the left.
Slant removal is always achieved by two steps. First, the slant angle
is estimated form the input image and then the image is deslanted
using a shear transform with the estimated angle obtained in the
first step.

A large number of slant removal methods have been proposed in the
literature. See [10] for a technique based on the selection of near-
vertical strokes. Many methods define a measure for ”deslanted-
ness” which is computed for all possible slant values in a predefined
interval. The angle which achieves a maximum for the measure is
then selected as the estimate for the slant [14, 69, 95, 102, 141]. All
methods mentioned above provide a single estimate for the slant
angle and make therefore the assumption that the slant does not
vary within a word or line of text. Only few methods have been sug-
gested which are based on local slant estimation and removal [138].
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The selection of the slant normalization method published in [102]
was motivated by the claim of the authors that generalized projec-
tions were applicable not only for the estimation of the slant angle
but also the slope angle and estimation of the writing zones for cur-
sive handwritten words. Unfortunately this could not be verified
for the estimation of the slope angle and the writing zones. How-
ever generalized projections proved to be accurate to estimate the
slant angle for a large amount of different writing styles.

After binarization of the input image a histogram using gener-
alized projections is computed for each slant candidate angle a.
Generalized projection emphasize long runs of foreground pixels
and differ from normal projections in the assignment of weights
to the foreground pixels. While an equal weight of 1 is assigned
to all foreground pixels in the case of a normal projections, the
weight of a foreground pixel in general projections depend on the
weight of the predecessor pixel. As long as there are subsequent
foreground pixels the weight is increased by 1 for each new pixel.
When a background pixel is encountered the weight is reset to 1.
See Fig. 5.2 for the illustration of the difference between a normal
projection and a generalized projection for angle a = 0. On the
right hand side the generalized projection count gpy (%) is indicated,
where gpp(2) =1+2+3 =6.

For each histogram the sum h, of all resulting pixel counts are
recorded in the following way.

ha =D gpali) (5.1)

where gp, (i) represents the generalized projection count for direc-
tion v and histogram column 7. For the example shown in Fig. 5.2
the sum of the pixel counts is hy = 12.
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Figure 5.2
Comparison of the
normal and the
generalized
projection for

a =0 of a sample
mage.
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Figure 5.3
Estimation of the
slant superimposed
over the text line
1mage.

Figure 5.4

The deslanted
version of the text
line.
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Finally the slant is estimated by the angle ayq,; Wwhich maximizes
he over the predefined range of candidate angles as shown below.

Olglant = argmax hy (5.2)

The implemented slant estimation is sampling the candidate an-
gles from 40 to 120 degrees measured counter-clockwise from the
horizontal with a step size of 2 degrees.

of hu O

Fig. 5.3 shows the estimated slant angle which has been superim-
posed over the text line image. The resulting text line after slant
removal is given in Fig. 5.4

5.2.2 Slope Removal

The slope removal, also called skew correction, tries to eliminate the
difference between the horizontal and the imaginary line on which
the words of the input text line have been written to. As in the case
of slant removal, the slope removal consists of two steps. First, the
slope angle is estimated and second, the input image is normalized
to a horizontal slope using either a rotation or a shear transform.

Most methods to estimate the baseline are based on linear regres-
sion for a set of points which are supposed to represent the position
of the baseline in average. The selection of the points can be based
on a previous estimation of the core region [10, 140], on the pre-
processed image using “smearing” [66, 122], or directly on the im-
age [95]. In many cases linear regression is not robust enough when
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outliers are present in the point set and an iterative removal of the
outliers takes place until the remaining mean square error is below
a predefined threshold. As in the case of slant estimation a single
linear baseline is provided by most baseline estimation techniques.
While in certain cases this approximation is reasonable, especially
in cases where the writer has to write on given printed line, there
are situations where a single linear baseline does not seem to be
adequate. Some solutions to local baseline estimation have been
proposed in [88, 99, 148]. A different approach is suggested in [70]
which is based on the Wigner-Ville distribution and works on a
small set of text lines or an entire document.

For the recognizer described in this thesis the initial point set is
defined by the lower left corners of the bounding boxes around the
modified connected components of a line of text. Since connected
components can become very large for cursive handwriting! wide
components are split into several pieces before the bounding boxes
are computed as shown in Fig. 5.5.

The baseline is then estimated using linear regression for the set
of the lower left corner of the resulting bounding boxes. Iterative
removal of outlier points is then applied until the mean square error
is below a predefined threshold.

Fig. 5.6 shows the result of the baseline estimation process as de-
scribed above. The resulting text line image after deslanting and

1A word may be represented by a single connected component.
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Figure 5.5
Bounding boxes for
the splitted
connected
components.

Figure 5.6

The resulting
estimate for the
base line obtained
through linear
regression for the
lower left corners
of the bounding
bozes.
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Figure 5.7
The deslanted and
deskewed text line.
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deskewing is given in Fig. 5.7

The motivation behind this slope normalization technique lies in
the simple extension for the estimation of the main writing regions
as will be described in the following subsection. Please note that the
proposed method would be badly affected by a heavily fragmented
input image. However, this problem has not been observed for the
handwritten text lines provided by the IAM database.

5.2.3 Normalization of the Writing Re-
gions

Once the slant and the slope of a text line image have been nor-
malized the reference lines are detected which vertically separate a
handwritten word or text line into the main writing regions, i.e. the
ascender, the core, and the descender region. The estimated refer-
ence lines can then be used to normalize the main writing zones.
This makes the feature extraction more robust since the location
of handwritten strokes is closely correlated with the corresponding
characters?.

For the detection of the core region most published works propose
a technique based on the horizontal projection of the binarized ver-
sion of the input image [10].

The method implemented in this thesis to estimate the upper base-
line is a modified version of the slope estimation method introduced
in the last subsection. Instead of taking the lower left corners of
the bounding boxes (from the splitted connected components) the
linear regression is based on the upper left corners. First, the me-
dian of height of all bounding boxes is computed as an estimate
for the height of the core region. Then the upper left corner of

2Characters like ’a’, 'c’ and 'm’ are written completely in the core region
while digits, upper case letters and characters like I’ and ’t’ also use the ascen-
der region. The descender region is used by letters like 'f’, ’g’ or 'y’.
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a bounding box or the lower left corner with the subtracted core
height is added to the point set for each bounding box. The deci-
sion to select between the two alternatives is based on the vertical
position of the two points. Always the point with the lower vertical
position is used.

The ascender and the descender lines are then be determined as
follows. For the angle a weighted sum of the baseline and the upper
baseline angle is used giving more weight to the baseline which can
usually be estimated more accurate than the upper baseline. The
position can then be fixed to the extreme points of all bounding

Fig. 5.8 provides an example for the result of the reference line es-
timation process. The resulting text line after the normalization of
the main writing region (all regions are normalized to have the same
height) is provided in Fig. 5.9. In addition to the normalization of
the writing regions also the contrast of the image is normalized
using simple thresholding. Pixels with a gray level below a fixed
lower threshold will be set to black, pixels with a gray level higher
than a fixed upper threshold are set to white. Gray levels between
these two thresholds are then linearly interpolated between black
and white.

o har moniy.

The normalization of the contrast and the main writing regions are
the last normalization steps involved in the implemented recognizer.
Further normalization steps like the normalization of the stroke
width or the character width could also be applied but have not
been investigated in the context of this thesis.
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Figure 5.8
Estimation of the
main writing zones
superimposed over
the original text
line.

Figure 5.9

The normalized
text line image
including contrast
normalization.
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Figure 5.10

The extraction of a
feature vector X;
at position 1 using
the sliding window
approach.
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5.3 Extraction of Feature Vector
Sequences

The feature extraction step has to transform the normalized text
line images into a format suitable for the selected recognition scheme.
The use of Hidden Markov Models in the recognition step requires
an input in the form of a sequence of feature vectors sometimes also
called observation vectors. The standard method to obtain a fea-
ture vector sequence from an image is called the ”sliding window”
technique.

Fig. 5.10 illustrates the sliding window approach. A narrow win-
dow is moved from the left to the right of the image. At each
position the content of the window is used to extract a feature vec-
tor. The systems proposed in the literature based on this technique
differ both in the selected window parameters and the extracted fea-
tures. Window parameters are the width of the window, and the
step size which is specified by the horizontal distance between two
consecutive positions of the window.

Many different feature extraction methods have been proposed in
the literature. The different approaches can mainly be character-
ized by the type of the extracted features. [66, 143] are using fore-
ground pixel densities measured in individual cells of the partitioned
input window, where the cells are typically arranged in grid of n
columns and m rows. Typically the estimated reference lines deter-
mine the vertical partition of the window. Other feature extraction
approaches use geometric quantities like moments, coefficients from
series expansion or first and second order moments and the position
of the upper and the lower contour as described in [95]. Finally,
structural features like stroke directions [120] endpoints, forks, and
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loops [13] have also been suggested.

In [92] three different types of features have been described and the
performance of the corresponding systems was compared. First, the
raw pixels of the window were taken as input to the Karhunen-Loeve
transform? to reduce the dimensionality of the resulting feature vec-
tors. Second, the limits of the linear transform were avoided using
a simple feed forward multi layer perceptron (MLP) as described
in [119] and finally, geometrical features as described in [95] were
used. On a small text line recognition task with a vocabulary of
412 words a word recognition rate* of 52% was reached for the
KL-transformed window, 68% for the system using the features
obtained by the MLP transformed window, and 80% for the geo-
metrical features respectively.

For the recognizer implemented in this thesis the geometrical fea-
tures as described in [95] have been used. For each image column
i a feature vector X; = (1, T, . .. T;9) containing geometrical fea-
tures is extracted, which signifies that the sliding window has width
1 and is moved 1 pixel per step. The first three features contain the
number of foreground pixel in the window, as well as the first, and
the second order moment of the foreground pixels. Features four
to seven contain the position of the upper and the lower contour,
and the first order derivative from the upper and the lower contour
respectively. The last two features contain the number of vertical
black white transitions and the pixel density between the upper and
the lower contour.

5.4 Hidden Markov Modeling

Several important aspects of the Hidden Markov Model (HMM)
technique are introduced in the following subsections. First, some
fundamental issues are presented. Then, model topologies, emis-
sion probabilities and path probabilities are covered. Finally, the
applied training and decoding algorithms are mentioned.

3The Karhunen-Loeve transform, also called KL-transform is a version of
the principal component analysis (PCA) [61], a popular technique for dimen-
sionality reduction

4See Section 5.9.2 for the definition of the word recognition rate.
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5.4.1 Fundamentals

The HMM technique® is based on a mathematically solid foun-
dation and especially suited for the recognition of a sequence of
observations®. One of the advantages the HMM framework lies in
its capability to perform segmentation and recognition at the same
time. This is a significant advantage over systems relying on a
segmentation-followed-by-recognition scheme. A further advantage
of HMMs lies in the fact that individual models” can be trained
using global data only. A prior segmentation of the data into its
model-specific parts, like characters or words, is not required. It
is sufficient to provide the image data and the corresponding tran-
scription (word sequence).

When the HMMs are used for the recognition of a handwritten text
the goal is to find the most likely sentence § = (wq, ws ... w,) for a
given observation sequence X = (X, Xs,...X,,) provided by the
feature extraction step.

§ = argmaz p(s|X) (5.3)

Unfortunately a HMM based classifiers can only be used to directly
compute an estimate of the likelihood p(X|s) for a given hypothesis
s. To compute the desired quantity the Bayes’ rule can be applied
as provided in Eq. 5.4.

p(X]s)p(s)
p(X)
Since the probability of the observation sequence p(X) remains con-

stant for all possible interpretations the most likely word sequence
5 can be found by rewriting Eq. 5.3 as follows.

p(s|X) = (5-4)

§= argznaxp(X|s)p(s) (5.5)

5See [111] chapter 6 for an overview and theoretical introduction to the field.
A more practical view can be found in the first chapter of [150], a manual for
a widely used HMM toolkit.

5The observations can be represented by both symbols or feature vectors.

"Individual models may represent characters in the case of offline handwrit-
ing recognition, strokes for online handwriting recognition or phones in the case
of speech recognition.
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Therefore, the result of the HMM classification needs to be com-
bined with the sentence probability p(s) which can be estimated
using a statistical language model®.

The following subsections will address the main aspects of the HMM
framework which is needed to compute p(X|s). Model topologies
are covered in the next subsection, the computation of emission
probabilities is explained in Sec. 5.4.3 and Sec. 5.4.4 includes the
calculation of path probabilities. The language model probabilities
will then be addressed in Section 5.6 and more specifically Part IV
of this thesis.

5.4.2 Model Topologies

The topology of a HMM is described by the set of model states
Q = {¢1,¢,...qn}, the transition probabilities p;; which define
the probability to move from state p; to p; and the initial state
probability distribution where m; specifies the probability to start
the model in state ¢;.

Fig. 5.11 provides an example of a linear topology [3, 57] of a HMM
for modeling a character where m; = 1 and p;; = 0 for 7 > j or j >
i+ 1. The topology of the above example consists of an initial state
on the left, three emitting states in the middle and an exit state on
the right®. The allowed transitions between the states are indicated
with the arrows where only self-transitions and transitions to the
next state are allowed. The estimation of the emission probabilities
pi(X) for a single feature vector X is indicated with the dashed
arrows.

8Statistical language models are covered in more detail in Part IV. The
special case of bigram language models is addressed in Sec. 5.6 of this chapter.

90nly emitting states are theoretically necessary. The non-emitting initial
and exit states are convenient to concatenate individual character models for
the construction of word models.
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Figure 5.11
A linear
left-to-right HMM.
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The selection of the topology of HMM can still be considered to
be an open issue and many HMM based systems found in the lit-
erature still use a fixed topology for all modeled characters. Only
few attempts were made to derive the HMM topologies from the
data [81, 131]. A model merging strategy is described in [131]
which has been applied to the recognition of spoken words. In
the case of online handwriting recognition different strategies are
proposed. The construction of a multi-branch HMM in combi-
nation with a state tying scheme is documented in [81]. Refer-
ences for the use of linear topologies can be found for the recogni-
tion of online handwritten Hangul characters [123], the recognition
of faxed machine printed words [30], offline handwritten numeral
strings [62] and offline cursive handwriting [13, 95, 143]. Some-
times additional transitions are added to allow the model to skip
one or more states [46, 84]. In a few cases more complex topologies
are used, called multiple parallel-path HMMs [81] or multi-branch
HMMs [146], which both use HMMs with left-to-right topologies
as their building blocks. Recently some new HMM model selection
techniques have been proposed in [8, 117, 118]. A discriminative
information criterion is proposed in [8] to select a character model
among competing HMMs. Model-length adaptation is described
in [118] and the determination of the number of writing variants of
single characters is addressed in [117]

Although the linear topology can be seen as the most simple topol-
ogy it has a number of advantages. Most important, there is only
a single free parameter describing the model topology, the number
of emitting states, which allows for simple topology optimization
schemes'®. From the practical point of view linear modeling seems
to be the dominating topology used in speech recognition systems
and has also proved to work well for the modeling of handwritten
characters.

5.4.3 Emission Probabilities

In an emitting state ¢; of an HMM the probability of a given obser-
vation p;(X) is computed. Depending on the nature of the obser-
vation, emitting states are modeled using either discrete probabil-
ity distribution or continuous probability density functions (PDF).

10See Section 5.5 for different optimization schemes using the linear topology.
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If the HMM models a sequence of symbols the HMM are called
discrete, and in the case of feature vector sequences the term con-
tinuous density HMM is used respectively. As a third variant, so
called semi-continuous HMM exist. In contrast to continuous HMM
where each emitting state has its own set of PDF, a pool of PDF
is shared among all states of a semi-continuous HMM. A specific
set of mixture weights is then assigned to each such state to define
its own multivariate PDF. All types of HMM have been used for
offline handwriting recognition. See [46, 100] for the application of
discrete HMM, [11, 13, 68] for semi-continuous HMM and [95, 143]
for continuous HMM.

For the case of continuous HMM for d-dimensional feature vector se-
quences any d-dimensional multivariate PDF to compute the vector
probabilities may be used. The PDF can be modeled with a simple
multivariate Gaussian density [95] or a - often better performing -
mixture of Gaussians [143].

In the case of a d-dimensional single Gaussian density function
p(z|u, X) is used to estimate the emission probability of a d-dimen-
sional feature vector X, where p specifies the mean vector and X
the covariance matrix. For the multi-Gaussian case with m mixture
components the following probabilistic model is assumed:

p(z]0) = iaipi<x|ei> (5.6)

where © = (aq,...aum,01,...0,,) represents the complete set of
parameters involved. The individual components are represented
by 0; = (i, ;) and the mixture weights must satisfy >, o = 1.

