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Abstract
This paper presents a study on classifying receipts and invoices using
Machine Learning. Furthermore, Naïve Bayes Algorithm and the advantages
of using it will be discussed. With information gathered from theory and
previous research, I will show how to classify images into a receipt or an
invoice. Also, it includes pre-processing images using a variety of preprocessing methods and text extraction using Optical Character Recognition
(OCR). Moreover, the necessity of pre-processing images to reach a higher
accuracy will be discussed. A result shows a comparison between Tesseract
OCR engine and FineReader OCR engine. After embracing much knowledge
from theory and discussion, the results showed that combining FineReader
OCR engine and Machine Learning is increasing the accuracy of the image
classification.

2

Contents
1! Introduction ________________________________________________ 4!
1.1!
Background ___________________________________________ 5!
1.2!
Previous Research ______________________________________ 7!
1.2!
Problem Formulation ___________________________________ 9!
1.4!
Motivation ____________________________________________ 9!
1.5!
Research Question _____________________________________ 9!
1.6!
Scope/Limitation _______________________________________ 9!
1.7!
Target Group ________________________________________ 10!
1.8!
Outline _____________________________________________ 10!
2! Method __________________________________________________ 11!
2.1!
Scientific Approach ___________________________________ 11!
2.2!
Method Description ___________________________________ 11!
2.3!
Reliability___________________________________________ 12!
2.4!
Ethical Considerations _________________________________ 12!
3! Implementation ____________________________________________ 13!
3.2

Text Extraction________________________________________ 14!

3.4

Text Classification _____________________________________ 16!

3.5

Training and Testing ___________________________________ 16!

4! Results ___________________________________________________ 17!
5! Discussion and Conclusion ___________________________________ 18!
5.1!
Further Research ______________________________________ 20
5.2!
Related Work ________________________________________ 20!
References ___________________________________________________ 22!

3

1

Introduction

Most of the important data in the world exists in non-digital form [1]. With
the expansion of information in the last decade in diverse areas in our life
such as education, technology, medicine and industry, non-digital data is at
risk of being lost. Therefore, an escalated need to keep these forms of data
safe has risen and we became more involved with digital data, as it is easier
and safer to store and retrieve data. Finding patterns in data is essential for us
to find useful information, to predict the outcome in new situations [2]. As
the technology grow the data grows too and becomes more complicated than
ever to be analyzed by humans due to the massive amount of data that the
expansion brings with it. Thus, we need to be able to do fast and accurate
analysis on these data to solve problems and get more benefits to apply for
further development. The data have many categories, and the image data is an
important one because it opens a new window to the feature of technology
and it has many advantages. In general, the data is considered as the fuel for
business growth, only if we find a way to analyze it and put it to our
advantage [2]. There are many existing approaches to retrieve data from
images depending on the state or the shape of the text. For example image,
text recognition and Optical Character Recognition (OCR) engine. OCR
engine is one suitable approach for the process, and have been used to
convert images to editable text [3]. It has a wide use in many applications we
use today, for example image spam filtering [1]. Machine learning is the
study of computer algorithms to learn from experience using data or past
observations. For example, to solve a computer problem or to do a complex
operation or complete a certain task using a computer, an algorithm should be
applied. Machine Learning consists of accurate prediction algorithms that
could be applied on digital data to do predictions, and there are many
applications in computer science or other areas. Generally, accuracy of
prediction depends on the size and quality of the data [4].
Companies are seeking customer’s satisfaction; they are in continuous
search for the best ideas and methods to accomplish that. Learning and
predicting from experience is one of those goals companies are looking for to
maximize the profit and productivity and decreasing human labor in pursuit
for accuracy and speed while with the data gathered from customers [5]. To
extract information from images to be able to classify them is not limited to
reading or recognizing text in images, the process is more complex than that.
It needs to be divided into sub-components, for example pre-processing
images until reaching the amount of features to build a reliable dataset set
that can accurately be used for predicting. Experiments and tests in this
research will show if it is possible to use OCR and machine learning to build
a trained dataset with such power to identify text and classify images at a
high percentage of recognition.
The Visma Group comprises three divisions Software SMB, Software
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Government & Large Accounts, and Business Process Outsourcing and it is
present in twelve countries with a pivot in Northern Europe. They offer
solutions and services for customers to keep them ahead of the game. For
more information, see [6]. Visma has an application called Mobile Scanner
where users can take photos of receipts and invoices, and fill in the data along
with the photo which in turn are automatically uploaded to an administrative
system. They have around one million images which they want to investigate
on how they can get the maximum advantage of it by applying machine
learning and use it in the long run to bring more automatization for the user.
For example to detect if a new image added to the system is a receipt or an
invoice. In this thesis, images are pre-processed and read by OCR and then
are applied to Machine Learning tool known as WEKA to predict the
category of the new image.

