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Abstract
We present an OCR post-processing method that utilizes machine learning tech-
niques and is targeted at historical Swedish texts. The method is developed com-
pletely independent of any OCR-tool with the aim is to avoid bias towards any single
OCR-tool. The purpose of the method is to solve the two main problems of OCR
post-processing, i.e. detecting and correcting errors caused by the OCR-tool. Our
method is divided into two main parts, each solves one of these problems. Error
detection is solved by a Support Vector Machine (SVM) that classifies each word to
be either valid or erroneous. In order for the SVM to classify the words, each word is
converted into a feature vector that contains several word features for indicating the
validity of the word. The error correction part of the method takes the words that
have been classified as erroneous and tries to replace them with the correct word.
The error correction algorithm is based upon Levenshtein edit distance combined
with the frequency wordlists. We OCR processed a collection of 400 documents from
the 19th century using three OCR-tools: Ocropus, Tesseract and ABBYY, and used
the output result from each tool to develop our method. Experiments and evalua-
tions were carried out against the ground truth of the documents. The method is
built in a modular fashion and evaluation was performed on each module. We report
quantitative and qualitative results showing varying degrees of OCR post-processing
complexity.
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1
Introduction

In many libraries and research institutions, there exist a vast amount of digitized
records and historical documents containing an enormous amount of information. To
access this information in any useful way by Natural Language Processing (NLP)
applications, there must be a procedure to search and access it. Since it is very
time consuming to do it manually, a technique called Optical Character Recogni-
tion (OCR) is used to enable computers to convert the physical documents into text
�les. Text �les are more easily read and most importantly allow users to search for
speci�c content using NLP tools. Current OCR algorithms perform well on modern
and high-quality print. Performance of state of the art systems shows a charac-
ter recognition rate of about99%[35], depending on both the algorithm and input
quality. The quality decreases however greatly when applied on historical prints.
Depending on the test considered the character recognition rate varies signi�cantly.
An OCR result is considered poor if the accuracy drops below90% according to
Holley [21] but for historical texts, the accuracy often yields a result that is lower
than that. Some implementations produce character recognition rates between70%
and 80% [23] but it is not uncommon to have even poorer results [13]. A number
of challenges can be attributed to the poor OCR performance including bad image
quality and linguistic factors. The bad image quality is often a result from paper
deterioration and bad inking [13]. Some linguistic factors might include obsolete
characters (e.g. long-s) and spelling variation that are not present in any dictio-
naries [13]. Considering the aforementioned factors, achieving good OCR result for
historical texts is a great challenge. However, it is important to overcome this chal-
lenge since with a better OCR process our ability to take in, analyze and preserve
our culture legacy will increase.

One approach for increasing the quality of the OCR is to applypost-processing.
Post-processing is a step that is applied as the last part in the whole OCR process.
Correction of errors made in previous steps is conducted in this step. Previous works
on post-processing include di�erent approaches to texts from various languages and
time periods. In 2017 Kirbat [26] developed a method that utilizes machine learn-
ing techniques with supervised learning. The work was conducted as a contribution
to the shared task ALTA 2017 [31] which tries to post-process Australian publi-
cations from the Trove database [11]. Other approaches apply a more rule-based
approach that driven by grammar rules, and corpus look-up. Lehal and Singh [27]
constructed a post-processor for the Punjabi language using a rule-based method
and achieved a recognition rate improvement of4%. However, no previous work has
applied a machine learning approach towards Swedish historical texts. Therefore,
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1. Introduction

this project aims to develop a post-processing method using machine learning tech-
niques. Furthermore, the method will be completely separated from the rest of the
OCR process. The performance of the chosen approach, could lay the foundation
for future projects aiming to improve the OCR process for other historical texts.

1.1 Aim

This project aims to develop a method for OCR post-processing of historical Swedish
text using machine learning techniques. The method tries to solve the two main
problems of post-processing, i.e., detecting and correcting errors that have been
caused by the OCR tool. Furthermore, the project tries to answer the question of
whether machine learning methods are appropriate for decreasing the amount of
OCR errors in historical Swedish texts. The evaluation of the method will decide if
it can successfully improve the performance of existing OCR tools regarding Swedish
historical texts. Another part of the aim is to develop a method that is not biased
towards any single OCR tool.