HSee Section 6.3 for a comparison of the performance of using single Gaus-
sians or multi-Gaussians to estimate the output probabilities.
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Figure 5.12

Single Gaussian
with a diagonal
(left), a non
diagonal
covariance matrix
(middle) and a
mixture of three
Gaussians (right).
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Fig. 5.12 illustrates three different types of probability density func-
tions. On the left, a single, two-dimensional Gaussian density with
a diagonal covariance matrix is shown. In the middle, a single
Gaussian with a non-diagonal covariance matrix is provided and on
the right, a mixture of three Gaussians with diagonal covariance
matrices are plotted.

In the general case a d-dimensional mixture Gaussian model with m
mixture components can be specified by m(d+d(d+1))/24+m —1
parameters. For the complete HMM classifier including n emit-
ting states the number of parameters becomes then n(m(d + d(d +
1))/2 4+ m —1). In order to reduce the number of parameters and
to improve the estimates for the majority of the parameters diag-
onal covariance matrices are typically used!?. The use of diagonal
covariance matrices implies that the individual features of a feature
vector X are assumed to be uncorrelated. Since for most feature
vector types this is not the case the feature vectors should therefore
be decorrelated before they are fed into an HMM system using di-
agonal covariance matrices. See [142] for a comparison of different
methods to decorrelate feature vector sequences.

5.4.4 Path Probabilities

The computation of the path probability p(A) for a path A =
(Ay, Ay ... A,) includes both the state transition probabilities and
the emission probabilities where a path element A; = (X3, ¢;) maps
the feature vector X; to the model state ¢;. Eq. 5.7 provides the
calculation of a particular path A

p(A) = ﬁpt,t—1 pe(Xt) (5.7)

t=1

where ¢; denotes the current state at time ¢. py(X;) defines the
emission probability for the feature vector X, at this state and p; ;4
specifies the corresponding probability to move from state ¢;_1 to
state gq;.

12For the recognition system implemented in this thesis the number of pa-
rameters can be reduced from over 430,000 to 150,000 values if the covariance
matrices are restricted to the diagonal.



Section 5.5 Character Specific Model Length Optimization

The most likely path A computed in the forced alignment mode of
a Viterbi decoder can then be found by dynamic programming as
previously described in Sec. 2.2.1 of Part 1.

5.4.5 Training

For the training of the HMM the Baum-Welch training algorithm|6,
5] is used is most cases which will iteratively optimize the parame-
ters of the provided models. This training scheme can be seen as a
variant of the Expectation-Maximization (EM) algorithm [27].

5.4.6 Decoding

In the decoding step of the recognition phase the Viterbi algo-
rithm [34, 144] is generally applied!?. An alternative formulation of
the Viterbi algorithm is the token passing mechanism [151] which
allows to produce not only the most likely interpretation of the in-
put observation sequence, but also a lattice containing the n-best
hypothesis.

5.5 Character Specific Model
Length Optimization

In contrast to the optimization of the parameters of an HMM, its
topology (the number of model states and the possible transitions
between the states) needs to be specified in advance and remains
fixed during the training. The HMM framework does not provide
any optimization of the topology.

In the case of a recognition system for isolated (spoken) words using
left-to-right HMMs two schools of thought regarding the selection
of the number of states are mentioned in [111]. The first is based
on the idea to let the number of states roughly correspond to the
number of sounds (phonemes) within the word. The other idea is
named after R. Bakis and consists in selecting the number of model
states proportionally to the average number of observations of the

BTherefore, the term Viterbi decoding is often used for the recognition step.
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corresponding training samples [3]. In speech and online handwrit-
ing recognition systems where a sequential, time dependent signal
has to be recognized, the first idea is adopted in most cases. In such
applications the model states are normally related to the stationary
parts of a time depending signal. In the case of speech recognition
systems phones are defined by the stationary parts of the signal.
For online handwriting recognition systems strokes are normally as-
sociated with the stationary parts of the signal. In theory one state
per phone or stroke model would suffice since a single output den-
sity function can model any stationary signal. While such models
are simple they produce an exponential state duration distribution
which is normally not adequate to model phone durations or stroke
lengths. In order to cope with this deficiency explicit state duration
modeling has been suggested in [33] and [83].

In the case of offline handwriting recognition no time depending
signal is available but the sliding window mechanism can be used.
Following this approach time dependent observations are replaced
by observations depending on the horizontal position of the window.
As a consequence the mapping between the model states and the
stationary parts of the signal is not obvious anymore and no com-
monly accepted idea exists what a HMM state should correspond
to in the case of offline handwriting recognition. In a black box
approach characters are most frequently modeled by a single HMM
with a linear topology. Such a topology provides a sequence of emis-
sion probability functions which can cope with complex character
shapes and a flexible character duration modeling.

For the commonly used sliding window technique, character HMMs
used in [94, 98, 143] have a fixed (globally optimized) number of
states. The use of model specific numbers of states using the Bakis-
model is mentioned in [8, 30, 46, 81]. Although [81] investigates
online recognition of Hangul characters it was the only publication
found which provided a direct comparison of the recognition per-
formance for both a fixed and a character specific number of states.

In the following subsections three different methods to optimize the
number of states for the linear left-to-right topology are compared.
The first method optimizes the HMMs using a fixed number of
states for all character models. The second method represents the
Bakis-model where a given fraction of the average character length
determines the number of states for the corresponding HMM. The
third method is called quantile modeling and is motivated by the
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concept of minimum duration modeling where the number of states
for each character HMM is defined by a specified quantile of the
character length histogram. The two latter methods require statis-
tics about the character specific number of feature vectors. These
statistics can be obtained by segmenting handwritten words into
its characters using a Viterbi decoder in forced alignment mode.
Fig. 5.13 illustrates the result of of this

Using the estimated character lengths of 9’929 word images from
the TAM database the obtained length histograms for the three
characters e’ 'm’ and ’.” are plotted in Fig. 5.14 where the x-
axis corresponds to the character width in pixels and the y-axis to
the number of samples. The different heights of the three curves
reflect the fact that roughly 5000 samples of ’e’, 1000 samples of
'm’ and 600 samples of .” were present in the set of the 9929
words. To ensure that the character lengths were estimated in a
reliable way, the number of states of the character HMM had to
be reduced significantly for the forced alignment experiments. This
has been done because of the following reason. A character model
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Figure 5.13
Character
segmentation using
forced alignment.

Figure 5.14
Length histograms
for some
characters.
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with a linear topology and n states will never measure a length
of less than n feature vectors for any instance of the corresponding
character Therefore, ten or even less states have been used for most
character HMM of the forced alignment system.

5.5.1 Fixed Length Modeling

For the fixed length modeling no assumptions are made at all. In-
stead of trying to predict a good length for the individual character
HMM all models are assigned the same length (number of states).

The optimal number of states can then be found by measuring the
recognition rate of the word recognizer for each possible number
of states. To speed up the method, the search range can be con-
strained by the use of empirical knowledge.

5.5.2 Bakis Length Modeling

For the Bakis modeling method it is assumed that the length of
the HMM should depend on the available training data for the
individual models in the following way. For each HMM the length
(number of states) is set to a fraction of the average number of
observations (feature vectors) of the corresponding samples in the
training data.

The optimal number of states per model can then be found by
measuring the recognition rate of the word recognizer for different
fractions of the average character lengths. To speed up the search
for the optimal fraction it can be considered that for the left-to-
right topology a model will only accept samples containing at least
as many feature vectors as its number of states. Consequently a
fraction of 1.0 would reject already half of the samples. There-
fore, the optimal fraction can be found between 0.0 and a number
significantly smaller that 1.0.

5.5.3 Quantile Length Modeling

The quantile length modeling method can be seen as a statistical
variant of the minimum duration modeling where each HMM only
accepts samples which are at least as long as the shortest samples
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observed in the training data. In this method the length (num-
ber of states) of each HMM is set to a specified quantile of the
corresponding character length histogram!.

5.6 Bigram Language Model

Bigram language models represent a simple version of the more
general statistical n-gram language models. Such models can help
the Viterbi decoding step to favor more commonly found word se-
quences over less frequently observed ones. The text provided in
this section will focus on the bigram case while statistical language
modeling and n-gram language models are covered in Part IV.

5.6.1 Fundamentals

Bigram language models are based on the observation that we are
often able to guess the next word when we are reading a given text
and stop in the middle of a phrase. In cases were the choice is
less clear we can at least narrow down the huge amount of known
words to a relatively small number of candidates. This property of
natural language suggests that the probability of a word is highly
depending on the previous text.

In the case of the bigram language model the previous text is ap-
proximated by the single previous word!®. This dependency is mod-
eled by the conditional probability p(w;|w;_,) where w; represents
the word to guess and w;_; stands for the previous word.

The probability p(s) of a sentence s = (sy,...5,) can then be de-
composed as follows.

n

p(s) = [ p(wilwi—1) (5.8)

i=1

14The character length histogram is computed by the estimation of the num-
ber of observations (feature vectors) for each corresponding sample in the train-
ing data.

1When the previous text is approximated by the last two previous words
the term trigram language model (n = 3) is used. 4-gram language models are
based on the last three words etc.
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Table 5.1

Sample bigram
probabilities for the
word to’.
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Wi—1 W p(wi|w;i_1)
to  the 0.009333
to  be 0.002239
to a 0.000138

to  have 0.000105
to  make 0.000076
to do 0.000068

For ¢ = 1 either the unigram p(w;) or a special bigram p(w;| < s >)
can be used where < s > marks the beginning of a new sentence.

A sample set of bigrams with the corresponding conditional proba-
bilities is given in Tab. 5.1 where the bigrams have been estimated
from a part of the LOB corpus and are sorted with decreasing prob-
abilities.

The conditional probabilities used for a bigram model are based
on the relative frequencies f(w;|w;_1) of a word pair (w;_1,w;) ob-
served in a large training corpus for a specified lexicon.

N (wz;l, wi)
N(U)i,1>
where N(w;_1,w;) represents the number of times the word pair

has been observed in the training corpus and N(w;_1) corresponds
to the count for the word w;_;.

fwilw;—y) = (5.9)

For a lexicon of 10,000 words the bigram language model will have
10® conditional probabilities to estimate. Therefore, not a single
instance will be observed in the 1,000,000 word LOB corpus for
most of the possible bigrams. In all sentences s where a zero count
bigram would be included the application of Eq. 5.8 would lead to
p(s) = 0 which is clearly not desirable. To solve the zero frequency
problem a number of smoothing techniques'® have been proposed.
These techniques redistribute some of the probability mass from
the frequently observed bigrams to the bigrams which have never
been observed in the training corpus.

5.6.2 Bigrams and HMM Decoding

For the recognizer presented in this thesis a bigram language model
has been chosen for the following practical reasons. First, the size

16 A brief description a specific smoothing technique is provided in Sec. 13.3.
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of the LOB corpus available for the training of the language model
is not very large. Second, experimental results show a significant
performance gain when using bigram language models [95, 143] but
indicated that no major improvements of the recognition rates can
be achieved using trigrams [143].

Thanks to the factorization of the sentence probability given in
Eq. 5.10 the word transition probabilities p(w;|w;_1) provided by
the bigram language model can efficiently be included in the Viterbi
decoding process as follows

P(si) = P(si-1) + log p(Xi|w;) + log p(w;|w;—1) (5.10)

where ¢(s;) denotes the recognition score for the word sequence
s; = (wy, we, ...w;) and p(w;|X;) the likelihood for the feature vec-
tor sequence X; to represent the word w;. Please note that X, in
Eq. 5.10 represents not a single feature vector but a feature vector
sequence representing word w;.

5.7 Grammar Scale Factor and
Word Insertion Penalty

Grammar Scale Factor and Word Insertion Penalty are two pa-
rameters used in the Viterbi decoding step. These parameters are
needed to compensate for the fact that both the HMM and the
bigram language model do not compute true probabilities. First,
continuous density HMMs are producing likelihoods!” as described
in Section 5.4. Second, n-gram language models are only approx-
imating sentence probabilities. As a consequence Eq. 5.10 can be
rewritten in the following way.

P(si) = ¢(si—1) + log p(Xi|w;) + a log p(w;|w; 1) + 8 (5.11)

where the parameter a will be called grammar scale factor through-
out this thesis'®. Parameter 3 is called word insertion penalty or

17A likelihood is a real value and does not necessarily lie in the range [0, 1].
18In other works the terms linguistic weight, language weight or, more specif-
ically, language model weight are used.
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simply insertion penalty. Since the probabilistic meaning of these
two parameters is unclear, the optimal values for o and (3 are nor-
mally determined by experiment on the validation set as suggested
in [111].

Only few works investigate the role of these two parameters [9, 104,
127]. In [9] the estimated probabilities from the acoustic model
and the language model are treated as outputs of two experts. The
scores are then weighted with a reliability factor and a linear com-
bination is used to merge the two values. A different approach is
proposed in [104] where both parameters are shown to be dependent
on the sentence length and the n-gram Bernoulli language modeling
is investigated which allows for a better sentence length modeling.

5.7.1 Grammar Scale Factor

The grammar scale factor is used to weight the influence of the lan-
guage model probabilities against the optical model probabilities
provided by the HMM character models. In addition to the role of
weighting the language model an additional influence should be con-
sidered. Since n-gram models assign lower probabilities to longer
sentences'® « should also depend on the length of a candidate sen-
tence [104]. Dynamic adjustment of o (on the sentence level) has
been investigated in [127] where the optimal grammar scale factor
has been determined for each test sentence separately. However,
no clear improvement over a fixed globally optimal grammar scale
factor has been reported.

5.7.2 Word Insertion Penalty

An optimized word insertion penalty helps the Viterbi decoding to
balance the word insertion rate and the word deletion rate. In [104]
the use of negative word insertion penalties has been reported to
compensate for word deletions induced by large grammar scale fac-
tors.

9The probability of a sentence of a given length will always be higher than
the probability of the same sentence with an additional word appended.
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5.8 Recognition Lattices and N-
Best Lists

Recognition lattices and n-best lists correspond both to data struc-
tures which represent different alternative recognition results pro-
duced by the Viterbi decoding step. Recognition lattices contain
the most promising subspace of results which has been investigated
by the decoding step. N-best lists can be extracted from recogni-
tion lattices and contain the n best candidate sentences.

5.8.1 Recognition Lattices

The recognition lattices are produced by an alternative formula-
tion of the Viterbi algorithm called the Token Passing Model [151].
Recognition lattices can be represented as weighted finite state ma-
chines where a node represents a segmentation boundary and a
link corresponds to a word hypothesis between two segmentation
boundaries. The word’s score can then be assigned to the link in
the form of a link weight.

Fig. 5.15 provides a small part of a recognition lattice produced by
the sentence recognition system. The edges correspond to the word
hypothesis with the corresponding recognition scores.

5.8.2 N-Best Lists

Given a recognition lattice in the form of a weighted finite state
machine the n paths with the highest total score can then be found.
These path correspond to the n-best recognition results and are
called the n-best list.

An example for a n-best list is provided in Fig. 5.16. The first
column contains the rank information where rank 1 corresponds to
the best solution found by the recognizer. In the column ’Score’
the recognition score of the corresponding candidate sentence is
provided and the candidate sentence is given in the third column.

Please note that other n-best decoding algorithms exist [58, 80]
which produce n-best lists more efficiently than explicitly generat-
ing a recognition lattice first.
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Figure 5.15

A simplified part of

a recognition
lattice. The bold
path corresponds to
the sentence with
the highest score,
the solid path
represent the
second best
solution.

Figure 5.16

A n-best list
showing the first
five candidate
sentences with the
corresponding
recognition scores.

Rank Score
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23,024
23,922
23,890
23,888
23,854

She has put up the value other money .

She has put up the value of her money .
She had put up the value other money .
She had put up the value of her money .
She has put up the value at her money .
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5.9 Measuring System Perfor-
mance

Measuring the performance of text recognition systems is more com-
plex than in the case of the recognition of isolated words. Un-
fortunately performance measures provided in the are not always
comparable and sometimes not defined at all.

In order to provide transparent results, all performance measures
used in this thesis are motivated and properly introduced in the
following subsections.

5.9.1 Sentence Recognition Rate

The sentence recognition rate is defined as the percentage of the cor-
rectly recognized sentences. A handwritten sentence image is con-
sidered to be correctly recognized when an exact matching between
the recognized words and the transcription of the corresponding
sentence image can be found. A 100% rate of this measure could
only be reached if the recognition system would find the correct
transcription for all handwritten sentence images.