1.1!

Background

Machine Learning is important in our lives; it can help us to perform tasks
that humans do routinely in normal life and program them on computers.
Examples of such tasks that occur on daily basis are image recognition,
driving and speech recognition. How we invent them might be easy, but how
to grasp the information and collect essential data to build a program that can
perform such tasks is more difficult. Machine Learning programs can achieve
good result when trained properly. Another type of tasks that are beyond
human capabilities includes complex and large data sets that benefits a lot
when applying programs that learn from experience. Examples are medical
diagnosis, search engines, data analysis systems, weather prediction, and
stock price prediction. In general, being able to leverage the data and detect
patterns in such systems gives an opportunity to evolve rapidly [7].
There exist many Machine Learning algorithms for classification and
each of them has a different topology and works differently. Given the nature
of the classification problem the Naive Bayes algorithm will be used in this
thesis, since it has previously been used with success in text recognition tasks
such as spam filtering [1].
1.1.1 Naïve Bayes Classifier
Naive Bayes is a very popular method in text recognition. It is a supervised
learning method, meaning that there are predefined classes and a given
examples provided by the learner. On the other hand, the unsupervised
method has no predefined classes and its input is unlabeled. The difference
between them is that the supervised method learns from experience unlike the
unsupervised method that learns from finding a similar pattern or connection
between given input [8]. Naive Bayes is very fast, accurate and popular
among researchers due to its outstanding performance compared to other
techniques [8]. There are two document models for Bayes’ theorem. Both
models are based on probability and have the same time complexity, but
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differ in probability estimation and classification rules. The first model is
called Multinomial and works by counting how many times a word occurs in
a tested document and is usually used for long texts. The second model is
Bernoulli, where every word is represented with a binary value 1 for presence
or 0 for absence [9]. Bernoulli will be used in this thesis since it is only
interesting if a word appears or not in a tested document, also the nature of
the documents used in this thesis are short (invoices, receipts).
The classifier is based on Bayes’ theorem where a document is
classified into a certain category or class based on probability. A document
can be seen as a bag of words. Simply, a number of unique words are chosen
to represent a given class. Naïve Bayes Classifier uses Bayes’ theorem, and
the probability of classifying document ! being in class ", giving "# is a set of
classes $%&∈ $( ..$* Is:
+ , $% &+($% )
+ $% , =
+(,)
Equation 1.1: Bayes’s theorem.
For simplicity, 0&(!) will not be a part of the formula because it is constant
and have the same value for all classes. Therefore, 0 "# ! = 0 ! "# &0&("# ).
1

0&("# ) is calculated as 0& "# = & 2 it means the probability of class "#
1
being in a set of training documents, where 34 denotes the number of
document in class " and 3 is the total number of training documents. Bayes’s
theorem assumes that in document ! every word is independent. Thus, the
likelihood method will compute the probability of all the words 56 in
document !, see Equation 1.2 [9].
*

+ ,& $% = &

78 $%
9:(

Equation 1.2: Likelihood function.
The probability for a word in a given in class "# is denoted by 0&(;|"# ) where
t=zero if the word is present and t=-1 if it is absent. When classifying a new
document ! into "# using the Naïve Bayes Classifier, equation 1.3 is used to
compute the maximum probability estimation [9]:
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Equation 1.3: Naïve Bayes Classifier.
The function is applied to all classes, and the class with the maximum
probability estimation is assigned to the document.