1.2 Delimitations

The project will not improve the internal process of any existing OCR tool but rather
view it as �black-box� and consider the output of the tool as input to the system
of this project. This delimitation is well motivated since the aim of the project is
to develop a method for post-processing that is not biased towards any single OCR
tool. Furthermore, the project target Swedish historical text from the 19th century,
and no other languages or time periods.

2



2
Background

This chapter provides the necessary theoretical background required to fully un-
derstand the problem this project is attempting to solve and the proposed method
in chapter 4. The chapter starts with an explanation of the challenges when con-
ducting OCR on historical texts. Secondly, a description of a generic OCR-process
followed by a presentation of the OCR-tools used throughout the project. Finally,
some theoretical background about Support Vector Machine (SVM) followed by an
explanation the evaluation process of the di�erent subsystems.

2.1 OCR of historical texts

OCR of historical texts is an essential task since it increases our ability to take in and
analyze our legacy. Unfortunately, there are many problems caused by OCR recog-
nition of historical text. During the last decade, there has been several European
initiative aiming to improve the quality of OCR-output of historical text. One ex-
ample is theImproved Access to Text(IMPACT) project which was founded in 2005
by the European Commission speci�cally to improve the quality of the OCR-output
for historical texts. The project brings twenty-six national and regional libraries,
research institutions, and commercial suppliers across Europe to share knowledge
and experience concerning improved access to text [3].

Generally, OCR-tools perform well on modern prints, but the quality decreases on
historical prints [14]. According to Holley [21], a su�cient OCR accuracy is between
98%� 99%while an average accuracy is between90%� 98%. The OCR accuracy is,
however, considered weak if it is below90%. OCR of historical texts have accuracy
ranging from up to 80% [23] down to about 30% [14] depending greatly on the
selection of texts. The reasons for the further reduced quality can be divided into
two main categories. The �rst one is the poor quality of the physical material, and
the other is limited knowledge about the targeted historical language.

One reason for poor physical quality could be that the paper has su�ered some
damage due to deterioration, making it harder to recognize the characters. Other
challenges include irregularities in character, word, and column spacing. Some texts
are presented in unusual fonts that are not used today, which cause the OCR-tools
some troubles [13]. The use of the typefaceFraktur was widespread during the 19th
century, and an example of such text is displayed in Figure 2.1. Figure 2.1 presents
an example of deterioration where the words from nearby pages are visual; this is

3



2. Background

called bleed-through. Also, the scanning process could have been done poorly, cre-
ating visual errors in the images.

When considering the second category, historical texts tend to have spelling vari-
ations, acronyms, abbreviations, and morphological in�ections that are not used
today. These variations are not represented in any dictionaries and thus making the
available dictionaries incomplete. Incomplete dictionaries may cause OCR-tools to
recognize a word wrongly since the correct version was not present in any built-in
wordlist. Depending on the language and time period the text may also contain
obsolete characters (e.g., long-s) which the OCR-tool might be unable to recognize
and thus cause character errors.

Figure 2.1: An example of deteriorated page. The prints from nearby pages has
left marks on the current page.

2.2 Optical Character Recognition

Optical Character Recognition (OCR) is the process of translating digital images of
physical media into machine-readable, searchable, and editable texts. The concept
was introduced in the 1950s and has since been used in much di�erent application
ranging from banking, optical music recognition, and library digitalization [35]. To-
day OCR functionality is even integrated into many smartphone applications which
allow the user to take a picture of a piece of text and convert it into a text �le [18].
OCR also plays a vital part for many digitalization projects conducted by insti-
tutions such as libraries, archives, and museums. Some of these projects focus on
historical texts which have shown to be more challenging for most OCR-tools [14].

The OCR-process is not �awless but does sometimes createOCR-errors. Exam-
ples of OCR-errors are when a character or a word from the original image is not
recognized correctly and thus misrepresented in the OCR-output. These errors

4



2. Background

are classi�ed into two types, non-word, and real-word errors. Non-word errors are
�words� generated by the OCR-process these are not actual words, i.e., they are
not represented in any dictionary. To illustrate an example of a non-word error lets
consider the plain text �Mum� and the OCR-tool output �Wum�. Since �Wum� is
not represented in the dictionary, it is a non-word error. The real-word errors are
when the OCR-tool produces an incorrect word, but it is presented in the dictionary.
Let us consider the plain text �dwell� which incorrectly is interpreted as �well� by
the OCR-tool. Then �well� is a real-word error since it is represented in a dictionary.