5.9.2 Word Recognition Rate

The word recognition rate reflects the percentage of correctly recog-
nized words given the transcription of the sentence image. A word
recognition rate of 100% will only be reached if all words present
in the transcription are correctly recognized.

For the domain of information retrieval systems the recognition rate
is a suitable performance measure to estimate the system perfor-
mance which can be reached for the automatic indexing of hand-
written documents. The recognition rate may not be an appropriate
measure in the context of a transcription system for handwritten
documents. Since additional words are not taken into account, a
100% recognition rate does not necessarily mean that the recogni-
tion result is completely correct?.

20The recognition result may contain additional words which are not present
in the transcription of the handwritten text image.
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Table 5.2
Measurement of
deletions (D)
insertions (1) and
substitutions (S)
and corresponding
word recognition
rates and word
level accuracies.
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Alignment H D I S N Rec. Acc.
abca

abca 4 0 0 0 4 100% 100%
abca

aaca 30 0 0 4 7% 7%
abca

a ca 31 0 0 4 7B% %
ab ca

abaca 4 0 1 0 4 100% 75%
a bca

abbaa 3 0 1 1 4 75% 50%

For the comparison of a sentence hypothesis found by the recogni-
tion system with the transcription of the sentence image a Dynamic
Programming-based string alignment procedure is used. This pro-
cedure determines an optimal alignment between the word sequence
provided by the recognition module and the word sequence provided
by the transcription of the sentence. For the optimal alignment the
number of correctly recognized words H, the number of deletions
D, insertions I, and substitutions S are counted. Assuming that
the transcription contains N words the word recognition rate is
then defined as follows.

H
Word Recognition Rate = N X 100% (5.12)

Examples of the string alignment procedure are shown in Tab. 5.2
where the alignment of transcription with the recognition result is
shown in the first column. All examples assume the transcription
'a b ca (N = 4) which is then compared to different hypothet-
ical recognition results. The resulting word recognition rates and
word level accuracies can be found in columns 'Rec.” and "Acc.’
respectively.

5.9.3 Word Level Accuracy

The word level accuracy is the complementary measure for the
recognition rate. A 100% word level accuracy will only be reached
if the recognition result matches the transcription word by word.
Since insertions are taken into account, the word level accuracy
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may be less than 100% even if all words of the transcription occur
in the recognition result.

Word Level Accuracy = x 100% (5.13)

Comparing Formula 5.12 and 5.13 it can be seen that the word
recognition rate is an upper limit for the word level accuracy.
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Experiments and
Results

This chapter summarizes the various optimization steps which were
involved to build the baseline system for the offline recognition of
handwritten sentences.

6.1 Experimental Setup

This section introduces the main assumptions which have been
made and describes the experimental setup used for the training,
optimization and testing of the baseline recognition system.

6.1.1 Segmented Sentences Assumption

The first assumption which is made for the offline recognition of En-
glish text in is the Segmented Sentences Assumption. This signifies
that it is taken for granted that the handwritten input is properly
segmented into complete sentences. The sentences are defined by
the sentence initial marks provided by the Tagged LOB corpus.

The assumption has been made when it became clear that a pars-
ing of complete texts was computationally not feasible. Therefore,
the input images are split into sentences which represent the next
smaller building blocks of natural language. As a result the tasks
introduced in Section 6.1.3 will be sentence recognition tasks.
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Table 6.1
The definition of
the different

validation sets.
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6.1.2 Closed Vocabulary Assumption

The second assumption made is called the Closed Vocabulary As-
sumption which means that all words contained in the test sentences
are known in advance. It is clear that for real world applications
a more general approach will be required for the case of general
text recognition but the closed vocabulary assumption provides a
more controlled environment to measure the system performance.
No empirical trade-off between the size of the vocabulary and the
expected percentage of out of vocabulary cases has to be made in
order to optimize the system performance.

6.1.3 Recognition Tasks

For the optimization of the number of training iterations, the gram-
mar scale factor and the word insertion penalty two tasks have
been defined. In the multi-writer task (MW) an environment is
simulated where handwriting samples are available for most of the
writers. For the second task a writer independent (WI) situation
is assumed. This means that the recognition system will not have
seen any of the the writing styles of the test set during the training
or the parameter optimization (validation) steps.

For both tasks training, validation, and test sets have been defined.
The handwritten text images for the training set have been se-
lected to support both the MW and the WI task at the same time.
Included are 5,799 images of handwritten text lines containing a
total of 39,993 words where the text lines have been written by 448
different writers.

MW WI
Quantity Small Large Small Large
Sentences 200 200
Text lines 100 534 100 582
Words 746 3,814 826 4,094
Lexicon size 8,820 8,824 8,817 §8,827
Writers 100 157 100 100

The specification of the validation sets are provided in Tab. 6.1. The
small validation sets are used for the optimization of the number of
iterations needed for the training of the HMM. For the optimization
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of the grammar scale factor and the word insertion penalty the
large validation sets are used. The lexicon size corresponds to the
number of word surface forms in the lexicon, where the lexicon
has been compiled using the following steps. First, using the closed
vocabulary assumption, all (tagged) words from the test set are first
added to the initially empty lexicon. Second, based on the tagged
LOB corpus the most frequent words are added until the lexicon
contains 10,000 tagged words. Finally, the tags are stripped from
the words leading to a smaller number of lexicon entries since a
given word surface form may occur with more than one tag?.

Quantity MW WI
Sentences 200 200
Text lines 573 575
Words 3,933 3,956
Lexicon size 8,822 8,821
Writers 156 100

For the test sets the definition is given in Tab. 6.2. In the case of
the MW task 142 of the writers are common with the validation set
and 147 are also present in the training set. The 100 writers of the
WI task are different from both the 100 writers of the validation
set and the 488 writers represented in the training set.

Please note that the optimization of the character model lengths
and the optimization of the number of Gaussians have been carried
out on separate tasks which are briefly described in the correspond-
ing sections.

6.2 Optimizing the Character

Model Lengths

For the optimization of the character specific model lengths a word
recognizer was used very similar to the sentence recognizer de-
scribed in this part of the thesis. The only difference was the mod-
eling of the states where single Gaussian instead of multi-Gaussians
were used.

!The word ’order’ can be tagged as a noun and as verb. Since different verb
forms are identified separately by the tagset verbs like 'put’ will occur in the
base form, in the present and in the past tense.
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Table 6.3

Word recognition
rates using a fixved
number of states.
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For the experiments an isolated word recognition task based on
word images from the segmented version of the IAM database has
been defined. Training and testing has been carried out on 10,929
word images. For the test set 1,000 words have been randomly
chosen, which left 9,929 words for the training set. The lexicon
contained the 2,296 words covering the transcriptions of the 10,929
word images.

Each of the presented length modeling scheme described in Sec. 5.5
can be optimized using different settings of a single parameter. The
resulting number of model states and the corresponding recognition
rates for each method are summarized in Tab. 6.3, 6.4, and 6.5.

States Size Recognition rate

8 o84 57.2%
10 730 58.9%
12 876 59.7%
14 1022 60.7%
16 1168 61.0%
18 1314 58.6%
20 1460 56.7%
22 1606 53.7%
24 1752 50.9%

Tab. 6.3 documents the resulting recognition rates for different
(fixed) number of states. The Bakis length modeling method using
different fractions of average character lengths (column "Fraction’)
is provided in Tab. 6.4, and the recognition rates for the quantile
length modeling method are shown in Tab. 6.5 using the indicated
quantiles (column ’'Quant.”). The total number of states of each
recognition system is reported in the column ’Size’.

To explain the significant improvement of both the Bakis and the
quantile length modeling over the fixed length modeling approach,
some additional experiments have been carried out.

For the comparison of the different length modeling approaches
some properties of the fixed length modeling (using 16 states) and
the quantile modeling (using the 2% quantile) have been selected.
After training of the HMMSs, the models for the characters 'i’ and
'm’ have been used to generate length histograms for the corre-
sponding characters? where the x-axis correspond to the character
width in pixels and the y-axis to the number of samples.
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Fraction Size Recognition rate

0.20 702 60.5%
0.30 1049 67.3%
0.36 1258 68.3% Table 6.4
0.38 1331 69.0% Word recognition
0.40 1398 69.2% rates for the Bakis
0.42 1465 68.8% method.
0.44 1538 68.6%
0.50 1752 66.0%
0.60 2099 59.8%
Quantile Size Recognition rate
0.00 1207 56.6%
0.01 1323 65.3%
0.03 1568 69.1% Word recognition
0.04 1656 69.6% rates for the
0.05 1721 68.8% quantile method.
0.10 2014 65.5%
0.20 2366 57.8%
0.50 3262 29.6%
500

e——=o Alignment ¥ ]
400 - [ +— Fixed Length 7 .
‘ ~—— Quantile Length 7

300 1 Figure 6.1

Estimated and
generated character
lengths for the
character i’ .

200 r

100 -
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Figure 6.2
Estimated and
generated character
lengths for the
character 'm’.
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100
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40 -
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In Fig. 6.1 and Fig. 6.2 the resulting length distributions for the
fixed length modeling and the quantile modeling method are com-
pared with the ’true’ length histograms obtained by forced align-
ment. It can be observed that for short characters (represented
by ’i’) the fixed length modeling approach produces length distri-
butions which do not adequately model the estimated length his-
tograms. In case of the character 'm’ both the fixed length and the
quantile length modeling produce similar length distributions with
a peak which is roughly at the position of the peak of the estimated
length histograms.

Based on this observation two additional experiments were carried
out to verify the importance of the correct modeling of short char-
acters. The Bakis and the quantile length modeling scheme were
combined with the fixed length modeling in the following way. Af-
ter the length calculation of each character using either the Bakis
or the quantile method, characters with more than 16 states (the
optimal length obtained using the fixed length modeling scheme)
have been truncated to a maximal length of 16 states.

Both the truncated Bakis and the truncated quantile methods did
not only produce higher word recognition rates than the system us-

2This has been done using the stochastic Monte Carlo method to simulate
runs through the finite state automata defined by the HMM transition proba-
bilities.



Section 6.3 Optimizing the Number of Gaussians

Fixed Bakis Quantile T. Bakis T. Quantile
16 0.4 0.04 16/0.4 16/0.04
1168 1398 1656 1088 1092
61.0% 69.2%  69.6% 68.1% 67.9%

ing fixed length modeling but also resulted in significantly smaller
HMM systems. This is shown in Tab. 6.6 which summarizes the
achieved word recognition rates (third row) of the different length
modeling schemes. The results for the truncated Bakis method
are reported in column "T. Bakis’ and the results for the truncated
quantile method in column "T. Quantile’. In the first row the corre-
sponding parameter settings are provided, the second row lists the
number of resulting model states and the last row the corresponding
recognition rates.

Based on the results in Tab. 6.6 the truncated Bakis method has
been chosen for the handwriting sentence recognition system im-
plemented in this thesis.

6.3 Optimizing the Number of
Gaussians

The number of Gaussians have been optimized on a text line recog-
nition task using 4,313 lines of handwritten text for the training set,
and 100 lines for the validation set. The lexicon contained 10,000
entries.

For the training of the multi-Gaussian system the following training
scheme has been used?.

1. A single Gaussian system is trained using truncated Bakis
length modeling and four training iterations

2. The number of Gaussians are increased by one and the new
system has been retrained using further training iterations

3. The System performance is evaluated every two training iter-
ations and the best system is kept for further increasing the
number of Gaussians

3See [44] for a comparison of different training schemes.
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different length
modeling schemes.
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Table 6.7

System
performance for
different number of
Gaussians.
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4. Until a predefined number of Gaussians has been reached con-
tinue with Step 2

5. Return the best performing HMM as the result

Line Word Word
Gaussians  Rate  Rate Accuracy Iter.

1 0.0% 20.6% -41.0% 4
2 1.0% 30.9% 1.6% 14
3 7.0% 40.6% 24.6% 16
4 12.0% 53.9% 46.7% 12
3 13.0% 55.1% 46.6% 16
6 10.0% 55.8% 47.5% 18
7 11.0% 58.8% 51.0% 14
8 19.0% 60.9% 53.1% 18

Tab. 6.7 provides the the performance for the best system for the
number of Gaussians tested. The text line recognition rate is given
in column ’Line Rate’, the word recognition rates and word level
accuracies can be found in columns 'Word Rate’ and "Word Ac-
curacy’ respectively. Column ’Iter.” contains the number of addi-
tional training iterations. A huge performance gain over the single
Gaussian can be observed for all performance measures. The best
performing system used a mixture of eight Gaussians trained with
a cumulative number of 112 iterations. It can be further observed
that all performance measures improve monotonically with increas-
ing number of Gaussians. Unfortunately time constraints did not
allow for a further increase of the number of Gaussians.

As a result, the handwriting recognition system implemented in this
thesis also uses a mixture of eight Gaussians to model the emission
probabilities.

6.4 Optimizing the Number of
Training Iterations

For the optimization of the number of training iterations for both
the multi-writer and the writer independent task, the small valida-
tion sets containing 100 lines of handwritten text has been used.
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The resulting system performance has then been evaluated every 10
iterations. In contrast to the experiment described in the previous
section the single Gaussian system has been directly transformed
to a system with eight Gaussians. As reported in [44] no large dif-
ference could be observed between the two alternative approaches
of the training of multi Gaussian HMM. Therefore, the conceptu-
ally simpler training scheme has been adopted for this optimization
step.

Figure 6.3 presents the measured text line recognition rates* for
both the small multi-writer and writer independent validation sets.
For the writer independent task the best generalization rate is
reached after 40 iterations while the performance for the multi-
writer task is further increasing up to 140 iterations. Due to the
limited time and resources available the optimization of the num-
ber of iteration steps has been halted at 150 iterations. Figure 6.4
shows the plots for the measured word level accuracy of the two
tasks.

30

28 r —— Writer Independent System
P Multi Writer System

24
22
20
18
16
14
12

10
8 "I /

Text Line Recognition Rate [%0]

0 20 40 60 80 100 120 140 160
Training lterations [n]

Based on these results, it has been decided to use 140 training iter-
ations for the multi-writer system and 90 iterations for the writer
independent system. The 90 iterations for the writer independent
system are motivated in the following way. From the plot it is ob-
vious that there should be 40 or more iterations. To prevent the

4The text line recognition rate is defined analogously to the sentence recog-
nition rate introduce in Section 5.9.
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Text line
recognition rate for
different number of
training iterations,
small validation
set.
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Figure 6.4

Word level
accuracy for
different number of
training iterations,
small validation
set.
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system from over-fitting the training data, 140 iterations seemed
not be necessary.

6.5 Optimizing Grammar Scale
Factor and Word Insertion
Penalty

For the optimization of the grammar scale factor o and the word
insertion penalty (3, a global optimization scheme has been applied.
For each combination of grammar scale factor and word insertion
penalty indicated by Fig 6.5 the system performance has been eval-
uated.

The system performance for the different grammar scale factors and
word insertion penalties have been measured for the case of the
writer independent task. Fig. 6.5 provides the results for the sen-
tence recognition rate, and Fig. 6.6 shows the corresponding word
level accuracies. As stated in Section 5.7, it can be seen that the
two parameters are not independent from each other. The higher
the grammar scale factor becomes, the higher the word insertion
penalty has to be chosen for optimal results. It can further be ob-
served that the optimal values for the two parameters depend on
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the performance measure to be optimized. Parameter values for
optimizing the sentence recognition rate (o = 45, f = 75) differ
significantly from the parameters which maximize the word level
accuracy (o = 30, 5= 50).

In order to verify the optimization of the number of training itera-
tions presented in the previous section, six additional experiments
have been carried out using the large validation sets. For both the
multi-writer and the writer independent systems the grammar scale

Figure 6.5
Sentence
recognition rate for
different values of
a and 3, large
validation set.

Figure 6.6

Word level
accuracy for
different values of
a and 3, large
validation set.
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Table 6.8
Performance of the
multi-writer system
after different
numbers of
training iterations
for the large
validation set.

Table 6.9
Performance of the
writer independent
system after
different numbers
of training
iterations for the
large validation
set.

Table 6.10
Comparison of the
baseline and the
optimized systems.
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factor and the word insertion penalty were optimized after 40, 90
and 140 training iterations. The measured performances are sum-
marized in Tab. 6.8 for the multi-writer system and in Tab. 6.9 for
the writer independent system.