1.2

Previous Research

Text extraction is one important part of image recognition. The quality of the
text extraction makes a big difference in the accuracy of the recognition thus
a need has raised in the computer science community to pursue in finding
new tools and techniques to achieve the best result possible. On the other
hand, choosing the best classifier algorithm that fits to the problem domain is
also crucial, as it shows noticeable higher accuracy result.
F. Blein [10] implemented a program called TextClassifier (TC)
applied to Swedish news in which he implemented four different
classification algorithms. These algorithms are Naïve Bayes, k-nearest
neighbor, Winnow and Rocchio. Before starting the implementation he had to
test and compare the best among all of them in terms of accuracy. He found
out that Naïve Bayes algorithm is the most accurate.
M. Ericmats [11] proposed techniques and issues when using Naïve
Bayes classifier for text classification. He built a classifier network to work
as a document filtering system using Naïve Bayes in which he showed the
different factors that could affect it.
H. Sandsmark [12] implemented an automatic speech recognizer to
recognize and classify English broadcast news. He has combined two
classification algorithms for this task, Naïve Bayes and logistic regression.
The result showed very high classification accuracies.
T. Shen [13] proposed a classifying scheme close in nature to
Rocchio’s Algorithm. He had two to sets of data, one for training the data and
one for testing. After training the data and finding the patterns for each class,
he used the other data set to check the result and to make sure the
classification is successful. He mentioned that SVM classifier is a good
choice but he used a rather simple approach. It works as follows: first, the
average vectors for certain category were found. After that the documents
were marked by finding the nearest center point next to its vector.
D. Chen et al. [14] proposed many methods for pre-processing images
and to extract text patterns from a background. This includes many different
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factors such as color, font type, font size, alignment, contrast, resolution,
shading and other effects. They explained that it is difficult for OCR to read
text from a dirty background and a clean background is usually needed to
achieve high recognition. They explained some technologies or methods in
detail that are used in text recognition in images. Processing methods like text
segmentation and text recognition both have some differences in how they
work. Text segmentation is divided into four approaches depending on image
complexity, where each one handles image pixels in a different way. As for
text recognition they propose that there are two options for it to work, either
use a commercial OCR or build a special OCR system. They noted that
commercial OCR have embedded methods for text enhancement so to build a
special OCR system text enhancement techniques are required.
S. Audithan et al. [15] proposed a method for text region extraction
from document images. The method starts with text edge detection using
Harr Discrete Wavelet Transform (DWT) followed by image segmentation
using thresholding. Finally, they used morphological operators and the
logical AND operator to remove non-text regions.
N. Syal et al. [16] proposed a hybrid method for text extraction from
images. They started by pre-processing the images by converting them into
grayscale images. After that, they used Daubechies Wavelet Transform
(DWT) for text edge detection. They used the gradient difference and Otsu
filters to remove non-text regions. Then image segmentation by using
threading and the last step is feeding the data into SVM classifier.
P. Chakraborty et al. [17] proposed a method to extract text from
images. They started by pre-processing images into grayscale images. They
used Tesseract OCR engine to extract text from images. Finally, they used
JOrtho for spell checking before translating text to Braille.
N. Gupta et al. [18] proposed a method for text extraction from
complex images using Harr Discrete Wavelet Transform (DWT). They
extracted text edges using Sobel edge detector and applied thresholding to
remove non-text regions to improve the performance.
V. Yeotikar et al. [19] proposed a novel approach for text extraction
and recognition from document images. The method is starting by preprocessing images into gray images then applying Em-algorithm as a
classifying technique. After that, they used different methods such as Gabor
filter, Wavelet transform method, Hough transform method and edge
detecting method (Canny).
The complexity of the image is the key here and determines which
methods that can be used. Pre-processing images into grayscale images and
text edge detection is almost always used in most of the mentioned
researches. In comparison, this thesis work focuses on extracting features
using some simple pre-processing approach such as changing the contrast of
the image or crop and modify the size of the image. Since the background of
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the text is usually clear in the images given by Visma, commercial and opensource OCR will be used and their result will be compared after showing how
the accuracy after feeding the data through a Machine Learning tool differs
depending on the amount of text extracted from the images.