2.2.1 OCR-process

The OCR-process is often divided into three main blocks: pre-processing, character
recognition, and post-processing. The blocks are located as a chain, so the output
of the �rst block is feed as input to the second block and so on. The position of
each block in the chain is visualized by a simple diagram in Figure 2.2.

Figure 2.2: A diagram of the di�erent blocks in the OCR-process

2.2.1.1 Pre-processing

The quality of the input highly in�uences the quality of an OCR-tool. To mitigate
the impact of possible poor input quality, the images are often pre-processed. The
actions performed in the pre-processing stage depend on the OCR-tool. Examples
of pre-processing actions that can be executed arebinarization or layout analysis.

Binarization converts a colored or grayscaled image into a black and white image.
The goal is to more easily separate the text from the background and remove un-
wanted features like smudges or stains [37]. An example of the e�ects of binarization
is displayed in Figure 2.4, notice how some unwanted information from the left im-
age is removed and is no longer present in the right image.

Layout analysis is a common pre-processing action that many OCR-tools utilize in
some form. The layout analysis �rst categorizes the image into text and non-text
regions. The text region is further divided into text lines and then into individual
words and �nally characters [17]. Figure 2.3 illustrates an optical visualization of
layout analysis where the regions are squared o� with di�erent colors.

5



2. Background

Figure 2.3: Illustration of a text getting segmented by the layout analysis during
the pre-processing step in the OCR-process.

Figure 2.4: Depiction of an image before (left) and after (right) binarisation.

2.2.1.2 Character recognition

The next part of the OCR-process is the core element called character recognition.
This step preforms the extraction of characters from the image and produces a text
�le. There exist many approaches to character recognition includingmatrix match-
ing, feature extraction and neural network.

The matrix matching approach converts the character into a pattern in a matrix
and then tries to match it against other stored patterns. The stored matrix that
is most alike is chosen. This approach works best on single column pages were all
words have the same font [35].

Feature extraction breaks down the characters into features like lines, loops, or line
directions. The features or absence of features are matched against stored patterns

6



2. Background

of features, and a candidate is chosen. This approach is generally suited for high-
quality images like laser prints and magazines [35].

The neural network approach trains a neural network to recognize pixel patterns
and matches them to known indices. This approach has shown good performance
for faxes and damaged text [35].

2.2.1.3 Post-processing

The �nal part of the OCR process is the post-processing, which tries to correct the
OCR-errors caused by previous steps. OCR post-processing is sometimes done in
two stages, �rst a detection stage which marks all erroneous words and second a
correction stage which tries to correct the erroneous words.

One approach for detecting errors can be to check each word against a dictionary and
list non-word errors. This approach has the same functionality as a spell-checker.
One challenge with this approach is detecting real-word errors because some texts
might have spelling variations which are not represented in dictionaries. Incom-
plete dictionaries is a problem often encountered when the approach is applied to
historical texts. As a result, spell checker based algorithms have shown to perform
poorly [25]. Other detection algorithms are based upon statistic analysis by col-
lecting n-grams [38]. Given a word and some language resources, it calculates the
probability that the word is indeed part of the language. Kettunen [25] has used
this to calculate the �Finnishness� of a word. An example that is given in the paper
is the incorrectly spelled word �ytsimicliscsti� which got a score of7:6� 10� 7 in con-
trast to the correct form �yksimielisesti� that got 21:4. Another possible approach
is to utilize machine learning to classify all words to be either erroneous or valid [26].

Correction algorithms generally start by �nding a set of candidates most suitable to
replace the incorrect word which is identi�ed in the detection stage. The selection for
the candidate set is based upon how much they di�er from the incorrect word. When
a set of candidates have been collected, they are ranked based on the likelihood that
they are the correct word. This ranking di�ers depending on the correction algorithm
but can be done on how common the words are, i.e., the most common word gets
the highest rank. Finally, the most promising word is selected, and the erroneous
word is replaced.