Training Iterations 40 90 140
Sentence Recognition Rate  7.0%  9.0%  8.5%
Word Recognition Rate 73.7% T4.9% 74.4%
Word Level Accuracy 71.6% 71.5% 72.2%

Training Iterations 40 90 140
Sentence Recognition Rate  6.5%  6.5%  6.5%
Word Recognition Rate 74.2% T41% 74.3%
Word Level Accuracy 71.4% 71.2% 71.4%

The difference between the results measured for the small and for
the large validation set could be explained by the fact that no opti-
mization of the grammar scale factor and the word insertion penalty
has been made.

a, 3 1,0 30,50 Improvement
Sen. 1.0%  8.5% 7.5%
MW Wrd. 61.2% 74.4% 13.2%
Acc. B53.7% T72.2% 18.5%
Sen. 0.0%  6.5% 6.5%
WI  Wrd. 58.9% 74.1% 15.2%
Acc.  494% T71.2% 21.8%

Compared to a baseline system where no optimization of the gram-
mar scale factor and the word insertion penalty have been made
(o = 1.0 and § = 0.0) a significant improvement was achieved by
the joint optimization of these two parameters. The summary of
the comparison is provided in Tab. 6.10 where the improvements
are shown for both the multi-writer task (MW) and the writer in-
dependent task (WI). For each task the sentence recognition rate



Section 6.6 Validation Set Results

(Sen.), the word recognition rate (Wrd.) and the word level accu-
racy (Acc.) are provided in the corresponding lines.

6.6 Validation Set Results

This section evaluates the performance of the fully optimized sen-
tence recognition system. Tab. 6.11 summarizes the system con-
figuration after all optimization experiments for the two different
tasks. The n-best analysis for the sentence recognition rates, the
word recognitions rate and the word level accuracy are provided in
Fig. 6.7, Fig. 6.8, and Fig. 6.9 respectively.

Parameter MW WI
Number of states 0.4/16 0.4/16
Gaussian mixtures 8 8
Training iterations 140 90
Grammar scale factor 30 30
Word insertion penalty 50 50

Considering the differences between the parameter settings for the
two tasks provided in Tab. 6.11 it can be observed that the chosen
settings differ in the number of training iterations only.
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Table 6.11

Task specific
configuration of the
sentence
recognition system.

Figure 6.7
Sentence
recognition rate for
the large validation
set.
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Figure 6.8
Word recognition
rate for the large
validation set.

Figure 6.9
Word level
accuracy for the
large validation
set.

Chapter 6 Experiments and Results

86

—— Multi-writer Task
—————————— Writer Independent Task

84

82

80 ‘ —— .

78

76

Word Recognition Rate [%]

74

72

70

Rank [n]

86

—— Multi-writer Task
—————————— Writer Independent Task
84

82

80

78 — i

76

Word Level Accuracy [%)]

72

70

0 5 10 15 20 25 30 35 40 45 50
Rank [n]

6.7 Test Set Results

In this section the performance of the carefully optimized handwrit-
ten sentence recognizer® is evaluated on the test sets for both the
multi-writer and the writer independent task. The n-best analysis
for the sentence recognition rate is provided in Fig. 6.10.

For the the word recognition rate the n-best analysis is given in
Fig. 6.11, and the corresponding plot for the word level accuracy is

5Identical configuration and parameter settings have been used as for the
performance evaluation on the validation set.
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shown in Fig. 6.12.

86

—— Multi-writer Task

84 — s

82
/

80 [/

78

76

Word Recognition Rate [%]

74

72

70
0 5 10 15 20 25 30 35 40 45 50

Rank [n]

As discussed in Section 5.9, the word recognition rate is always
higher than the word level accuracy for a given system. The intu-
itive expectations that a writer independent task should always be
harder than a multi-writer task is not met by the results. Possible
explanations lie in the random selection of the test sets and in the
decision to include a large number of writers in the multi-writer
task. If the latter hypothesis is assumed, it can be concluded that
a multi-writer task for a large number of writers is as hard as a
writer independent task. This hypothesis is supported by the ob-
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Figure 6.10
Test set sentence
recognition rate.

Figure 6.11
Test set word
recognition rate.
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Figure 6.12

Test set word level
accuracy.
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servation that the optimization of the parameters does not seem to
depend on the task. For both the multi-writer task and the sen-
tence recognition task the same parameter settings have found to
be optimal. With the exception of the number of training itera-
tions which can be judged to be arbitrary considering the results
reported in Tables 6.8 and 6.9.

An additional counter-intuitive observation can be made by com-
paring the results for the large validation sets and the test sets.
The evaluated performance of all measures is always better on the
test set compared to the validation set. This result shows that the
performance of two recognition systems should only be compared
if the results have been produced using exactly the same experi-
mental setup. It must be concluded that it is not enough to train
and test systems using material from the same database. It must
further be ensured that the evaluation of the performance has been
made using identical test sets.



Conclusions

An offline recognition system for cursively handwritten sentences
has been implemented and carefully optimized as a part of this
thesis. The system based on [95] uses continuous density HMM and
a bigram language model to perform segmentation free recognition
of English sentences.

The following sections address the different areas where the orig-
inal system [95] has been enhanced or improved. Section 7.1 ad-
dresses the data preparation and the changes of the preprocessing.
Improvements of the modeling of the characters are discussed in
Section 7.2 and the optimization of the decoding step is reviewed
in Section 7.3.

7.1 Data Preparation and Pre-
processing

The segmentation ground truth provided by the IAM database has
been used to automatically extract complete handwritten sentences.
The extracted sentences were then used to define two different sen-
tence recognition tasks. The first task simulates a multi-writer
environment. The second task is writer independent which means
that disjunct sets of writers were used to define the training, the
validation and the test set.
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In the preprocessing steps different slant and skew normalization
techniques have been implemented. The new normalization proved
to be robust for the large variety of writing styles and writing in-
struments represented in the IAM database. For the slant normal-
ization technique the method proposed by [102] has been used and
for skew normalization and reference line detection a new method
based on connected components has been applied.

7.2 Character Modeling

In the domain of Hidden Markov Modeling two problems were
specifically investigated. First, the optimization of the number of
states for the linear model topology has been addressed by a com-
parison of different strategies to determine the optimal number of
states per character model [154]. Second, the number of Gaussian
mixtures has been increased to improve the overall recognition rate.

For the character HMM three different length modeling schemes
to optimize the number of states in left-to-right HMMs have been
implemented. The investigated methods included the frequently
used fixed length modeling and the Bakis length modeling schemes.
Also a new method, based on the quantiles of character length
histograms, has been proposed. Applying the original recogni-
tion system described in [95] to a isolated word recognition task a
performance improvement of more than 8% has been observed for
both the Bakis modeling and the proposed quantile based modeling
scheme over the previously used fixed length modeling approach.

The performance increase gained by the introduction of multi Gaus-
sian models to estimate emission probabilities has been measured
on a text line based recognition task. The text line recognition
rate could be improved from 0% to 19%, the word recognition rate
from 21% to 61%, and the word accuracy level from -41% to 53%
respectively.

7.3 Decoding

A full optimization of the grammar scale factor and the word inser-
tion penalty has been carried out for the first time in the domain
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of handwriting recognition systems. Average (absolute) improve-
ments of 7% for the sentence recognition rate, 14% for the word
recognition rate, and 20% for the word level accuracy have been
achieved.

Instead of providing only the most likely hypothesis, large recogni-
tion lattices were produced. From the lattices the n-best sentence
candidates have then been extracted.

89



90

Chapter 7

Conclusions



I11 N-Best Sentence
Candidate Parsing







Introduction

The sequential coupling of a handwriting recognition system and
a probabilistic parser for the evaluation of the m-best sentences
candidate is investigated. A bottom up chart parser as described
in [15] is used to analyze the n-best candidate sentences produced
by the handwritten sentence recognition system. For each sentence
candidate the parser will compute the most probable parse and its
corresponding probability. Using the combination scheme proposed
in this thesis, the parse probability is merged with the score from
the HMM based recognizer into a sentence score. Based on this
new sentence score, the n-best list can then be reordered to take
the grammatical quality of the hypotheses into account.

In the next section of this introduction parsing of natural languages
will briefly be discussed and stochastic context-free grammars will
be introduced in Sec. 8.2. The state of the art in combining syntax
analysis with both optical character recognition and speech recog-
nition systems is reviewed in Sec. 8.3. Finally, a system overview
is given in Sec. 8.4 describing the different components of the com-
bination scheme.

The next chapters of this part are organized as follows. The bottom-
up chart parser and the combination scheme are described in Chap-
ter 9. Experiments and results are provided in Chapter 10 and
conclusions are drawn in Chapter 11.
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8.1 Parsing Natural Languages

The parsing of sentences allows to discover the grammatical struc-
tures of the input sequence of words . Possible outcomes of parsing
are a single parse, a (possibly large) set of grammatically correct
but ambiguous parses or no solution at all. In the latter case, the
input sentence is considered to be grammatically incorrect. In the
case where a single solution is found, it is unambiguous and the
grammatical structure explaining the sentence is considered to be
grammatically correct?. Typically, a large number of grammatically
correct structures are found in the case of natural languages.

8.1.1 Why Parse?

Parsing of natural languages can be useful for several reasons. It
allows to detect grammatical errors in sentences for which no parse
can be found. If a parse can be found, the resulting structure of the
parse tree carries useful grammatical information which can support
a semantic analysis of the sentence. The result of the semantic anal-
ysis can then be used in applications e.g. machine translation, or
natural language based interfaces for information retrieval systems.

The sequential coupling of a handwritten sentence recognizer and
a parsing step used in this thesis is motivated by the fact that the
recognizer can provide a large number of possible solutions. Often,
the recognizer’s top choice is grammatically unlikely or even incor-
rect. The parsing step can help to identify such cases and assign
higher priorities to candidate sentences which are grammatically
sound.

8.1.2 Grammatical Structures and
Parse Trees

The term Grammatical Structure will be used for the hierarchical
organization of grammatical units of a sentence which are called

IFor the purpose of this thesis the sequence of words will always represent
a sentence. However, the sequence of words may also represent a phrase or a
complete text depending on the scope of the parsing process.

2This is typically true for formal languages which are often used to specify
the syntax of programming languages or communication protocols.
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constituents. Constituents consist of a sequence of words which
may stand for a noun phrase, a verb phrase, etc.

Parse trees are a commonly used representation of grammatical
structure which are closely related to parsing. In fact, parse trees
are the solutions found by the parsing process. They can be repre-
sented as shown in Fig. 8.1 where word tags and constituent tags
are based on the LPC [38].

S
Na Vv .

| P |
PP1A MD VB )

| | |
I can fly

For a more compact representation of parse trees the bracketed
notation is typically used. The corresponding bracketed version of
the parse tree shown in Fig. 8.1 is given below.

s [va [pP1a T]]lv [mp can |[yp fly J][ . ]]

Bracketed sentences are used by major treebanks like the LPC as
introduced in Sec. 3.3 or the Penn treebank [91].

8.1.3 Structural Ambiguities

A sentence is structurally ambiguous if more than one parse tree
can be found by the parsing process. Since many natural languages
sentences are structurally ambiguous, disambiguation is a key issue.
The goal of disambiguation is to select the correct parse out of
all possible parses which can be found for a given sentence. One
strategy for disambiguation is based on probabilistic parsing using
stochastic grammars. But in many cases additional knowledge is
required for disambiguation, as can be seen in the examples below.

In [63] the attachment ambiguity, the coordination ambiguity and
the noun phrase bracketing are mentioned as particularly common
kinds of structural ambiguities. As an illustration examples found
in [63] for the attachment ambiguity and the coordination ambigu-
ity are provided below.
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Figure 8.1
Parse tree for the
sentence I can fly.
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One morning I shot an elephant in my pyjamas.
How he got into my pyjamas I don’t know.
Grucho Marx, Animal Crackers, 1930

The first example represents an attachment ambiguity where it is
syntactically not clear if the phrase in my pyjamas should be at-
tached to the elephant or the person. The ambiguity could be
solved on the semantic level for this sentence. However, the second
sentence shows the wrong assumption made for the disambiguation
of the first sentence.

Coordination ambiguity often occurs when different phrases are co-
joined using a word like and.

old men and women

In the above phrase it is syntactically and semantically ambiguous
if the meaning is [ [ Old men | and | women ]] or if it should be
read as [ Old [ men and women |].

A different type of ambiguities is the lexical ambiguity which can
be resolved in most cases by parsing of the input sentence.

I can fly.

Although can and fly in the above sentence can both be tagged
as either a verb or a noun, only a single grammatically correct
structure will be found, tagging both words as verbs.

8.2 Stochastic Context-Free
Grammars

Stochastic context-free grammars (SCFG) represent the probabilis-
tic version of the well known context-free grammars. By assigning
probabilities to productions, parse tree probabilities can be com-
puted. This supports the idea of disambiguation in the following
way. If several parse trees can be found for a single input sentence
the most probable parse is returned by the parser.

SCFG can also be used as a statistical language model. Based on
parse tree probabilities it is possible to assign a probability value
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to a given input sentence which can be used as a measure for the
syntactical quality of the sentence. The probability of a sentence
is normally defined as the sum of the probabilities of all possible
parse trees. Possible approximations include the probability of the
most probable parse or the sum of the probabilities of the n most
probable parses.

In the following subsections context-free grammars will be defined
informally and the assignment of probabilities to productions re-
quired for SCFG is addressed. In both subsections the focus will
lie on the application of natural language parsing.

8.2.1 Context-Free Grammars

Context-free grammars (CFG) represent a commonly used formal-
ism by linguists to describe the hierarchical aspects of the gram-
matical structure of natural languages®.

In order to specify a CFG the set of words* occurring in the lan-
guage under consideration has to be defined. The words are called
terminal symbols. In the case of natural language parsing two dis-
tinct sets of nonterminal symbols are used in most cases. First, the
tagset containing the grammatical word tags® like noun, adjective,
etc. has to be specified. The elements representing the word tags
are also called preterminal symbols. The second set of nonterminal
symbols represent the constituent tags which define grammatical
units like noun phrases, verb phrases, etc. Unfortunately many
different tagsets for word tags and constituent tags exist today.
Typically, each linguistic resource is defining its own set of word
tags and constituent tags®.

The rules which describe the possible expansions of nonterminal
symbol are called productions. Finally, a single nonterminal symbol
needs to be marked as the start symbol. This symbol represents
the top-level structure which can be identified by the grammar. In

3Context-free grammars are also used to specify the syntax of formal lan-
guages as in the case of programming languages.

4For the application of handwriting sentence recognition, capitalization and
spelling of words is relevant, The and the are considered to be two distinct
words.

SFor word tags the terms Part-Of-Speech or POS tags are also used in
literature.

6Tn the case of the LPC 167 word tags and 250 constituent tags are defined.
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Figure 8.2
Productions of a
context-free
grammar for a
subset of English
sentences.
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the case of natural language grammars the start symbol represents
an independent sentence.

S — NP VP ..
NP —  :Det :NN
VP — :VBD NP
:Det —  the

NN — mouse
NN —  cat

:VBD — ate

: —

Fig. 8.2 provides the productions of a toy example for a context-
free grammar. Each production contains exactly one nonterminal
symbol on the left hand side of the arrow and a sequence of non-
terminal or terminal symbols on the right side of the arrow. The .’
prefix is used to mark the word tags (preterminal symbols). The
remaining nonterminal symbols represent constituent tags. The ar-
row indicates that the symbol on the left hand side can be rewritten
as the sequence on the right hand side (thus the alternative term
rewrite rules for productions). The set of terminal symbols of the
toy grammar is given by the words 'the’, 'mouse’, cat’, ’ate’, and .’
leaving the remaining symbols as the set of nonterminal symbols.
In order to complete the definition of this context-free grammar the
letter 'S’ is used as the start symbol.

When a CFG is used in generating mode, the start symbol can be
rewritten by the application of any production with a corresponding
left hand side. On the resulting sequence of symbols productions
can be iteratively applied until no more nonterminal symbols can
be found in the result. Using the toy grammar of Fig. 8.2 the
start symbol 'S’ can be rewritten in the following way to generate
a sentence.

S= NP VP: = Det:NN VP : = the:NN VP : = thecat VP ..
= the cat :VBD NP :. = the cat ate NP :. = the cat ate :Det :NN :.
= the cat ate the :NN :. = the cat ate the mouse :.

= the cat ate the mouse .

Please note that the order of the application of the productions is
irrelevant. For clarity always the left most nonterminal has been
chosen to be rewritten in the above example. The term ’left deriva-
tion’ is sometimes used to describe this particular order of applica-
tion of the productions.
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8.2.2 Specification of the Productions

For both CFG and SCFG the number and the structure of the pro-
ductions need to be specified. A large amount of so called Grammar
Inference techniques has been proposed in the literature to learn the
structure of a grammar from examples. In this text only two cases
for the learning of the structure of a CFG will be mentioned.