1.2!

Problem Formulation

Visma has a large number of images that they collect daily via an application
called Mobile Scanner. They want to leverage the data by applying Machine
Learning to categorize photos into either receipts or invoices, which they
could use in the future to update the application or develop new ones. The
propose of this thesis is to investigate different OCR tools for text recognition
and to research on how to categorize photos to determine if it is a receipt or
invoice with an accuracy of at least 60% by using a Machine Learning tool
known as WEKA.

1.4

Motivation

Recognizing the text from an image and forming a reliable dataset for
classification is a challenging task. There exist many approaches to retrieve
the data from images depending on the state or the shape of the text, such as
image- and text-recognition and OCR engine. OCR engine is a suitable
approach for the process and have been used to convert images to editable
text [3]. Together with the Machine Learning tool known as WEKA and the
data Visma has provided a training set will be constructed by using Naïve
Bayes Classifier. Naïve Bayes Classifier is a very popular among researchers
and developers and it has a wide use in many applications we use today, for
example image spam filtering [10].

1.5
RQ1
RQ1.2
RQ1.3
RQ1.4

1.6

Research Question
Is it possible to classify receipts and invoices from images?
Which OCR tool is suitable to get text information from the
images?
Is there a quantifiable improvement in accuracy when preprocessing the images before applying them to the OCR tool?
How accurate is classification using machine learning of
receipts and invoices from the text information retrieved from
images?

Scope/Limitation

To limit the scope of the thesis project, there will be no comparison between
different methods and their results. Only data from Visma with Swedish
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language will be put to test. The techniques used are OCR to read text from
images and WEKA to classify them.

1.7

Target Group

The targeted group could be developers or researchers who are interested in
Machine Learning and text classification.

1.8

Outline

Chapter 1: Introduces the subject with a background and relevant researches.
Chapter 2: Present the scientific method used for text classification using
OCR and Machine Learning tools.
Chapter 3: Presents the experiments pre-process and the tools used for txt
classification.
Chapter 4: Shows the result of the experiments.
Chapter 5: Introduces the discussion and the conclusion for the paper.
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2

Method

This chapter will cover the experiments of text classification and how they
will be carried out, starting from pre-processing images, and the tools that
will be used during this step. When the images have been pre-processed they
are feed through two different OCR engines, Tesseract (open-source) and
FineReader (commercial). Finally, feature extraction will be used to extract
the data that will be feed through a Machine Learning tool known as WEKA.

2.1

Scientific Approach

A quantitative research method will be used in this thesis. It will be carried
out through a series of experiments where data will be collected and used to
answer the research questions. A small group of images will be tested, and
the result will be recorded and compared with other groups until reaching the
number of images that is needed for a satisfying outcome.

2.2

Method Description

To answer the research questions a few steps needs to be fulfilled to carry out
the experiment. Each step solves a sub-question and it is also a part of the
whole process of text categorization. The goal of this thesis is to accurately
predict images, and it will be reached by using a few tools. OCR tools are
among the tools that will be used to help to achieve the goal. Finding the best
OCR tool is essential for this thesis to come up with an accurate result, and
two state-of-the-art OCR engines till be tested. The experiment will be
repeated twice on the same images, where images are the independent
variables. Next, WEKA will be fed with the data from Tesseract and
FineReader independently. The result from both experiments are considered
to be the dependent variables that will be compared depending on the
classification accuracy. Comparing the result based on the classification
accuracy is the key factor to know which OCR tool is the best for preprocessing images of receipts and invoices, and if it is possible to distinguish
between receipts and invoices with high accuracy.

