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Abstract 

Nowadays, most of the documents are stored in electronic form and there is a high 

demand to organize and categorize them efficiently. Therefore, the field of 

automated text classification has gained a significant attention both from science 

and industry. This technology has been applied to information retrieval, 

information filtering, news classification, etc. The goal of this project is the 

automated text classification of photos as invoices or receipts in Visma Mobile 

Scanner, based on the previously extracted text. Firstly, several OCR tools 

available on the market have been evaluated in order to find the most accurate to 

be used for the text extraction, which turned out to be ABBYY FineReader. The 

machine learning tool WEKA has been used for the text classification, with the 

focus on the Naïve Bayes classifier. Since the Naïve Bayes implementation 

provided by WEKA does not support some advances in the text classification field 

such as N-gram, Laplace smoothing, etc., an improved version of Naïve Bayes 

classifier which is more specialized for the text classification and the 

invoice/receipt classification has been implemented. Improving the Naive Bayes 

classifier, investigating how it can be improved for the problem domain and 

evaluating the obtained classification accuracy compared to the generic Naïve 

Bayes are the main parts of this research. Experimental results show that the 

specialized Naïve Bayes classifier has the highest accuracy. By applying the Fixed 

penalty feature, the best result of 95.6522% accuracy on cross-validation mode 

has been achieved. In case of more accurate text extraction, the accuracy is even 

higher. 

 

Keywords: text classification, Naïve Bayes, OCR tools, classifying receipts or 

invoices 
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1 Introduction  
In this chapter an introduction to the thesis project is given. It starts with the 

background of the research area: theories necessary to understand the project and 

terms used in the report. Then the research problem and its motivation are 

described. Next section presents the contributions. The research problem is broken 

down into several research questions (RQ), which state exactly what is to be 

investigated in the project. The Research questions section additionally contains 

statements about tentative and expected answers of research questions. Then the 

scope of the project and its limitations are described. In the next section the target 

group (stakeholders) that might be interested in this project is proposed. Finally, 

the structure of the rest of the report is outlined. 

1.1 Background 

Machine learning is a branch of artificial intelligence that focuses on the 

study of computer algorithms and techniques that are able to learn on the basis of 

using previous experiences gained from similar situations, i.e. to improve their 

performance automatically through experience [1] [2]. System that is expected to 

learn, gets and learns certain information from one example, then gets more 

information from second example and so on. In this way it generalizes the 

situation to be learned [2]. Software which uses machine learning techniques and 

algorithms to learn from previous data and experiences, can predict new situations 

which may arise in the future. This kind of predictions plays a significant role for 

the important areas such as human life, time, cost [2]. 

The machine learning techniques (methods) are divided into several 

common types: Rote Learning, Explanation-Based Learning, Learning from 

Instruction, Learning by Deduction, Learning by Analogy and Inductive Learning 

[3]. The simplest machine learning method is the Rote Learning [3]. It is a 

memory, that is to store the new knowledge and retrieve it when necessary. 

Explanation-Based Learning is based on the interpretation. It learns the concept 

knowledge by analysing the current instances, explaining nature of a token [4]. 

Learning from Instruction is based on the guidance and suggestions and is similar 

to the teaching process of humans [3]. The deductive reasoning is used for 

Learning by Deduction method, which makes a conclusion based on the axiom. 

The inverse process of deductive reasoning is inductive reasoning [3], which is 

used for Inductive Learning method. Learning by Analogy method uses the 

similarity between two different domains of the knowledge and can learn from it 

[3]. Depending on the requirements and the purpose of using a machine learning 

technique, the corresponding methods could be used. 

The areas of application of the machine learning techniques are the 

following: data mining, information filtering, natural language understanding, 

automated reasoning, medical diagnosis, computer vision, pattern recognition, 

robotics, expert systems, network optimization in telecommunication, signal 

processing in electrical engineering, psychology and neurobiology in 

bioinformatics, etc. [5] [3] Machine learning techniques are also applied for a 

field called document classification. 

Document classification is the task to assign a set of documents to a set of 

predefined classes, which can be done manually or automatically [6]. The manual 

classification is to classify the documents intellectually, which has mostly been 

used in library science. While the automatic classification is to classify the 
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documents algorithmically, which is mainly used in information science and 

computer science. 

Automatic document classification has the main three sorts: supervised, 

unsupervised and semi-supervised document classification. The supervised 

approach uses some external information (e.g. received from humans) on the 

correct classification. In semi-supervised classification only parts of the 

documents are labelled externally. Unsupervised classification (document 

clustering) must be performed without any external mechanism [6]. 

There are two main approaches of document classification: content-based 

and request-based [6]. Content-based classification is classification depending on 

the contents of the document, the weight of the document subject is considered, 

e.g. the number of occurrences of a word in a document, in case of automatic 

classification. Request-oriented classification is the classification of documents 

based on the users’ request, may be targeted towards a particular audience or user 

group. 

For each kind of documents (texts, images, music, etc.) there is a particular 

notion of classification problem, e.g. text classification, image classification, etc. 

By default, the document classification refers to the text classification [6]. 

Text classification is a very popular area of research due to the continuously 

increasing amount of digital data and online documents [7]. Furthermore, there is 

a need   for organizing electronic documents automatically and efficiently. This 

technology has been applied to information retrieval, information filtering, news 

classification and content management in industries [7].   