If a CFG is to be learned in the Chomsky Normal Form (CNF)7,
all possible productions are usually enumerated using all terminal
and nonterminal symbols available in the grammar [85]. Although
this enumeration of productions is a very simple way to specify the
structure of a CFG, it does not take into account the structural
information provided by treebanks.

If a treebank is available, the structure of the grammar can di-
rectly be extracted from the parsed sentences. Such treebank gram-
mars [17] exploit the structural information present in the treebank.

8.2.3 Probabilization of Productions

Probabilization of productions is the technique of assigning proba-
bilities to productions which augment CFG into SCFG. There are
two main techniques of assigning probabilities to productions de-
pending on the availability of a treebank.

When a treebank is available the probabilities of the treebank gram-
mar can be estimated from the relative frequencies of the produc-
tions contained in the bracketed sentences [17, 85]. This is done
by counting the number of times a production has been used in
a derivation of a sentence and then normalizing by the number of
times the production’s left hand side has been observed in the tree-
bank. The treebank SCFG can also be used as an initial grammar.
More compact grammars can then be derived from such treebank
grammars by discarding productions which have been observed only
once [17, 85]. Furthermore, a reestimation scheme for the produc-
tion probabilities of treebank grammars is presented in [85] which
is based on the Viterbi score [101].

"A CFG grammar is said to be in CNF if all its productions are either of the
form A —BC or the form A —a where A, B anc C are nonterminal symbols
an « is a terminal symbol of the grammar.
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If no treebank is available, the following technique is often applied.
As a large number of alternative parses are found for many nat-
ural language sentences separate counts are used for the different
alternative parses. These counts can then be weighted with the
probability of the corresponding parse tree. The Inside-Outside
algorithm (IO) [2] represents the standard algorithm to estimate
production probabilities in this case. Unfortunately, the 10 algo-
rithm can be computationally inhibitive for large CFGs for natural
languages because of both the high time complexity per iteration
and the large number of iterations necessary to converge®.

SCFG with probabilities estimated by one of the techniques men-
tioned above have been shown to be automatically consistent [21].
This means that such a SCFG induces a proper probability distri-
bution over all sentences which can be derived from it?.

8.3 State of the Art

In the field of offline handwriting recognition the tendency can be
observed to address problems of increasing complexity. High recog-
nition rates have been published for the recognition of isolated dig-
its [48] or characters [135]. The achieved performance for numeral
string recognition [87] or isolated word recognition [78] is already
significantly lower. If the task complexity increases further, as in
the case of the recognition of handwritten addresses [89] or bank
checks [41], task specific knowledge like the relation between zip
code and city name, or between courtesy amount and legal amount
becomes essential.

For general text recognition task specific information can be found
in the linguistic domain. So far, the successful application of n-
gram language models supporting the recognition of handwritten
text lines has been reported [95, 143]. Unfortunately the power
of n-gram language models is limited by the fact that they are
unable to capture long distance relationships between words. For
n > 3 it is difficult to accumulate sufficient amounts of text for an

8See [1] for a comparison of the IO algorithm with other techniques to learn
the probabilities of a SCFG.

9See Sec. 9.1.4 for the defininition of the sentence probability based on a
SCFG.
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accurate estimation of the probability for less frequently observed
word sequences.

A number of different approaches to further increase the recognition
rate of existing systems in the domains of both speech and optical
character recognition were proposed in the last decade. Especially
in the domain of speech recognition, different approaches of incor-
porating syntactical knowledge in the recognition process have been
investigated. A summary of the more promising techniques as well
as the description of a lattice chart parser for speech recognition
can be found in [16].

The following two subsections provide an overview of some systems
presented in the literature which incorporate different syntax anal-
ysis schemes to improve recognition results.

8.3.1 Syntax Analysis and Optical
Character Recognition

In the domain of Optical Character Recognition (OCR) only few
publications are available which investigate the use of syntax analy-
sis in any form. The use of linear grammars is described in [53, 124].
Sets of valid syntactic patterns were used in [25] and a word lattice
rescoring mechanism has been proposed in [73]. A CFG to improve
word recognition rates has been used in [51].

In [53] a stochastic linear grammar in the form of an HMM is used.
A subset of the word tags found in the Brown corpus are repre-
sented by the model states and words occur in the form of emitting
symbols. Using a simulated output of a machine print OCR for
different levels of noise, a set of hypothesis for each word (called
word neighborhood) in the test sentence was produced. Based on
the n-best paths through the states of the HMM the size of the
word neighborhoods was then reduced for a given input sentence.
Depending on the noise level, word error rate reductions between
27% and 43% have been reported. In the field of online handwrit-
ten sentence recognition the use of a stochastic linear grammar has
been reported in initial experiments [124].

Valid syntactic patterns and a hierarchical pattern matching parser
are used in [25] to reduce word neighborhoods. The syntactic pat-
terns have been automatically extracted from the Brown corpus.
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Experiments based on the texts provided by the Brown corpus led
to a word neighborhood reduction of 24%.

In [73] a statistical syntactic analyzer based on a concept similar
to class n-grams is described. Bigram and trigram of grammatical
word classes are combined with a so called grammatical frequency
factor and a lexical probability factor. The combined scores are
then used to rescore a synthesized word lattice. Results indicate an
improvement in the rank of the correct words over the other words.

The use of an enhanced CFG has been investigated in [51] where
a probabilistic lattice chart parser based on the Cocke-Kasami-
Younger algorithm!® was used to compute the most probable parse
tree for a word lattice. The CFG containing 706 productions was
written manually and included confidence scores to indicate the
priority of a production. As in the case of [25, 53] the output of
a simulated machine print OCR was used to produce the test sen-
tences describing word neighborhoods. For experiments on over
6,000 words of text an improvement of the word recognition rate
from 13% to nearly 80% has been reported.

8.3.2 Syntax Analysis and Speech
Recognition

The use of syntactical knowledge in the form of grammars has
mostly been applied in the context of speech recognition systems.
In earlier works as [75, 76] context-free grammars (CFG) were used.
The use of a unification based CFG!' was reported in [50]. The use
of a different structural language model is proposed in [18]. More
recently, the tendency can be observed to use SCFG [36, 64, 113]
or a unification based SCFG [16].

In [75] a generalized LR parser [134] is used to predict the next
phone according to two different grammars for Japanese phrase
structure. The general CFG contains 1,461 productions and 1,035
words while the task specific CFG has been reduced to 582 produc-
tions and a lexicon of 275 words. The achieved phrase recognition
rate was 72% for the general CFG, and 80% for the task specific
CFG respectively.

10The CYK parsing algorithm has been developed independently by Cocke,
Younger [152] and Kasami.
HSee [63] for an introduction to unification parsing.
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Essentially the same parsing technique has been incorporated into
the SPHINX speech recognition system [76]. A LR parser is used
to truncate word transitions during the decoding step which would
lead to ungrammatical word sequences. The CFG used for the
SPHINX system has been derived from 900 templates provided with
the Resource Management Task. A comparison of the combined
system and the baseline system has been made using 150 sentences
from the Resource Management Task. It was found that the word
accuracy was improved from 94.1% to 95.8% while the sentence
accuracy could be increased from 69.3% to 70%.

Three different interaction strategies between the acoustic decoder
and a parsing module were investigated in the context of the VERB-
MOBIL project [50]. Bottom-up parsing of the word-lattice pro-
vided by the decoder and top-down prediction of the next word by
a LR parser. Finally, the parser for the verification of the hypoth-
esized words has been used by the decoder during its search step.
The unification grammar contained 47 productions and 363 word
form entries. Using ten test utterances the different strategies were
compared against the acoustic decoder alone. The performance of
the bottom-up and the prediction strategies were measured at 70%
utterance recognition rate compared to the verification strategy and
the decoder alone for which a 50% recognition rate for utterances
were measured.

In [64] a SCFG was used as a language model in the Berkeley
Restaurant Project speech recognition system. The SCFG based on
a manually written CFG containing 1,389 productions and included
many task-specific nonterminal symbols. Different approaches to
exploit the information contained in the SCFG were investigated.
The SCFG was first used to smooth a bigram language model, then
it was integrated in the decoding step using a probabilistic version
of an Early parser [130] to prune the decoders search space. Fi-
nally, two combinations of the smoothed bigram and the integrated
parsing were proposed. Using a subset of 364 sentences from the
training corpus the reduction in the word error rate was measured.
The original word error rate of 34.6% could be reduced to 29.6%
by any of the investigated strategies. A slightly lower word error
rate of 28.8% could be observed for the combination of a smoothed
bigram model and the probabilistic parsing.

Applications of hybrid language models defined by a linear combi-
nation of a word based trigram model and a broad coverage SCFG
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are described in [36, 113]. In [36] the SCFG in Chomsky Normal
Form contained all possible productions with 35 nonterminal sym-
bols and 45 word tag (terminal) symbols provided by the Penn
treebank [91]. Production probabilities were then estimated on the
word tag sequences from the Penn treebank as described in [1].
On the DARPA 93 HUBI test setup the word error rate could be
reduced from 16.6% to 16.0% if the performance of the combined
language model is compared to the trigram model alone.

A SCFG combined with a conditional probability model which con-
ditions production probabilities based on the context within which
they appear is proposed in [113]. Structure and parameters of the
grammar were estimated using the Penn treebank. On the DARPA
'93 HUBLI test setup a reduction of the word error rate from 16.5%
to 15.1% has been reported. Both [36] and [113] used the Penn tree-
bank (containing 1M words) to train the trigram model for their
experiments.

For the structural language model proposed in [18]. the word error
rate could be reduced from 13.7% to 13.0% when using the DARPA
'93 HUBI test setup. In this case, the trigram model provided with
the corpus has been used. This language model has been trained
on 40M words.

Lattice parsing for speech recognition is proposed in [16] where
a sequential coupling of a speech recognizer and a probabilistic
bottom-up chart parser is described. The SCFG containing 28,253
productions and 6,648 nonterminal symbols has automatically been
compiled from a unification grammar containing 92 productions and
25 nonterminal symbols relevant for a phone-book inquiry system.
Using ten test sentences, the performance of the combined system
and the speech recognizer alone have been compared. Coupling
with the SCFG strictly improved the results in 50% of the sen-
tences. In 80% of the sentences the result of the combined system
has been considered to be at least as good as the speech recognizer
alone.
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8.4 System Overview

The proposed combination scheme of the sentence recognizer and
the syntax analysis module is illustrated in Fig. 8.3. As demon-
strated by this figure, a sequential coupling has been chosen to
combine the two techniques.

combined system

handwritten »| recognition > syntax o reordered
sentence image system analysis n-best list

Advantages of a sequential coupling lie in a clean design and a bet-
ter runtime performance since only a fraction of the search space
investigated by the recognizer needs to be checked by the parser.
A potential disadvantage of the sequential coupling lies in prema-
ture decisions made by the handwritten sentence recognizer. If the
correct solution is not contained in the n-best list provided by the
recognizer, the syntax analysis module has no possibility to recover.

Since the handwriting recognition module has been described in
detail in Part II only the syntax analysis module is presented in
the next subsection.

8.4.1 Syntax Analysis

The syntax analysis module consists of two steps. First, the n-
best list is parsed using the probabilistic parser. Then the n-best
list is reordered in the combiner according to the calculated parse
probabilities and the sentences scores provided in the n-best list.

syntax analysis

n—lki):lst > parser

parse tree ; o reordered
@ probabilities combiner @
2 d

105
Figure 8.3
The coupling of
handwriting

recognition and
syntax analysis.

Figure 8.4
The two step
syntax analysis
module.
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Figure 8.5

The extraction of
the stochastic
context-free
grammar.

Chapter 8 Introduction

Fig. 8.4 provides a graphical representation of the syntax analy-
sis module. Since the goal of the syntax analysis is to provide an
improved n-best list only, the parse trees generated by the proba-
bilistic parser are kept as an internal result. The extraction of the
SCFG used by the parser is explained in the next subsection.

8.4.2 Grammar Construction

For the construction of the SCFG a number of resources are involved
as shown in Fig. 8.5.

transcriptions
of images
N
tagged
LOB corpus

stochastic grammar
extraction

Using the transcriptions of all (test) sentence images the corre-
sponding sentences from the tagged LOB corpus and the LPC are
removed. Based on the reduced versions of the tagged LOB cor-
pus and the LPC a SCFG is constructed which does not include
any sentences from the test set. The set of terminal symbols
(words) is defined by the dictionary. The set of preterminal sym-
bols (word tags) and nonterminal symbols (constituent tags) are
extracted from the reduced tagged LOB corpus and the reduced
LPC. Productions are extracted from the reduced LPC. Finally,
the production probabilities are estimated using the reduced ver-
sions of both the tagged LLOB corpus and the LPC.
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This chapter covers the techniques used for the syntax analysis
module as well as the combination scheme for the handwritten sen-
tence recognizer and the syntax analysis module.

First, context-free grammars and stochastic context-free grammars
are formally defined in the next section. Then the extraction of
the SCFG used for the experiments is explained in Sec. 9.2. The
bottom-up chart parser used for the parsing of candidate sentences
is introduced in Sec. 9.3. The proposed combination scheme used to
merge the parse probabilities with the recognition scores provided
by the baseline recognizer is presented in Sec. 9.4.

9.1 Notations and Definitions

9.1.1 Context-Free Grammars

A Context-Free Grammar (CFG) G is a four-tuple (N, T, P,S)
where N represent the set of nonterminal symbols and 7" the set of
terminal symbols where N N'T = (). The set of productions is de-
noted by P and S € N is used as the start symbol. All productions
in P can be written as A — « where A € N and o € (NUT)™.
Productions of the form A — a with a € T will be called lexicalized
productions. Non-lexicalized productions must not have terminal
symbols on their right hand side and can be formalized with A — «
where a € N™.
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9.1.2 Parse Trees and Left-Derivations

Parse trees are a graphical representation of the derivation of the
start symbol S into the sentence s = (wy, ws, ... w,) which can be
written as S = s. A derivation d(s) = (P, Py,...P,,) of a string
s is specified by the sequence of productions P, P, ... P, applied

suchthathalgaQ...gﬂs.

The left-derivation d;(s) = (P, Ps,...P,,) is then defined as a
derivation where P; is always rewriting the left-most nonterminal
symbol of «;. Please note that exactly one left-derivation exists for
every parse tree.

In the bracketed notation a parse tree will look like [¢ ... Jand
the application of a production A — BB, ... B, will produce the
following bracketed structure

Al - )l oo )i By o ]

The one to one correspondence of parse trees and bracketed sen-
tences facilitates the production of left-derivations out of bracketed
sentences.

9.1.3 Stochastic Context-Free
Grammars

Stochastic Context-Free Grammars (SCFG) can be defined as the
pair (G, p) where G is a CFG and p a probability function over the
productions A — « where p(4 — «) — (0, 1].

The probabilities of all productions A — «; € P have to be nor-
malized in the following way

Y pA—a)=1 (9.1)

A—aq;

A further requirement for the production probabilities has to be
satisfied if the SCFG would be used as a language model. In that
case it is required that the probabilities of all possible sentences
which can be derived from the start symbol S sum up to one, i.e.
that the SCFG is consistent. Please note that in the context of
this thesis, the production probabilities of the SCFG are computed
using a relative frequency estimation which has been shown to pro-
duce consistent SCFG automatically [21].
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9.1.4 Probabilities of Parse Trees and
Sentences

The probability of a parse tree p(d;(s)) for input sentence s is based
on the corresponding left-derivation d;(s) = (P, Ps, ... P,,) as fol-
lows

m

pldi(s)) = [[ p(P) (9-2)

i=1

This probability corresponds also to the sentence probability p(s) if
only a single parse tree can be found for sentence s. If the sentence
s is structurally ambiguous several parse trees exist which can be
represented by the set of k left-derivations d;,,d;, ...d;,. In this
case the sentences probability is defined as the sum of the different
parse tree probabilities.

k

ps) = >_pldi,(s)) (9-3)

i=1

The probability of the most probable parse p(s) is then given by
p(s) = maz;p(d;,(s)) and the most probable parse can be repre-
sented by d;(s) = argmazsp(dy,(s)).

9.2 Construction of the SCFG

The availability of the LPC treebank allowed a straightforward ex-
traction of the productions and production probabilities using the
provided bracketed sentences. The construction of a SCFG has
been achieved through the following steps.