2.3 OCR-tools

Today there exist many OCR-tools, both open source, and commercial. One well-
known commercial tool is Abbyy Finereader [1] which generally performs with high
quality.
Previous approaches toward improving the post-process have integrated it into the
OCR-tool and therefore could not consider Abbyy since it operates as a �black box�.
However, this project aims to develop a post-processing method that is completely
separated from any OCR-tool and therefore considers all OCR-tools as black boxes.
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Thus Abbyy is considered during this project alongside the two leading open-source
OCR-toolsOcropus[5] andTesseract[10]. The reason for considering multiple tools
is that part of the project aims is to develop a method for post-processing that is
not biased towards one single OCR-tool but rather as general as possible.

2.3.1 Abbyy Finereader

One of the leading commercial OCR-tools today is Abbyy Finereader [1]. Since it
is a commercial product, it operates as a �black box� causing the inner works to be
unknown. The performance on modern text is considered very high and is therefore
used by many users. It was initially released in 1993, the latest version as of May
2, 2019, is 14.

2.3.2 Ocropus

Ocropus is an open-source OCR-tool initially developed in 2008. It is aimed towards
both the research community and large scale commercial applications [17]. Ocropus
is modular, easy to develop further, and reuse. The program is divided into building
blocks responsible for separate tasks. The chain of blocks is displayed in Figure 2.5.
The �rst block starts with a program that performs binarization on the input. The
next step in the chain isphysical layout analysiswhich divides the image into text-
and non-text regions. The text-regions are further divided into lines of text, and
the correct reading order is decided for all lines. Next up is thetext line recognition
step which takes the images of individual text-lines from the layout analysis and
converts them into text. Ocropus o�ers several di�erent text line recognizers, but
the default one utilizes a Long short term memory (LSTM) Recurrent Neural Net.
The �nal part of the Ocropus chain is thelanguage model, which corrects characters
and resolves ambiguities. The model that is used by Ocropus is a statistical language
model which contains dictionaries, character- and word-level n-grams and stochastic
grammar. After this step, the OCR-process is complete, and the text �les are
produced.

Figure 2.5: A diagram of the di�erent parts of Ocropus.

2.3.3 Tesseract

Tesseract is an open source OCR-tool originally developed by HP as Research Proto-
type in the UNLV Fourth Annual Test of OCR Accuracy [36] in 1995. In late 2005
Tesseract was however released as open source. Tesseract utilizes a step by step
pipeline often seen in OCR-tools. The steps are visualized in Figure 2.6. The �rst
step isAdaptive Thresholding, which is a type of binarization which tries to classify
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each pixel as either dark or light [16]. The second step of the Tesseract process is
the Page Layout Anlaysis. Just like the layout analysis in Ocropus, this step tries to
classify the page into text- and non-text regions. The text regions are then divided
further into regions containing only one line of text, then only one word and lastly
each character is divided into individual regions. The character recognition part of
Tesseract uses a feature extraction approach, and consist of two passes through the
Recognize wordblock. The two passes allow for an adaptive classi�er to learn on
the �rst pass and revisit unsatisfactory classi�ed words on the second pass. The
last three �xing phases are part of the post-processing and try to strengthen or �x
some of the decisions made in earlier steps. The things that are typically �xed are
spacing, X-heights, and words that need multi-word context in order to be resolved
properly. The last step outputs several text �les, and the OCR-process is over.

Figure 2.6: A diagram of the Tesseract structure.

2.4 Support Vector Machine

Support Vector Machine (SVM) is a technique to solve classi�cation problems. A
classi�cation problem is solved by successfully label a data point to one or more
prede�ned classes. A simple classi�cation problem is displayed in Figure 2.7 where
the task is to separate two classes (triangles and circles). The diagonal full line sep-
arates the two classes and provides a solution to this binary classi�cation problem.
An example of a real-world application of classi�cation problem is text categoriza-
tion which tries to label a text with one or more classes, e.g., news, reviews [24].
There exist two types of classi�cation problems, i.e., linear and non-linear. Linear
classi�cation problems can easily be solved by separating the classes in low dimen-
sions such as in Figure 2.7. Non-linear classi�cation problems are harder to solve
and often require further manipulation in order to separate the classes [34] easily.