2.2.1

GIMP

GIMP 2.8 is a free photo manipulation tool that will be used to convert
images to grayscale images and delete unwanted boxes and background to
make the prediction result more accurate. For more information, see [20].

2.2.2

Tesseract

Tesseract 3.02.02 is an open-source OCR engine that is rated as one of the
most accurate software in the market. It works as a converter from images or
handwritten documents to editable text [21]. Images will be read by Tesseract
after they have been pre-processed in GIMP.
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2.2.3

FineReader

FineReader 12 is a commercial OCR software to convert scanned documents
and images into editable text. It is a very accurate software and it supports up
to 190 languages in text recognition including the Swedish language that is
more than any OCR software on the market [22].

2.2.4

WEKA

WEKA 3.06.13 is an open-source software for Machine Learning, and it
stands for Waikato Environment for Knowledge Analysis. It has a collection
of algorithms including text classification which is our interest in this thesis.
It is a very popular tool for Machine Learning researchers and developers.
WEKA except only a particular data format known as ARFF which is a
collection of features or attributes of the documents for a certain class [8]. In
this thesis Naïve Bayes classifier will be used because it is the most common
method in text classification [23] [10].

2.3

Reliability

To see how important OCR engines are for classifying the images, two OCR
tools will be compared. The accuracy of the experiments depends on the
results collected from both OCR tools. To make the result as reliable as
possible, the amount of images will be more than 70 in total.

2.4

Ethical Considerations

In this thesis, a sensitive data are being tested. The data collected from Visma
have names, addresses, phone numbers and bank information. Therefore, it
will be removed to make sure that the privacy of data is not violated.
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3

Implementation

The process of classifying text into an invoice or a receipt begins with images
pre-processed into grayscale images using GIMP (see section 2.2.1) followed
by removing all sensitive data. Then the text will be extracted using Tesseract
and FineReader. Finally, the text will be classified using WEKA.

Pre%proccessing!images

Text!Extraction!using!OCR

Classifying

• GIMP

• Tesseract!and!FineReader

• WEKA

Figure 3.1: Flow chart of the text classification process.

3.1

Pre-process Image

The process starts by cleaning unnecessary OCR tags and numbers that could
affect the OCR recognition. Some documents have a light font-color that
needs to be adjusted by manipulating the color levels and adding filters to
make the font-color clearer. In the case of FineReader more pre-processing
steps are performed on the images to ensure clear readings and better
recognition results such as straightening curved text, removing motion blur,
reducing ISO noise, enhancing images, splitting facing pages, detecting page
orientation and increasing resolution.

Figure 3.2: Example of a pre-processed image.
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3.2

Text Extraction

As mentioned before in section 2.2 both Tesseract and FineReader are used
independently for the text extraction. Below are the results from Tesseract
and FineReader on a sample image.

Figure 3.3: Tesseract sample
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Figure 3.4: FineReader sample

3.3

Preparing The ARFF File

As mentioned earlier in section 2.2.4 WEKA has a particular data format
known as ARFF which is a collection of the features or the attributes of the
documents for a certain class [8]. The ARFF file also includes metadata and
for WEKA to read one string value instance that has to be in a single text line
which starts and ends with double quotes and separated by a comma followed
by the class name. Most of the time the data extracted from both OCR
engines are not in a single line, this a simple Java program has been
developed and is used to replace newlines with white spaces.
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public class NewLine_To_Whitespace {
public static void main(String[] args) {
String out=null;
String newtext=" ";
File file = new File("File location here…");
Scanner Scan = null;
try {
Scan = new Scanner(file);
} catch (FileNotFoundException ex) {
Logger.getLogger(NewLine_To_Whitespace.class.getName()).log(Level.SE
VERE, null, ex);
}
while (Scan.hasNext()) {
String text = Scan.nextLine();
out = text.replace(System.getProperty("line.separator"), "");
newtext=newtext+" "+out;
}
System.out.println(newtext);
}}

3.4

Text Classification

When adding the ARFF data into WEKA, a filter called StringToWordVector
is applied to convert all the string attributes in the file to a word vector that
represents the word occurrence [24]. After that choosing Naive Bayes
classifier based on the class attribute.