First, the set of tagged words is defined using the same method
as for the extraction of the bigram language model as described in
Sec. 4.3.4. From the tagged words (A, «) the lexicalized productions
of the from A — « can directly be derived where A represents the
word tag and « the word itself. The probabilities p(A — «) of the
lexicalized productions are estimated using a reduced version of the
tagged LOB corpus! in the following way.

! As in the case of the extraction of the bigram language model the resources
linked with the test set must be excluded to estimate the model parameters
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N(A, «)

(A=) = =35

(9.4)

where the number of occurrences of the tagged word (A, «v) is mea-
sured by N(A,«) and N(A) represents the number of times the
word tag A has been observed in the reduced version of the tagged
LOB corpus.

For the extraction of the non-lexicalized productions the brack-
eted sentences of the reduced LPC corpus are transformed into
left-derivations and finally into the corresponding sequence of non-
lexicalized productions by skipping the transformation of word tags
into the words. The production probabilities can then be estimated
using the following equation

N(A — «)
Y N(A = pB)

p(A—a) = (9.5)

where N(A — «) represents the number of times production A — «
has been observed in the sequence of non-lexicalized productions
mentioned above.

Please note that no further attempts as proposed in [17, 85] were
made to modify this treebank grammar.

9.3 Bottom-up Chart Parsing

For the parsing of the sentence candidates provided by the hand-
written sentence recognition system a bottom up chart parser for
SCFG as described in [15] has been used. The parser can be seen
as a generalized version of the CYK parser [152] and will be called
CYK+ in this text. Principally, any probabilistic parsing algorithm
could be used to calculate the probability of a sentence or the most
probable parse?.

The following subsection defines the class of accepted grammars.
Then, an overview for the CYK+ algorithm is given, followed by a
more detailed explanation in the remaining subsections.

2E.g. a probabilistic version of the top-down Early parser proposed in [128]
could also be used.
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9.3.1 Accepted Grammars

The grammar class accepted by CYK+ is the subset of the non-
partially lexicalized productions. This signifies that no production
must mix terminal and nonterminal symbols on its right hand side.
In contrast to the standard CYK algorithm the productions need
not to be in the Chomsky Normal Form?® since the algorithm is
performing binarization of the rules dynamically.

For the purpose of natural language parsing the above requirements
are directly met by the fact that word tags and constituent tags are
kept separate in most treebanks. Therefore, productions extracted
from a treebank will already have the required format.

For the description of the algorithm below it is assumed that the
grammar does not contain epsilon productions or cycles*. While
cycles will not prevent the algorithm to find the most probable
parse, they have to be taken into account when the n most probable
parses have to be determined.

9.3.2 Algorithm Overview

The basic structure used by the CYK+ parsing algorithm is a tri-
angular chart which consists of n(n + 1)/2 cells for an input sen-
tence s = (wy,ws,...w,) of length n. Each cell consists of two
lists, the open list and the closed list which maintain sets of par-
tial parses. In the open list elements representing partially parsed
right hand sides of productions are stored. A closed list contains
completely parsed sub-strings represented by a corresponding non-
terminal symbol. In a first step, called initialization step, the first
row of the chart is filled as described in the following subsection.
When the initialization step has been completed, the parsing step
is filling the remaining cells of the chart. During the parsing step
the most probable parse can be computed as described in the last
subsection®.

3A CFG in Chomsky Normal Form only contains productions of the form
A — B C(CorA— a,where A, B, C represent nonterminal symbols and a stands
for a terminal symbol.

4As an example consider a CFG containing productions A — B and B — A.
Epsilon productions rewrite a nonterminal as the empty word.

5The CYK+ algorithm is capable to efficiently compute the n most probable
parses. See [15] for the detailed description.
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Figure 9.1

The initialization
step of the CYK+
algorithm.
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9.3.3 Initialization Step and Self-filling

In the initialization step the cells T} ; in the first row of the chart
are filled. For each word w; of the sentence to parse all lexicalized
productions of the form X — w; are searched in the grammar. For
each such production the nonterminal symbol X is then added to
the closed list of the corresponding cell.

After the filling of the closed lists the self-filling procedure is applied
to each cell T} ;. This procedure updates the open list and takes
care of productions of the form A — B where A and B represent
nonterminal symbols. For each element B in the closed list the
self-filling step is searching all productions of the form A — B ~.
When 7 is the empty string, A is added to the closed list otherwise
the element Be is added to the open list of cell T1,i. Every time
an element is added to the closed list, the self-filling procedure has
to be applied recursively on the newly added element.

the cat ate the mouse

i } = f |
:I!Det N WV VP :IrDet :N
:Det* A% :Det*

Fig. 9.1 provides an example of the result of the initialization step
for the sentence the cat ate the mouse . where the available pro-
ductions have been taken from Fig. 8.2. For each cell of the parse
chart the closed list has a gray background and the elements of the
open list are written on white background.

9.3.4 Parsing Step

After the completed initialization of the chart the parse step is
filling the remaining cells word by word from the left to the right.
The parsing step for word wj; is filling the cells 15 ;, T5 ;1 ...Tj1
along the diagonal. For the cell T} ; and all k € (1,...7—1) possible
combinations of elements ae of the open list of cell T}, ; and elements
B of the closed list of cell T;_y, ;1 are explored. For each production
A — aB~ found in the grammar, the open or the closed list of cell
T;; is updated. If v is the empty string, the symbol A is added
to the cell’s closed list and the self-filling step described above is
applied. In the case where v is not empty, the element aBe can be
added to the open list of cell T} ;.
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trle cat

:IlDet /N
:Dlet*/
| =
NP
|

NP

Fig. 9.2 provides the resulting chart after parsing cell 75 ; where the
element : Dete of the open list of cell T} ; could be combined with
the word tag : N from the closed list of cell T} 5 using production
NP — : Det: N.

The parsing step for the sentence s = (wq, wo, . .. w,) is completed
when cell T}, ; has been filled. If and only if the start symbol S
can be found in the closed list of cell 7}, the sentence s has been
successfully parsed.

the cat ate the mouse

| | 7~ | |
:|:|)et N 'V VP :IIDet /V
:Det* / /‘;* :Det*

& |-

NP P

| |
NP* NP*

-

\S /VP

\V

5

Fig. 9.3 shows the result after the successful completion of the pars-
ing step.

9.3.5 The Most Probable Parse

The computation of the most probable parse is straightforward
since the probability of a parse tree has been defined as the prod-
uct of the probabilities of all involved productions. Every time
an element aBe is added to the open list of chart cell T;; the
corresponding probability can be computed as the product of the
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Figure 9.2

The CYK+ chart
after parsing the
first two words.

Figure 9.3

The CYK+ chart
after completion of
the parsing step.
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probability assigned to the element ce of the open list of chart cell
T}, ; and the probability of the symbol B found in the closed list of
cell T;_ jyx. If element aBe already exists in the open list of cell
T; ; the maximum of the existing probability and the newly calcu-
lated probability is assigned to the element. When the symbol A is
added to the closed list of cell T} ; the product of the probability of
production A — aB, the probabilities of the open list element e
as well as the closed list symbol B are assigned to the symbol A.
As in the case of the open list, it has to be checked if the symbol
A already exists in the closed list of cell T; ;. If A has already been
added to the closed list the maximum of the two probabilities is
assigned to the symbol.

9.4 Combination Scheme

The proposed combination of the recognition score with the parse
probability into a sentence score is handled analogously to the in-
corporation of the transition probabilities from the bigram language
model during Viterbi decoding. In contrast to the transition prob-
abilities (which are merged with the recognition scores on the word
level) the parse probabilities are merged on the sentence level.

9.4.1 Recognition Scores and Parse
Probabilities

The recognition score ¢(s) is calculated by the Viterbi decoding
step including the bigram probabilities as described in Sec. 5.6.

The grammatical quality of a sentence candidate s is ideally rep-
resented by the sentence probability pg(s) calculated by a proba-
bilistic parser using a given SCFG G. Since the calculation of all
possible parse trees for natural language sentences can become pro-
hibitive the probability of the most probable parse pg(s) as defined
in Sec. 9.1.4 has been used to approximate the sentence probability.

Tab. 9.1 provides examples for parse probabilities calculated by the
CYK+ parser. The list of sentences candidates has been computed
by the recognizer as shown in the previous part of the thesis.
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Rank Parse Prob. Candidate sentence
1 7.69052e-23  She has put up the value other money .

2 4.62861e-20 She has put up the value of her money .
3 2.63105e-22  She had put up the value other money .
4 1.58352e-19  She had put up the value of her money .
5 1.12458e-21 She has put up the value at her money .

9.4.2 Combining the Two

The sentence score 1(s) for a sentence s = (wq, we, ...w,) is defined
in the following way

Y(s) = ¢(s) + logpa(s) (9.6)

where ¢(s) represents the recognition score from the handwriting
recognition module and pg(s) the probability of the sentence using
the SCFG G produced by the probabilistic parser. Parameter ~y
will be called the Parse Scale Factor. It weights the influence of the
parse probability on the final sentence score. In the case where no
parse could be found a fixed minimum parse probability is used to
penalize grammatically incorrect sentence candidates. For v = 0,
the sentence probability provided by the parser will not affect the
sentence score at all. If v > 0, the sentence scores are influenced
by the parse probabilities and a reordering of the n-best sentences
may take place.

Rank Sent. Score Candidate sentence

1 23,703 She has put up the value other money .
23,729 She has put up the value of her money .
23,671 She had put up the value other money .
23,700 She had put up the value of her money .
23,650 She has put up the value at her money .

Ot = W N

Tab. 9.1 provides the result of the combination of the recognition
scores and the parse probabilities. A parse scale factor v = 10
was used. This value has been optimized on the validation set as
described in the next chapter. After the reordering of the n-best
list, candidate sentence number two will be the new top candidate.
This choice matches the transcription of the handwritten image
exactly.

115

Table 9.1

Parse probabilities
for a n-best list
showing the top
five candidate
sentences.

Table 9.2
Sentence scores for
a n-best list
showing the top
five candidate
sentences.
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Experiments and
Results

The experiments to optimize the combination scheme and the ob-
tained results for both the validation and the test sets are docu-
mented in this chapter.

The first section of this chapter explains the experimental setup.
In Sec. 10.2 the ability of the SCFG to cope with new sentences
and to detect grammatically incorrect sentences is briefly investi-
gated then the optimization of the parse scale factor is covered in
Sec. 10.3. The results for the validation sets and the test sets are
provided in the Sec. 10.4 and Sec. 10.5, respectively.

10.1 Experimental Setup

All experiments have been carried out using the multi-writer and
writer independent tasks introduced in Sec. 6.1.3. The n-best lists
have been obtained using the baseline recognizer described in Part II
of this thesis. The SCFG has been extracted from the Lancaster
Parsed Corpus as specified in Sec. 9.2.

Tab. 10.1 summarizes the configuration of the SCFG produced for
the multi-writer (MW) and the writer independent (WI) recogni-
tion tasks.
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Table 10.1
Configuration of
the SCFG used for
the multi-writer
and the writer
independent
experiments.
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Measure MW WI
Non-lexical Productions 11,716 11,694
Lexical Productions 10,000 10,000
Constituent Tags 249 248
Word Tags 163 161
Words 8,820 8,819

10.2 The Quality of the SCFG

The main goal of the syntax analysis module was to penalize gram-
matically incorrect solutions proposed by the sentence recognition
system based on a stochastic context-free grammar. In order to
estimate the quality of the SCFG extracted from the LPC two sets
of experiments have been carried out!.

10.2.1 Generalization Rate

In the first set of experiments the generalization capabilities of
SCFGs extracted from the LPC were investigated. First, a SCFG
was extracted from 90% of the available bracketed sentences. Using
the remaining 10% of the sentences the coverage rate? was mea-
sured.

Applying ten-fold cross-validation an average coverage rate of 98.1%
was observed for the test sets. Based on this result, a high enough
generalization rate for the use of the SCFG in the context of the
handwriting recognition experiments could be expected.

10.2.2 Detection of Incorrect Sentences

To measure the capability of the SCFG to recognize ungrammati-
cal input the words in the test sentences were put into a random
order to simulate grammatically incorrect sentences in a second set

!To approximate the experimental conditions of the handwriting recognition
experiments a closed vocabulary was assumed by including all words found in
the test set.

2The coverage rate measures the fraction of sentences for which at least one
parse can be found using the specified grammar.
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of experiments. Using the same cross-validation scheme as men-
tioned above a coverage rate of 74% has been measured for the
‘erammatically incorrect’ sentences.

Assuming that a sentence consisting of words put in random or-
der should be considered to be grammatically incorrect in most
cases, it must be concluded that the SCFG has also a high over-
generalization rate which will result in a limited capability to filter
out ungrammatical sentence candidates.

A further disadvantage of the SCFG lies in the nature of its context-
free productions which do not enforce linguistic agreements across
constituent boundaries.

ls [na [PPsa She |][v [mvz has |[ven put |][g [rp up ]]...]
[s [va [Pp3a She ]][v [uv have |[vpx put ||[r [rp up ]]... ]

As an example Fig. 10.1 provides parse trees in the form of brack-
eted sentences for grammatically correct and a grammatically in-
correct sentences. Although the number of the subject is encoded in
the word tag PP3A the information is not passed to the governing
constituent tag Na. The same principle applies for the verbs ’has’
and "have’ where the number is not passed to the V constituent.
Therefore, the linguistically required agreement for the number of
the subject and the predicate cannot be enforced by the SCFG ex-
tracted from the LPC. Even worse, the parse tree probability for
the grammatically incorrect sentence ’She have put up ... " will be
higher since production V' — HV VBN has been observed more
frequently than V' — HV Z VBN in the LPC.

10.3 Optimizing the Parse Scale
Factor

The proposed combination scheme of recognition scores provided by
the n-best lists and the parse probabilities requires the optimization
of the parse scale factor v introduced in Sec. 9.4. The goal of the
optimization was to achieve a maximum sentence recognition rate.

Figure 10.1
Grammatically
correct and
mcorrect
sentences.
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Figure 10.2
Performance
evaluation for
different parse
scale values. The
system was first
optimized for
optimal sentence
recognition rates.
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10.3.1 Tuning the Sentence Recognizer

As can be seen from the optimization experiments for the grammar
scale factor and the word insertion penalty provided by Fig. 6.5
and 6.6 two different sets of parameter values are required to either
optimize the sentence recognition rate, or the word level accuracy.
Since it was a priori unclear if the handwriting recognition system
should be first tuned to optimize the sentence recognition rate or to
maximize the word level accuracy, two experiments were carried out
to compare the results obtained with the two differently optimized
recognition systems.

30
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e Parsing (Top 5)
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T 22 Baseline (Top 5)
o
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i
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n
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4

0 2 4 6 8 10 12 14 16 18 20
Parse Scale Factor

Fig. 10.2 provides the result for the recognizer for the writer inde-
pendent environment which has been optimized for a high sentence
recognition rate. The corresponding optimization for the parse scale
factor for the recognizer tuned for a high word level accuracy is
given in Fig. 10.33.

Based on these results it was decided to first optimize the hand-
written sentence recognition system for a maximum word level ac-
curacy. Then, the parse scale factor is optimized for a maximum
sentence recognition rate. The optimization of the parse scale fac-
tor resulted in v = 13 for the multi-writer system and v = 10 for
the writer independent system.

3Similar results were obtained for the multi-writer environment.
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10.3.2 The Minimum Parse Probability

Both a global minimum parse probability? independent of the parse
probabilities of any n-best list and a local minimum parse proba-
bility for each n-best list were investigated.

The results proved not to be very sensitive to the minimum parse
probability. For a global minimum parse probability less than any
observed parse probabilities the best results were obtained. As a re-
sult, the minimum parse probability was therefore fixed at 1e —300.
A closer examination of the resulting reordered n-best lists showed
that this minimum parse probability is effectively working as a filter
where grammatically correct solutions will always be favored over
grammatically incorrect solutions.

10.4 Validation Set Results

Using the optimized values for the parse scale factor an n-best anal-
ysis was performed on the validation set to analyze the achieved
performance improvement.

Fig. 10.4 provides the results for the multi-writer system and Fig. 10.5

the results for the writer independent system. It can be seen that

4The minimum parse probability is used for grammatically incorrect sen-
tence candidates as introduced in Sec. 9.4.2
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Figure 10.3
Performance
evaluation for
different parse
scale values. The
system was first
optimized to
mazximize the word
level accuracy.
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Figure 10.4
Sentence
recognition rate on
validation set,
multi-writer
system.

Figure 10.5
Sentence
recognition rate on
validation set,
writer independent
system.
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the improvement of the combined system over the handwritten sen-
tence recognizer is consistent for all ranks included in the n-best
analysis. Since n = 50 has been chosen to validate the combined
system, the handwritten sentence recognizer and the combined sys-
tem will have the same performance when the first 50 ranks are
included in the n-best analysis®.