SVM is a supervised machine learning algorithm. Given a set of training data, it can
learn to predict the class of new unlabeled data points. Considering the simple two-
dimensional example in Figure 2.7, the SVM takes a sample of data points (triangles
and circles) and builds a model (diagonal line) that can predict the future data. A
central part in optimizing the solution, the SVM tries to maximize the distance to
the closest data point (margins) in either class. These margins are visualized in
Figure 2.7 as dotted lines. Often the classi�cation problem is in higher dimensions
than the example discussed, and thus the solution is not a linear line but a linear
hyperplane. When the SVM solves a non-linear classi�cation problem, the data
points (x) are mapped to a higher dimensional space where the problem becomes
linear separable by a linear hyperplane. The mapping to the higher dimension is
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achieved usingkernel function, � (x) [34].

i.e. x �! � (x)

There exist some di�erent kernels, each of which maps the points di�erently. Se-
lecting the appropriate kernel function is a vital part for solving a classi�cation
problem using an SVM. The most common kernel-functions are displayed below
whereK (x i ; x j ) = � (x i )T � (x j ) and 
 , r and d are kernel parameters [22].

ˆ Linear function: K (x i ; x j ) = xT
i x j

ˆ Polynomial function: K (x i ; x j ) = ( 
x T
i x j + r )d; 
 > 0

ˆ Radial based function:K (x i ; x j ) = exp(� 
 jj x i � x j jj 2); 
 > 0
ˆ Sigmoid function: K (x i ; x j ) = tanh( 
x T

i x j + r )

Apart from the choice of the kernel function, another important parameter in an
SVM is the c-value. It is sometimes called the complexity parameter and is the sum
of distances for all the points that are on the wrong side of the hyperplane. More
concrete, thec-value de�nes how much of an error margin is allowed. It is crucial
to �nd an optimal value for c since a too high or too low value will yield bad per-
formance. A trial and error approach is often used to �nd a good c-value. For some
choices of kernel function, it is also required to �nd appropriate kernel-parameters,
which much like c-value is an iterative process that requires trial and error [22].

In order to �nd the hyperplane that solves the classi�cation problem, the SVM needs
to �nd the solution to the optimization problem displayed below [22].

min:
1
2

wT w + C
lX

i =1

� i

Subject to: yi (wT � (x i ) + b) � 1 � � i ;

� i � 0

2.5 Word feature

There exist several di�erent methods for deciding whenever a word is erroneous
or valid. The most obvious approach is to perform a lexicon lookup and check
whether the word is present or not. This approach might be unavailable since the
targeted text might not have any representative lexicons. For historical texts, this is
a common problem and is further discussed in Section 2.1. Another approach is to
use word features to indicate if a word is indeed erroneous or valid. Word features
can be divided into two classes, depending on what they require to compute them.
One way to distinguish between these classes is to classify them into word-based
and statistically-based. Khirbat [26] presents one word-based feature which returns
the number of non-alphanumeric characters in the given word. Non-alphanumeric
comprises symbols that are neither characters or numbers such as `+', `#', `!', `?'.
This feature is word based since it only requires the word and no other external
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Figure 2.7: Classi�cation problem with two classes (triangles and circles) labeled
with values one and zero. The diagonal full line is a possible solution to the problem.
By maximizing the distance to the margins (dotted lines) the solution is optimized.

resources to compute. An example of a statistically based feature is presented by
Mei et al. [29] and is the frequency of the word in the given language. In order to
extract the frequency of a word, it is required to have a dataset that contains, the
word with its corresponding frequencies ideally the dataset should be representative
for the given language and time period.

2.6 Levenshtein distance

Levenshtein distance is a metric that is used when describing the similarity between
two strings [28]. The metric gives the minimum amount of edits between two strings.
The possible actions that constitute an edit are either inserting, removing, or sub-
stituting a character [30]. Figure 2.8 displays an example of three pairs of strings
and their corresponding Levenshtein distance.

LD (word, wurd) = 1

LD (Levenshtein, Lewemshteine) = 3

LD (Levenshtein, Levenshtein) = 0

Figure 2.8: The Levenshtein distance function(LD) applied to three pairs of
strings.