3.5

Training and Testing

To ensure more precise result and more reliable outcome in these
experiments, two test options have been used. The first one is called use
training set which means that WEKA will build an algorithm and train the
classifier based on the supplied data or the tested documents that are given in
the ARFF document, and then it will evaluate the accuracy on the same data
set again. The second one is called cross-validation that has the option to
decide the number of folds which in these experiments is set to the default
value ten. WEKA will use the data and create ten parallel folds where nine
folds are used for training and one for testing, the procedure will be repeated
ten times so that when the experiment is done each of the ten folds have been
used for testing [8].
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4

Results
The total number of tested images used in this thesis are 75 which consists of
a total of 37 receipt and 38 invoices. Each type of images been evaluated in
the two test options cross-validation and using training set as validation.
Table 4.1 shows the results from Tesseract and Table 4.2 shows the results
from FineReader using Naïve Bayes classifier.
Test
Number
1

Type of
Images
Normal
Images

2

3

Preprocessed
Images

4

Test Option

Accuracy

Use Training
Set
Cross Validation
Use Training
Set
Cross Validation

96%
86.6%
98.6 %
89.3 %

Table 4.1: Results from Tesseract engine.

Test
Number
1

Type of
Images
Normal
Images

Test
Accuracy
Option
Use
100 %
Training
Set
2
Cross 97.3 %
Validation
3
PreUse
100 %
processed Training
Images
Set
4
Cross 97.3 %
Validation
Table 4.2: Results from FineReader engine.
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Table 4.3 and Table 4.4 shows the error rates that clarify the presentation of
the results, were the documents are classified into a receipt or an invoice.
Each test has error rates and a set of numbers that shows where the
misclassification happens. In the first row of each test, the green numbers
show the correctly classified invoices and next to it in the second column a
number in red shows the incorrectly classified invoice to be a receipt, in the
second row is the same for receipts. For example, the first test in Table 4.3
shows 38 invoices are classified correctly, and 34 receipts but three receipts
are incorrectly classified as invoices. The shaded tests are the CrossValidation experiments and the ones without shading are the use Training
Data experiments.
Test Number

Classified as
Invoice

Receipt

1

38
3

0
34

2

37
9
37
0
35
5

1
28
1
37
3
32

3
4

Table 4.3: Error rates from Tesseract engine.
Test Number

Classified as

Invoice
1
38
0
2
37
1
3
38
0
4
37
1
Table 4.4: Error rates from FineReader engine.
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Receipt
0
37
1
36
0
37
1
36

5

Discussion and Conclusion

This thesis began with uncertainty if it is possible to classify receipts and
invoices from the images that Visma has provided. After a detailed research,
the outcome is that it is possible to classify these images and come up with a
strategy or a process for it. Classifying images have many methods, and the
approach that is chosen is very common in text classification, and is simple to
use. However, the only thing that could be different is the choice of the tools
to work with during the process. There are many Machine Learning tools
available, and is this project WEKA is used because it is free, powerful and
easy to use. During the search for OCR tools, the criteria is to find the most
accurate tool that has been used by many researchers and developers. Based
on this criteria two OCR tools are chosen, FineReader and Tesseract. For preprocessing the images, I was searching for any tool that have the ability to do
simple pre-processing and can convert the images to grayscale images is the
target. By using the selected tools, the results show an accurate prediction
from both OCR engines with both test options. However, pre-processed
images dose not have much more accuracy which demonstrate that the preprocessing step is unnecessary for the process of text extraction. Furthermore,
FineReader is much more accurate than Tesseract and is needed for reaching
a high prediction accuracy. Therefore, FineReader is much better than
Tesseract for text classification which at the end led to an accurate prediction.
RQ1
RQ1.2
RQ1.3
RQ1.4

Is it possible to classify receipts and invoices from images?
Which OCR tool is suitable to get text information from the
images?
Is there a quantifiable improvement in accuracy when preprocessing the images before applying them to the OCR tool?
How accurate is classification using machine learning of
receipts and invoices from the text information retrieved from
images?