A reordering of the n-best list does not have an effect on the performance



Section 10.5 Test Set Results

10.5 Test Set Results

The combination scheme has been applied in two sets of experi-
ments. For the first experiments the 50-best sentence candidates
have been involved. Further experiments include the 100-best sen-
tence candidates provided by the handwritten sentence recognizer.

In the following two subsections the test set performances using the
multi-writer task and the writer independent task are provided and
compared with the performance of the baseline recognizer at the
level of the best sentence candidate. Results for the 50-best and
the 100-best analysis and provided in the last two subsections.

10.5.1 Results for the Multi-Writer Task

Table 10.2 summarizes the test set results of both the combined sys-
tem including syntax analysis module and the baseline recognizer
for the multi-writer task at the level of the best hypothesis.

Performance Measure Baseline Parsing Significance
Sentence Recognition Rate  7.5% 8.0% 60%
Word Recognition Rate 76.7% 77.2% 75%
Word Level Accuracy 74.7% 75.6% > 99%

The highest level of significance is reached for the word level ac-
curacy where it has been found that the absolute improvement of
0.9% is sigificant at the 99% level.

Using the word tags provided by the LPC corpus the quality of the
word tags assigned by the syntax analysis module has been eval-
uated. For the 16 correctly recognized sentences produced by the
combined system a tagging accuracy of 99.5% has been measured.

10.5.2 Results for the Writer Indepen-
dent Task

Table 10.3 summarizes the test set results of both the combined
system including syntax analysis and the baseline recognizer for
the writer independent task at the level of the best hypothesis.

if the best result out of the first n ranks is considered.
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Table 10.2
Test set results for
multi-writer task.
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Table 10.3 Performance Measure Baseline Parsing Significance
Test set results for Sentence Recognition Rate 11.0% 12.0%  70%
writer independent Word Recognition Rate 79.3%  794%  50%
system. Word Level Accuracy 76.8% 77.6%  91%

As for the multi-writer task, the most significant result is achieved
for the word-level accuracy. A tagging accuracy of 99.0% has been
measured for the 22 correctly recognized sentences for which a ref-
erence parse could be found in the LPC.

10.5.3 50-Best Analysis

Test set performance for the multi-writer tasks using the 50 best
sentence candidates is reported in Figures 10.6 and 10.7. Fig. 10.8
and 10.9 show the n-best analysis for the writer independent ex-

periments.
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10.5.4 100-Best Analysis

In order to study the effect of the number of candidate sentences
considered by the combination scheme additional experiments have
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been carried out which include the 100 best sentence candidates
provided by the baseline recognizer.

Test set performance for the multi-writer tasks using the 100 best
sentence candidates is reported in Fig. 10.10 and 10.11.

Although no further performance increase can be observed for the
best sentence candidate the positive impact of the additional sen-
tence candidates becomes obvious if more than the top 10 can-
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Figure 10.7

Test set word level
accuracy,
multi-writer
system.

Figure 10.8

Test set sentence
recognition rate,
writer independent
system.
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didates are considered. The performance improvement over the
50-best analysis is especially significant if the ranks 10 to 50 are
considered (compare with Fig. 10.6 and 10.8).
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Conclusions

A sequential coupling of a handwritten sentence recognition system
and a syntax analysis module has been implemented and tested.
The n-best sentence candidates provided by the recognizer are re-
ordered in the syntax analysis module according to a sentence score
determined for each sentence candidate. Using the proposed com-
bination scheme, the sentence score is computed as the sum of the
score provided by the recognizer and the weighted logarithm of the
probability of the most probable parse.

A large scale stochastic context-free grammar (SCFG) for general
text has been used to improve the performance of a recognition
system for the first time in the domain of handwriting recognition.
So far, SCFG were mostly used in the domain of speech recognition
to reduce the word error rates of recognition systems designed for
limited domains.

Based on the results of extensive experiments using the previously
developed handwriting recognition system for general English sen-
tences, it can be concluded that the sequential coupling of the rec-
ognizer and a syntax analysis module can improve the performance
of the recognition system. Although the performance improvement
for the top choice of the combined system was considerably lower
on the test sets than for the validation sets, a significantly better
n-best performance could be achieved for both the multi-writer and
writer independent tasks. Finally, a very high tagging rate could
be measured for the word tags assigned by the parsing step in the
case of the correctly recognized sentences.
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11.1 State of the Art

Based on the available literature about the use of syntax analy-
sis, some general observations were made. For offline handwritten
text recognition systems no integration of syntax analysis has been
mentioned in literature to the knowledge of the author. Published
works in the domain of OCR were restricted to artificially created
OCR output and has not been tested using real machine print data
as mentioned in [47]!.

The high performance improvements obtained by integration of syn-
tactical knowledge published in the domain of speech recognition
can be explained by the fact that relatively small grammars ex-
plicitly written for a specific task do not have to deal with the
full amount of ambiguity present in natural language. Therefore,
task-specific grammars allow for a much clearer distinction between
grammatical and non-grammatical sentence candidates. This ex-
planation is supported by the findings of other eperiments in the
domain of speech recognition which involve broad coverage gram-
mars. Such experiments are often based on the DARPA 93 HUB1
test setup and (absolute) word error reductions around 1% are typ-
ically reported.

11.2 The Stochastic Context-
Free Grammar

The availability of the LPC provided the means to automatically
extract SCFGs which were optimally aligned for the specified recog-
nition tasks. Since the handwritten sentences in the IAM database
are based on texts from the LOB corpus corresponding parse trees
could be found in the LPC in many cases. Furthermore the pro-
duction probabilities could be directly estimated from the bracketed
sentences provided by the LPC.

Problems with the SCFG have been identified in experiments mea-
suring the capability of the grammar to identify grammatically in-
correct sentences. Due to the large number of productions, ex-

!The experiments mentioned in [73] are also based on artificially created
word lattices. Therefore, the findings cannot be considered to be specifically
related to handwriting recognition.
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cessive over-generation has been observed for the SCFG extracted
from the LPC. Furthermore the grammar does not enforce linguistic
agreements between different constituents.

11.3 The Combination Scheme

The investigation of the minimum parse probability assigned to
sentence candidates for which no parse could be found by the parser
resulted in an interesting observation. For the optimal value of the
parse scale factor it has been found that a grammatically correct
sentence (according to the SCFGs used) should always be preferred
over a grammatically incorrect sentence candidate.

Based on the comparison of preliminarily results [155] and the n-
best results for N = 50 and N = 100 presented in Sec. 10.5 it can be
concluded that performance improvements become more significant
if a better baseline recognition system is used in the combination
scheme and if a higher number of sentence candidates are available
to the syntax analysis module.
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Introduction

This part of the thesis investigates possible improvements of the
baseline recognizer by the use of better n-gram language models.
Specifically the effect of additional training texts using both natural
and synthetic data is studied. Furthermore the impact of the order
of the n-gram model is measured by comparing the performance of
bigram and trigram language models trained under identical exper-
imental conditions. The performance of the model is first evaluated
using the perplexity measure on test sentences. In a second set of
experiments the best performing models are then used in the con-
text of the baseline recognizer introduced in Part II of the thesis.

In the following section a brief state of the art is presented. The
methodology including statistical language modeling and the ran-
dom sentence generation is covered in the next chapter. Chapter 14
describes the experiments and results and conclusions are drawn in
chapter 15.

12.1 State of the Art

The successful use of synthetic data for the training of a bigram
language model has been published in the context of the Berkeley
Restaurant Project in the domain of speech recognition [64]. First,
a pseudo-corpus has been compiled by using a stochastic context-
free grammar in generation mode to produce 200,000 random sen-
tences. This pseudo-corpus was then added to the regular corpus
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containing 4,786 sentences to train a new bigram language model
on the combined corpora. In an experiment using 364 test sentences
randomly selected from the regular corpus! the performance of the
two recognition systems was compared. As a result, the system
using the new bigram language model was able to reduce the word
error rate from 34.6% to 29.6%.

For the case of online handwriting recognition the effect of different
statistical language models on the perplexity and the recognition
rate of an online text recognition system has been described in [106].
A word bigram language model is compared to different word class
bigram models. The word classes have been defined using both
the available grammatical tags and a statistical clustering of the
words. Finally, a combined language model using two different
class bigram models has been used for comparison. It has been
found that the combined word class model outperformed all other
statistical language models in terms of both perplexity and the word
recognition rate.

In offline handwriting recognition the use of statistical language
models to improve the recognition performance of text line recog-
nition systems has been reported in [95, 143]. In [95] the effect of
unigram and bigram language models for medium sized lexicons is
investigated. Using the closed vocabulary assumption, recognition
rates of both unigram and bigram based recognizers are compared.
For different sizes of the lexicon (2700-7700 words) the bigram based
recognizer produced word recognition rates which were between 9%
and 18% higher than the rates of the corresponding unigram based
recognizers.

Trigram and bigram language models for medium to large lexicons
(5-50,000 words) have been used in [143] to study the recognition
performance of an offline handwritten text line recognition system?.
In correspondence to the results published in [95] the system using
the bigram language model clearly outperformed the system using
a unigram model by 10% in average for large lexicons. However, no
further improvement was achieved using trigram language models.
In order to explain this counter intuitive findings the author sug-
gests the following two reasons. First, the individual recognition
of handwritten lines of text restricts the possible benefit of higher

INo information about the lexicon size is provided. It is also unclear, if the
test sentences have been included in the training set.
2In contrast to [95], the closed vocabulary assumption has not been made.
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order n-gram models (e.g. the full power of trigram model will only
be available after the second word of each line). Second, the TDT-2
newswire corpus [23] which was used to train the bigram and the
trigram language models is not aligned with the actual handwritten
texts based on material from the LOB corpus [60].
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Methodology

In the following sections different aspects of statistical language
modeling and the generation of synthetic sentences for the training
of statistical language models are covered.

The next section introduces the general concept of statistical lan-
guage modeling. Sec. 13.2 defines the perplexity, a frequently used
measure to assess the quality of a statistical language model. The
most popular class of statistical language models, n-gram language
models, is addressed in Sec. 13.3. Finally, the generation of syn-
thetic texts based on random sentences produced by a stochastic
context-free grammar is discussed in Sec. 13.4.

13.1 Statistical Language Mod-
eling

Statistical language models try to capture the behavior of natural
languages. It is not the goal of statistical language modeling to
understand natural language or to find hidden structures behind the
analyzed word sequences but to provide a probability distribution
p(s) over all possible sentences s = (wy, wa, . . . w, )"

!The techniques of statistical language modeling are not limited to sen-
tences. Arbitrary units of word sequences may be defined (e.g. documents,
texts or lines of written text).
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Typical applications of statistical language modeling can be found
in many natural language applications like speech recognition, in-
formation retrieval, handwriting recognition, etc. As will be ex-
plained below, statistical language models are mostly used to im-
prove the performance of the above mentioned applications. An
introduction to statistical language modeling can be found in [115]
which also presents the established techniques in the field.

13.2 Perplexity of Statistical
Language Models

The perplexity can be used to evaluate the quality of a statisti-
cal language model. The quality may be defined as the ability of
the model to predict the next word in a sentence given the previ-
ous words in the same sentence. Because of this property, statisti-
cal language models can significantly improve the performance of
recognition systems.

The perplexity PPr(M) of a language model M for a test text
T = (s1, 82, ... 8y,) is defined using the following equation.

PPp(M) = 2Hr(D (13.1)

where Hp(M) represents the (cross)entropy of the language model
M for text T'. The entropy Hr(M) can be estimated on a test text
T using the sentence probabilities provided by the language model
M as shown below.

Hr(M) = == 3 log p(s1) (13.2)

In order to use perplexity values to measure the quality of language
models the test texts should be as large as possible and no knowl-
edge of the test text must be used for the construction of a language
model. However, if different models are built using the same con-
ditions for training and testing and the perplexities are only used
to compare the performance of such models the closed vocabulary
assumption may be safely made.
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13.3 N-Gram Language Models

N-gram language models represent a simple approach to estimate
sentence probabilities based on the observed frequencies of word
sequences of length n found in a set of training texts. In the case
of n-gram models the sentence probability p(s) is decomposed into
a product of conditional probabilities p(w;|wiZ} ;) as follows

n

p(s) = [T p(wilwi=y ;1) (13.3)
i=1
where w/_, .| represents the word sequence (w;_ny1,...W;_1).

Most commonly bigram (n = 2) and trigram (n = 3) language
models have been used in the domain of speech recognition. More
recently, bigram language models have also been applied success-
fully in the domain of handwriting recognition [95, 143].

13.3.1 Relative N-Gram Frequencies

The conditional probabilities p(w;|w!=} ;) - sometimes called n-
gram probabilities - are normally estimated using the relative fre-
quencies f(w;|w!=} ;) of the corresponding n-grams extracted from
large training corpora. For the computation of the relative frequen-
cies the count N(w?_, ;) is divided by N(w!_} ;) where N(.) rep-
resents the number of times the corresponding word sequence has
been observed in the training corpus?.

N-gram language models are particularly easy to build when the
relative frequencies are directly used as estimates for the conditional
probabilities.

(wig, wiy,wi) N(wiy) N(wiy) flwilwis)
up the value 1 287 0.0035
the value of 39 48 0.8125
value of her 0 92 0.0000

2A language model using relative frequencies implements a Maximum Like-
lihood estimation, since the resulting model maximizes the probability of the
training corpus.
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Table 13.1
Calculation of
relative frequencies
for a trigram
language model.



142

Chapter 13 Methodology

To illustrate this concept a part of a trigram language model using
relative frequencies is provided in Tab. 13.13. The first extreme
case is represented by p(of|the value) which means that the model
is predicting the word ’of” with a 81% given the last two words
‘the value’. On the other extreme p(her|value of) = 0 signifies
that the model assigns a zero probability to word sequence ’value
of her’. The sentence probability p(s) for the sentence ’She put
up the value of her money .” will therefore also be zero using this
simple trigram language model. This would prevent a recognition
system from finding the correct solution simply because a particular
trigram did not occur in the training texts.

This zero frequency problem is the main reason why relative fre-
quencies are not directly used as estimates of the N-gram proba-
bilities in practice.

13.3.2 Language Model Smoothing

Model smoothing for n-gram language models is used to assign pos-
itive values to conditional probabilities of n-grams which have not
been observed in the training text. To solve the zero frequency
problem? a large number of smoothing techniques have been pro-
posed in the literature which include discounting, backing off to
lower order n-grams, linear interpolation of models of different or-
der etc. As described in [20, 19] none of the different smoothing
techniques seems to systematically outperform the others.

In this subsection only the Good-Turing smoothing technique [39]
together with a backoff to lower order models [65] is described since
it will be used for all the experiments reported in the next chapter®.

The principle of the Good-Turing smoothing method lies in the
reduction of a part of the probability mass of frequently observed
n-grams which can then be assigned to n-grams which have not
(or less frequently) been observed in a training corpus. This re-
distribution of probability mass is achieved through the manipula-
tion of the observation counts of the n-grams as shown below.

3The counts are based on the reduced tagged LOB corpus used to train the
language models for the writer independent test set.

4More generally, the problem of better estimating probabilities when there
is not enough data.

5Descriptions of other smoothing techniques may be found in the litera-
ture [20, 63].
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Nc+1
N

" =(c+1) (13.4)
where N, represents then number of n-grams which have been ob-
served c times in the training text. In the Good-Turing smoothing
the conditional probabilities are then estimated from the relative
frequencies obtained using the modified counts. This solves the zero
frequency problem as follows. The modified count ¢* for n-grams
with a zero frequency in the training text will now be Ny /Ny where
Ny represents the number of n-grams not observed in the training
text® and N; the number of n-grams observed exactly once in the
training.

As can be seen in Eq. 13.4 the Good-Turing smoothing will assign
equal smoothed counts to all zero frequency n-grams. This is clearly
not adequate since the same probability would be assigned to n-
grams which are very unlikely from a linguistic point of view and
to n-grams which would have been observed in other corpora.

Backoff n-gram modeling [65] is commonly used to assign specific
probabilities for n-gram which have not been observed in the train-
ing text. The backoff probabilities for not observed n-grams are
computed using the probabilities from the corresponding n — 1-
gram models. For the example N(value of her) = 0 provided in
Tab. 13.1 the new model drops the first word and backs off to the
count N(of her) to estimate p(her|value of).