2.7 Evaluation

In order to evaluate the performance of the system, appropriate methods and met-
rics are required. In this Section, the metrics and methods used throughout the
evaluation of the project are explained.
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2.7.1 Precision, Recall and F1-score

When evaluating a system that solves a classi�cation problem three metrics are often
used, namely precision, recall and F1-score. In order to de�ne these metrics we �rst
need to describe in which ways data points can be classi�ed. Consider a set of data
points x i , which have a binary label̀ that corresponds to the class the point belongs
to. The system assigns another binary valuez to each point that corresponds to
which class the system thinks the point belongs to. By following this de�nition True
Positive (TP), True Negative (TN), False Positive (FP) and False Negative (FN)
could be extracted, these are displayed in Table 2.1 [19].

System assignment,z

Class label,`
0 1

0 TN FP
1 FN TP

Table 2.1: De�nition of True Positive (TP), True Negative (TN), False Posi-
tive (FP) and False Negative (FN).

From this de�nition we can de�ne the three di�erent metrics as follows, where F1-
score is the harmonic average between precision and recall [19].

Precision,p =
#TP

#TP + #FP

Recall, r =
#TP

#TP + #FN

F1-score,F� =
2pr

r + p

To get a better grasp on what these metrics mean in real world applications, an
example is provided. Lets consider a data set with 20 points which are labeled into
two classes (circles and triangles) as shown in Figure 2.9. The classi�cation system
sets a decision boundary, visualized by the diagonal line, so that all points above
are believed to be circles and all below triangles. These metrics are calculated for
one class at the time and later averaged for an overall measurement. The following
examples will therefore only consider just one class (circles).

The precision metric corresponds to the number of circles above the decision bound-
ary divided by the total amount of points above the decision boundary (#TP+#FP).
In this example, the precision would be8

10. The recall metric is the number of circles
above the decision boundary divided by the total amount of circles which corre-
sponds to 8

12. The F1-score has no visual representation since it is the harmonic av-

erage between precision and recall. In this example the F1-score is2� 8
10 � 8

12
8

10 + 8
12

= 8
11 [19].

2.7.2 OCR evaluation

The evaluation of an OCR-process is usually done by measuring two metrics,Charac-
ter error rate (CER) and Word error rate (WER). Both of the metrics are calculated
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Figure 2.9: Classi�cation problem with two classes (triangles and circles) labeled
with values one and zero. The diagonal full line is a possible solution to the problem.

the same way, by �guring out how many character/word errors there are compared
to the total number of characters/words. In order to detect character or word errors
in a text, it is required to have the corresponding ground truth. This is a drawback
when developing OCR-tools because ground truth creation requires manual tran-
scription something that is a slow and expensive process.

Some evaluation tools do not use CER and WER as metrics but rather accuracy.
The accuracy is also calculated separately for both characters and words. The
character accuracy (CACC) is the result of the comparison of two strings, i.e., the
OCR-output and the ground truth. The Levenshtein distance,d is calculated, and
the CACC is de�ned as follows, wherem is the length of the ground truth string.

CACC = max(0;
m � d

m
)

The word accuracy (WACC) is de�ned similarly by comparing two lists of words,
one from the OCR-output and another from the ground-truth. Two words need
to match 100% to be considered equal. Based on the Levenshtein distance,d the
WACC is de�ned as follows, wherem is the number of ground truth words.

WACC = max(0;
m � d

m
)
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There are some evaluation tools for OCR that currently are available [6, 8, 12]. All
require access to the ground truth in order to produce evaluation results. However,
it is often required to use multiple tools to achieve reliable evaluation results since
the result can vary signi�cantly from tool to tool. As stated by Kettunen et al. [25]
�there is no single software that could give us `the truth' of the quality of the
material�.