Above are the research questions and we can say that all the questions have
been answered. The experiments proved that it is possible to classify images
into receipts or invoices. The results show that FineReader is the best for text
classification and that pre-processing step in FineReader did not affect the
result, because FineReader has its own pre-processing unlike Tesseract which
is performed using GIMP. However, the quantifiable improvement in the
research is this even though it is not statistically significant, but maybe it will
improve with a bigger data. For the last research question, the results show
that the accuracy is high when using Machine Learning.
The difference in the first test option Use Training Set on normal
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images from both OCR engines accuracy is 4% higher in FineReader which
shows that three images incorrectly classified using Tesseract, three receipts
are classified as invoices. However, the second test option Cross-Validation
shows a significant difference in accuracy of 10.7%. Again, two images are
incorrectly classified by FineReader but ten by Tesseract, see Tables 4.1, 4.2.
The second type of images have the best outcome that the results show. The
result of the first test option Use Training Set on both OCR engines shows a
slightly increased accuracy by 1.4% when comparing the results from both
OCR engines, but the most important finding is that when using FineReader
100% of the pre-processed images are correctly classified, and when using
Tesseract one image is incorrectly classified. When using Cross-Validation,
there is a difference of 8% between the two OCR engines see Tables 4.1, 4.2.
Generally, in all test options invoices has a lower number of
misclassifications compared to receipts. This is most likely due to that the
quality of the invoice images are generally higher and there are more invoices
than receipts. The goal of this thesis is to provide Visma with the possibility
to investigate more on the subject for real world scenarios. This thesis has a
limited scope and there are many things to investigate such as new tools and
algorithms to use. This thesis is limited to the Visma business case but also
applies to text classification in general. The topic of text classification is a
very active research area and new articles are shown up almost daily.

5.1 Further Research
Visma cares a lot about customer’s satisfaction and one way to enhance the
user experience is to bring more automatization for the end user. This thesis
investigates one such automatization option, but there are more to investigate.
The amount of images that Visma has provided is less than a hundred, but the
results are satisfying and if the approach is applied to a plenty of images the
result would be different. There is a possibility to research on what preprocessing step that significantly increased the accuracy and how to handle a
stream of data. Also, how to automatize the pre-processing and text
extraction? Which approach is much more precise, image recognition or text
recognition, and what is the difference between them, and what is the best
approach for large amounts of data?

5.2 Related Work
Here are some related techniques that are highly relevant such as deep
learning, in [25] [26] [27] are three models which are useful for further
investigation.
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G. Hinton et al. [25] proposed a model for Deep Boltzmann Machine (DBM)
which is suitable for the extracting of hidden topic structure of a collection of
documents. The model is useful for document classification by using
unsupervised learning method known as multinomial logistic regression
which represents a document as a bag-of-word. The model outperforms
known models such as Latent Dirichlet Allocation (LDA) and Neural
Autoregressive Density Estimators (DocNADE) in terms of classification and
tasks retrieval. They further examined the source of improvement and they
found out that it performs well on short documents.
G. Hinton et al. [26] proposed a generative model which have two layers, the
top layer represent a word-count vector of a document and the second layer
represent a learned binary code for the document. The greedy model is
efficient, more accurate and much faster than latent semantic analysis as in
[25]. The model is using unsupervised learning method, and it is useful for
regression and classification.
G. Hinton et al. [27] proposed a greedy model that can learn quickly even in
deep networks. The model have many hidden layers were the top two hidden
layers form an undirected associative memory and the remaining hidden
layers form a directed acyclic graph that converts the representations in the
associative memory into observable variables such as the pixels of an image.
The model gives better digit classification than the best discriminative
learning algorithms. Also, it outperforms discriminative methods on the
MINST database of hand-writing digits. The model is using unsupervised
learning method, and it is useful for classifying, character recognition and
image recognition.
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