The backoff probability p(w;|w:_,. ;) for an n-gram with a positive
count can be computed by the following equation

- i—1 (Wi _ni1)
w;|w;— = ———"= 13.5

p( | % n+1) C(wzl‘:ylH_l) ( )
where ¢*(w!_,, ) represents the modified count of the Good-Turing
smoothing as defined in Eq. 13.4. Since ¢*(.) is generally lower
than ¢(.) the sum of all n-gram probabilities Yot plwi|wi=) )
will be less than 1. The remaining probability mass can then be
redistributed using the n — 1-gram backoff model for the n — grams
which have not been observed in the training text as follows.

6Ny can be computed as the number of all possible n-grams V" for a vocab-
ulary of a fixed size V' minus the number of n-grams which have been observed
at least once in the training text.
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ﬁ(wi‘w§:}b+1) = ﬁ(wﬂwf:,lﬁg) (13.6)
where « is a normalization factor depending on the word sequence
w!”} ., which ensures that the the backed off probabilities sum up
to the probability mass which can be redistributed”.

13.4 Generating Random Sen-
tences from a SCFG

When a stochastic context-free grammar is used in generation mode,
arbitrary amounts of (grammatically correct) random sentences can
be produced. Such sentences can then be added to the already
available text to extract a smoothed statistical language model®.

This technique will not prevent the zero frequency problem (a cor-
pus may contain grammatically incorrect sentences) but it can help
to provide more robust estimates for the n-gram probabilities.

For the generation of a random sentence a rewriting process® is

used in the following way. First, the start symbol S can be derived
into a string of symbols by the application of productions which
rewrite the nonterminal symbol S. From the resulting string the
left-most nonterminal symbol can then be selected and rewritten
by a suitable production found in the SCFG. If several productions
are found, the selection of a production is based on its probability.
This procedure can then be repeated until no more nonterminal
symbols are found in the resulting string.

"Descriptions for the computation of the normalization factors a can be
found in [20, 63].

8 As an alternative to the use of random sentences a method to derive n-gram
probabilities in closed form a SCFG is described in [129].

9See Sec. 8.2.1 for an example of the rewriting process.



Experiments and
Results

14.1 Resources

For the first set of experiments English texts provided by the Brown
and the Wellington corpus were used as additional material to train
the language models. The two corpora are introduced in the fol-
lowing two subsections. The stochastic context-free grammar to
produce the random sentences is mentioned in Sec. 14.1.3 and the
set of recognition lattices used for the second series of experiments
is specified in Sec. 14.1.4.

14.1.1 Brown Corpus

The Brown corpus [35] contains printed American English texts
published in 1961 in the United States. The one million words
provided by the corpus are divided into 500 text samples of 2000
words each. Text samples have been chosen for their representative
quality of written American English.

14.1.2 Wellington Corpus

The Wellington corpus of New Zealand English [4] contains texts
written in the years 1986-1990. It has been designed to be directly
comparable with the LOB corpus of British English, the Brown
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Corpus British English and the Macquaire corpus for Australian
English.

14.1.3 Stochastic Context-Free Gram-
mar

For the generation of the random sentences a stochastic context-free
grammar (SCFG) for the large validation set of the writer indepen-
dent task has been extracted as described in Sec. 10.1.

14.1.4 Recognition Lattices

The lattices from the writer independent system for both the large
validation and the test set have been taken from the baseline recog-
nition system described in Part II of this thesis.

14.2 Experimental Setup

This section describes the experimental setup for the investigation
of the effect of additional training material and the order of the
n-gram language model.

All experiments make both the segmented sentences assumption
and the closed vocabulary assumption as defined in Sec. 6.1. For the
second set of experiments the writer independent task as described
in Sec. 6.1.3 is used. The baseline recognition systems are using
both the bigram and the trigram language model extracted from
the LOB corpus only. In the case of the bigram language model,
the system corresponds exactly to the one described in Part II of
this thesis.

The system using the modified language models always start with
the sentences from the LOB corpus as described above. For each of
the additional corpora (e.g. Brown, Wellington, combined Brown
+ Wellington, and random sentences generated by the SCFG) more
and more sentences are added and the resulting corpora are then
used to extract the smoothed language models.
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For the first set of experiments the resulting language models are
evaluated by computing the test set perplexities on the test sen-
tences of the writer independent recognition task. In the second set
of experiments the smoothed language models are used to rescore
the recognition lattices of the baseline recognition system. The
main advantage of the lattice rescoring technique is the significant
speedup over the complete recognition of handwritten sentences.
However, rescoring recognition lattices will generally not perform as
good as plugging the new language model directly into the Viterbi
decoding step.

Results of the perplexity experiments are provided in Sec. 14.3.
The corresponding results for the handwritten sentence recognition
system are documented in last two sections of this chapter.

14.3 Optimizing Perplexity

The first set of experiments investigates the effect of additional
training material on the test set perplexity for the bigram and tri-
gram language model.

Four different sources of additional sentences have been investigated
to smooth a bigram and a trigram language model extracted from
the sentences in the LOB corpus.

230 - —— Brown + Wellington .-
ffffffffff Brown o
| Wellington

225 SCFG

220

215

210

Perplexity

205

200

195

190 S

Ok 10k 20k 30k 40k 50k 60k 70k 80k 90k 100k 110k
Additional Sentences [n]

147

Figure 14.1

Test set perplezity
for different bigram
language models.
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Figure 14.2

Test set perplexity
for different
trigram language
models.
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The results for the language models including more and more sen-
tences from the different sources of additional text are provided in
Fig. 14.1 for the case of bigram language models and in Fig. 14.2 for
the trigram language models respectively. It can be concluded that
adding random sentences to the LOB corpus to extract a smoothed
bigram or trigram language model increased the test set perplexity
in all cases.

Based on the results from the first set of experiments it can be con-
cluded that for a minimal perplexity the trigram language model
using both the sentences provided in the LOB corpus and the com-
bined Brown + Wellington corpus should be used.

14.4 Optimizing System Perfor-
mance

In the second set of experiments the best source of additional sen-
tences and the optimal amount of additional material to optimize
the system performance is determined. Instead of measuring the
test set perplexity the newly created language models are used to
rescore the lattices produced by the baseline sentence recognizer.
From the rescored lattices the best candidate sentences are then
used to measure the corresponding word level accuracy rates.
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The corresponding results for the trigram language models are pro-
vided in Fig. 14.4. Based on the results of the second set of exper-
iments the following observations can be made.

e The use of the trigram language models to rescore the lattices
shows a significant performance gain over the system using



150

Chapter 14 Experiments and Results

corresponding bigram language models. This observation is
not compatible with the results reported in [143]. However,
the experimental conditions were different in several aspects.
No closed vocabulary assumption was made and most lexi-
cons used were considerably larger. Most notably, only text
lines were recognized in [143] which are much shorter than
complete sentences in most cases.

For the systems using a bigram model, the random sentences
generated by the SCFG have a negative effect on the system
performance. In the case of trigram language model a positive
effect of the random sentences cannot be observed. Therefore,
the positive effect of synthetic training material to smooth a
n-gram published in [64] cannot be confirmed.

The sentences in the Wellington corpus seem to be better
suited to smooth the language models than the material pro-
vided in the Brown corpus. However, the combination of both
additional corpora produce the highest performance gain over
the baseline system.

Correlation between perplexity and word level accuracy is
strong, when two different sources of additional data are com-
pared (e.g. using additional sentences from the Wellington
corpus leads to both better perplexity and better word level
accuracy measures compared to the use of additional material
from the Brown corpus).

Perplexity and word level accuracy seem only weakly corre-
lated when comparing two language models which use a dif-
ferent amount of additional sentences of the same source of
additional data. Although the perplexity of both the bigram
and the trigram language models is almost monotonically de-
creasing when more and more sentences from the combined
Brown/Wellington corpus are used, a local maximum for the
word level accuracy can be observed when only the first half of

the combined corpus is added to the training sentences from
the LOB corpus.

In order to maximize the word level accuracy of the sentence recog-
nition system, a trigram language model using the sentences from
the LOB corpus and the first 65,000 sentences of the combined
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Brown + Wellington corpus will be extracted for the writer inde-
pendent test set.

14.5 Test Set Results

This section reports the evaluation of the performance of the differ-
ent recognition systems for the test set of the writer independent
task. The first experiment validated the improved performance of
the baseline system using the baseline trigram model extracted from
the LOB corpus only.

Performance Measure Baseline Trigram Significance
Sen. Recognition Rate 11.0% 12.0% 79%
Word Recognition Rate  79.0% 80.3% 98%
Word Level Accuracy 76.3% 78.2% > 99%

Tab. 14.1 summarizes the results for the baseline system using a
bigram language model and the system using the baseline trigram
language model where only material from the LOB corpus was used
for the training. It can be observed that the trigram language
model did outperform the bigram based system for all performance
measures. For both the word recognition rate and the word level
accuracy the improvement is highly significant.

In a second experiment the sentence recognition system using a
smoothed trigram language model trained on the LOB corpus and
65,000 additional sentences from the combined Brown + Welling-
ton corpus was compared to the recognition system based on the
trigram language model.

Performance Measure Trigram S. Trigram Significance
Sen. Recognition Rate 12.0% 14.0% 95%
Word Recognition Rate  80.3% 81.8% > 99%
Word Level Accuracy 78.2% 79.9% > 99%

Tab. 14.2 provides the comparison of the system using the baseline
trigram model (column "Trigram’) extracted from the LOB corpus

151

Table 14.1
Test set results

using the trigram
model for the
writer independent
system.

Table 14.2

Test set results
using the smoothed
trigram model for
the writer
independent
system.
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Figure 14.5
Sentence
recognition rate for
the writer
independent task
on the test set.
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only and the system using the smoothed trigram language model
(column ’S. Trigram’) for the top choice. The achieved improve-
ment over the baseline system using either the baseline bigram or
the baseline trigram language model are highly significant for all
performance measures as can be seen in column ’Significance’.

14.5.1 N-Best Analysis

The results of the n-best analysis of the smoothed trigram language
models are shown in Fig. 14.5 for the sentence recognition rate and
in Fig. 14.6 for the word level accuracy.

36
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Please note that the system using the smoothed trigram language
model is not reordering the n-best lists but rescoring complete
recognition lattices. This is in contrast to the combination of the
handwritten sentence recognition system and the syntax analysis
module described in the Part III of this thesis.
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Conclusions

The use of different statistical language models for a handwritten
sentence recognition system has been addressed in this part of the
thesis. Specifically, the use of random sentences produced by a
stochastic context-free grammar to smooth both bigram and tri-
gram language models has been investigated.

15.1 Language Model Smooth-
ing with SCFG

The results of the experiments based on the random sentences gen-
erated by the SCFG did not bring any improvements over the
baseline system. This finding is in contrast to the results pub-
lished in [64] where a similar pseudo-corpus was successfully used
to smooth a bigram grammar in the context of the Berkeley Restau-
rant Project.

The discrepancy between these results could be explained by the
fact that a rather small and task-specific SCFG was used for the ex-
periments published in [64]. Tt can be assumed that such grammars
will generate random sentences better aligned with the recognition
task at hand than a large general-purpose grammar as the one used
in this thesis.
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15.2 Trigram Language Models

The trigram results documented in this part of the thesis suggest
that the use of such models can significantly improve the system
performance over a system incorporating a bigram language model
only.

These findings do not correspond to the results documented in [143]
where no improvement of the system using a trigram language
model over the baseline system using a bigram language model
could be observed. The following two reasons are believed to ex-
plain the different finding. First, the lines of handwritten text rec-
ognized by the system described in [143] contain roughly 10 words
in average. Since a trigram model starts to be helpful only after the
third word only 80% of the words in a text line could benefit from
such language models. Second, the linguistic resources do not seem
to be as well aligned in [143] as in the experimental setup chosen
in the context of this thesis. Although the handwritten material
from the SENIOR [120] database is based on texts from the LOB
corpus no texts from this corpus were included for training of the
language models. Instead, the TDT-2 corpus [23] has been used
which contains transcriptions from several broadcast and newswire
sources.



V Conclusions and Outlook







Conclusions

The main goal of the thesis was to investigate the use of syntax
analysis using a large stochastic context-free grammar (SCFG) for
general English sentences in the context of a state of the art, Hid-
den Markov Model (HMM) based offline handwriting recognition
system.

In order to set up the necessary experimental framework a con-
siderable amount of time has been spent on the preparation of the
necessary resources. As a result, the first significant contribution of
this thesis has been the creation of a segmented version of the IAM
database. Additionally, a number of linguistic resources consistent
with the IAM database were prepared which will speed up future
experiments.

For the development of a state of the art recognizer, an existing
offline recognition system for lines of handwritten text has been sig-
nificantly improved in several aspects and enhanced for the recog-
nition of complete handwritten sentences. First a new strategy to
optimize the topology of character HMMs has been proposed and
compared to existing techniques. In word recognition experiments
the new strategy and a similar existing strategy increased the word
recognition rate by 8% over the recognition rate obtained for the
previously used character topology modeling. A further improve-
ment has been achieved in the modeling of the emission probabilities
of the HMM by using multi-Gaussian distributions instead of single
Gaussians. On a medium sized text line recognition task, the word
recognition rate could be improved by 40%. Finally, the integration
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of the statistical language model has been fully optimized which in-
creased the word level accuracy by 18-22%. The optimization of the
language model integration has not been addressed in the domain
of handwritten text recognition so far.

A new combination scheme for a sequential coupling of a hand-
written sentence recognition system and a probabilistic parser is
proposed for the integration of syntax analysis into the recognition
process. Based on results of both multi-writer and writer indepen-
dent recognition experiments it can be concluded that the use of
a large scale SCFG for English sentences can significantly improve
the word level accuracy of a recognizer. Although the measured im-
provement is not very large, this results can be seen as a substantial
contribution, since no similar attempt has been made before in the
field of handwriting recognition. The obtained results compare well
with published experiments in the domain of speech recognition.

In the last part of the thesis, bigram and trigram language models
have been trained with additional text. The effect of both natural
text from additional corpora and from synthetic sentences gener-
ated by the SCFG have been investigated. Contrary to findings
published in the literature, the synthetic sentences did not help
to improve the bigram or trigram language models, whereas the
trigram language models did improve the performance of the hand-
writing recognition system significantly.

To summarize the main result of the thesis, it can be stated that
the use of syntax in a handwriting recognition system can help to
improve the system performance. Since these results have been ob-
tained using a general, broad coverage SCFG further improvements
can be expected in more constrained domains. Such applications
could make use of task-specific grammars or they could further dis-
ambiguate the output from the syntax analysis step by using some
form of semantic knowledge.



Outlook

This chapter presents a number of issues which deserve further con-
sideration. During the study of the literature and the optimization
of the baseline recognizer it became obvious that a large number of
opportunities exist to further improve the state of the art in hand-
written text recognition. An incomplete list of possible future work
is outlined below.

e The normalization of the text line images has been done on a
global level for the recognizer presented. A local estimation
of the main writing zones and the slant angle could contribute
to more robust feature vectors.

e Although the HMM framework is now widely used for hand-
written word and text recognition many aspects of the mod-
eling remain open issues. Specifically, the optimization of the
topology and the emission probabilities of HMM have been
investigated by only a few researchers.

e Handwritten text recognition is still a new topic, and the few
available publications suggest that statistical language models
are critical for acceptable recognition performance. It would
therefore be beneficial to study the literature in the domain
of speech recognition, where the integration of statistical lan-
guage models has been investigated for many years.

e The use of large, open vocabularies and rejection strategies
would be an interesting area of further research.
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Furthermore, the combination of the syntax analysis module and
the handwriting recognition system should be investigated in more
detail. Possible topics include the following.

e A significant improvement has been found when the 100-best
list was considered compared to the 50-best list in the syntax
analysis module. Lattice parsing helps to analyze a much
larger number of recognition hypotheses in an economic way
and could therefore result in further performance gains.

e The grammar which has been used in the syntax analysis
module has been extracted in the most straightforward way
from the Lancaster Parsed Corpus. No attempt has been
made to study the effect of different grammars on the recog-
nition performance of the entire system. The use of more
compact grammars showing a lesser degree of over-generation
as proposed in [17, 85] could prove to be better suited to
improve the performance of the handwritten sentence recog-
nition system.

e Grammars could be directly inferred from text corpora. Their
performance could then be compared in the proposed combi-
nation scheme with the grammars used in the context of this
thesis.

Finally, it has been observed that the use of image databases,
recognition tasks and experimental setups is handled individually
by most authors, which prevents a meaningful comparison of re-
sults between two publications in most cases. Publicly available
databases should therefore also include recognition tasks and re-
commend an experimental protocol.
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