2.7.3 Word metrics evaluation

In order to evaluate the word features, some statistical analysis needs to be con-
ducted. Consider two sets of words, one with valid words and the other with
erroneous words. By computing the average of a word feature for both sets and
comparing the di�erence, the feature can be evaluated. A constructed example of
this is displayed in Figure 2.10 was the di�erence of average is15 for feature 1 and
40 for feature 2. It would be misleading to conclude that feature 2 gives a better

Figure 2.10: Example of averages of two word features divided by the validity
class.

indication of the words validity just because it has a higher numerical di�erence
since the change in percentage is greater for feature 1. Considering the greatest
percental di�erence, the following equation is presented;

1 �
avglow

avghigh

where avghigh is the numerical greatest of the two averages. In the example from
Figure 2.10 the avghigh would be the right bar (valid) for feature 1 and the left
bar (error) for feature 2. The avglow is the contrary lowest of the two averages.
This metric will yield a maximum value of 1 if the two averages have maximum
di�erence, i.e. avglow is equal to zero and avghigh have an arbitrary positive value.
The minimum value is 0 and occur when the avglow and avghigh is equal. This
metric will be called Percent di�erence metric throughout this project and will be
calculated for the example from Figure 2.10 as displayed in Figure 2.11. Observe
that feature 1 indeed yields a greater value in this metric.
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Figure 2.11: Example of the percent di�erence metric for two word features.
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3
Data

The performance of an OCR system is highly dependent on the targeted text. As
explained in Section 2.1, it is challenging to apply OCR on historical texts. The
targeted texts that we experiment with in this project are extracted fromSwänska
Argus and Grepect. The texts were provided by Språkbanken and are freely available
for download under Creative Commons Attribution License (CC-BY) [9]. Part of
this project method relies on statical analysis of historical Swedish text. In order
to increase the accuracy of this analysis, a large data set of historical Swedish text
were provided by theProject Runeberg[7].

3.1 Targeted text

The text that is the subject for this project is historical Swedish from the time pe-
riod between the 17th and 19th century. The pages were old at the time of scanning
and have su�ered some damage, most notable is the ink �bleed-through�. An ex-
ample of two pages from bothThen Swänska Argusand the text collection Grepect,
is presented in Figure 3.2. In order to evaluate the OCR-process, the ground-truth
for each text is required. Producing the ground-truth is an expensive and time-
consuming process since the images need to be manually transcribed. Therefore,
a rather small amount of about 400 pages from the targeted text were randomly
selected and manually transcribed. The word length was inspected, and the distri-
bution is displayed as a histogram in Figure 3.1. This distribution will be compared
with the distributions of the output from the OCR-tools to highlight potential de-
viations.

3.1.1 Then Swänska Argus

Then Swänska Argusis a work that was published in Stockholm in 1732�1734 and
written by Olof von Dalin. The language in this text is interesting since it is written
in a free and entertaining way, which is very di�erent from contemporary texts. This
text marks a signi�cant change in Swedish language and is considered the point were
Swedish transformed from the historicalgammel-svenskato the more modern ver-
sion ny-svenskan[4]. This was a period where changes in spelling and morphology
took place [15].

Since the texts are old, the pages have su�ered some deterioration. The most visual
deterioration is the ink �bleed-through� which can be seen in Figure 3.2. Another
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Figure 3.1: Histogram of word length distribution for the targeted text.

factor that causes these texts to be more challenging for an OCR-tool is the fact
that many di�erent typefaces are mixed throughout the text. A typical typeface
con�guration in this kind of texts is to write the body text in Fraktur, highlights in
Schwabacher, and names as well as loan words in Roman type [14]. Furthermore,
the old language poses some di�culties because many of the spelling variations that
are observed are not represented in any electronic lexicons.

3.1.2 Grepect

Grepect is a collection of randomly selected pages fromGothenburg University Li-
brary from the period 17th to 19th century. The scans were manually transcribed
by an external compainy called Grepect [2] and therefore this text collection will
be referred to asGrepect throughout this project. An example page is presented in
Figure 3.2. Similar to Then Swänska Argus, these pages su�er from deterioration
and also have a mixture of typefaces in old Swedish. Also in these texts we can ob-
serve spelling variations, mixture of fonts (Fraktur and Schwabacher) and di�erence
in font size.

3.2 Project Runeberg

Some of the methods of the project rely on statical analysis of old Swedish language.
Conducting this analysis on a large data set will make it more reliable and possibly
increase the performance of the entire post-processing. Project Runeberg is an OCR-
project that started in 1992 at Linköping University intending to scan books from
mainly Sweden but also other Nordic countries [7]. After the books are scanned, the
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