To classify text, machine learning algorithms can be used. Popular and 

common algorithms for text classification are: Naive Bayes, Support Vector 

Machine, Decision tree, etc. 

Naive Bayes gains popularity due to its simplicity and good practicality [8] 

[9] [10]. Furthermore, as stated in [10] this algorithm could provide better (at least 

competitive) performance than the other popular ones. Naive Bayes algorithm has 

been employed in many applications and has been shown to work well for spam 

filtering and news article classification [7] [9] [11]. Other benefits are: it copes 

well with attributes of different size, works well for continuous learning and does 

fast learning [8] [12]. 

Naive Bayes is a probabilistic classifier that assumes that all terms of the 

documents are independent [7] [13]. Its basic idea is to estimate the probability 

that a document belongs to a class via Bayes’ theorem:  

P (c | D) = P (D | c) * P (c) / P (D), 

where D is a document and c is a target class, P (c) is the class prior probability, P 

(D) is the probability of a document and P (D | c) is the posterior probability of a 

document given its class [14] (more details in the section 4.4). The document D is 

then assigned to a class based on the highest P (c | D) probability [8]. 

In order to classify images based on the text information, the text should be 

first extracted from images. For that an OCR technique is usually used. OCR 

(Optical character recognition) is the conversion of images of typed, handwritten 

or printed text into electronic text [15]. An image might be a scanned document, a 

photo of a document, a scene-photo, etc. It is widely used to digitise printed texts 

(passport documents, bank statements, invoices, receipts, business cards, mail, 

etc.) which can be then edited, searched, published online, used in machine 

learning processes, etc. This is a common technique in such fields as artificial 

intelligence, pattern recognition and computer vision [15]. 



6 
 

There are a lot of OCR tools available on the market. Advanced systems 

support many image file formats, keep the document formatting, support many 

languages and fonts and have high recognition accuracy. 

1.2 Problem Statement & Motivation 

Nowadays, most of the documents are stored in electronic form, and there is 

a high demand to organize and categorize them efficiently. Therefore, the field of 

automated text classification has gained a significant attention both from science 

and industry. This technology has been applied to information retrieval, 

information filtering, news classification, etc. 

The research problem for this project is the automated classification of the 

photos in Visma Mobile Scanner as invoices or receipts based on the text 

information extracted from the photos. 

Visma Spcs AB is focused on developing financial software products. One 

of their products is Mobile Scanner which is used to take photos of receipts and 

invoices. These images can be also transferred further to another software for the 

purpose of financial handling, e.g. bookkeeping or expense management. 

Currently this photo with a meta data is sent to the administrative system, which 

contains a large amount of data. The company’s goal for this product is to make 

more automated predictions for the users by leveraging the data in their system. 

One concrete case for a prediction (and the goal of this project) is the automated 

categorizing of the photos added to the system, since currently the images are 

labelled as invoices or receipts by users. There are two options to do that: 1) 

classify the images based on the text information (previously extracted from the 

images) or 2) classify the images based on the image information. This project is 

focused on the first approach only: to extract the text information using an Optical 

Character Recognition (OCR) tool, then using a Machine Learning algorithm to 

categorize the photos based on the extracted text. 

Since the documents required to be classified are previously labelled by 

users as invoices or receipts, the supervised approach of automatic document 

classification is followed here. The classification depends on the contents of the 

document, therefore this research is based on the content-based approach. 

1.3 Contributions 

In order to solve the research problem, the following key steps were 

performed (Figure 1.1). 

 

Figure 1.1: Key steps of the project. 
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Before doing the classification of images based on the text information, the 

text should be first extracted from the images. For the text extraction an OCR tool 

was used. Several tools were investigated to find the most accurate, which turned 

out to be ABBYY FineReader. Both manual and automatic text extraction using 

OCR tool were studied, but the focus is more on the automatic extraction as more 

likely to be used.  

After the text extraction, the TextDirectoryLoader converter was applied to 

convert the text into the ARFF (Attribute-Relation File Format) format, which is 

used by WEKA.  

The machine learning tool WEKA with provided there ZeroR and Naïve 

Bayes classifiers was used for the text classification, with the focus on Naïve 

Bayes. Naïve Bayes algorithm was chosen to classify the images, because of some 

important properties such as its simplicity, efficiency and ability to learn 

incrementally. 

There is much research with the focus on improving Naïve Bayes algorithm 

and the classifier performance for the text classification (described in details in the 

Literature Survey chapter), since originally it was not intended for this kind of 

classification. This research does not improve the algorithm itself, but does 

improve the classification performance by means of adding some features.  

Since the Naïve Bayes implementation provided by WEKA does not 

support some advances in the text classification field such as N-gram, Laplace 

smoothing, etc., the improved version of Naïve Bayes classifier which is more 

specialized for the text classification and the receipt/invoice classification (our 

problem domain) was implemented and used.  

Finally, the results obtained from using the new implemented Naive Bayes 

classifier were evaluated and compared with that using the baseline classifiers 

(WEKA’s ZeroR and Naïve Bayes). 

1.4 Research Questions 

RQ1 Does a Naive Bayes classifier specialized for the problem domain 

has better classification accuracy compared to the Naive Bayes 

classifier provided by the WEKA framework? 

RQ2 Is it possible to classify invoices vs receipts with (close to) 100% 

accuracy, which is necessary for full automation? 

 

The first research question hopefully will have a positive answer. Since the 

research is mostly focused on the improving of the Naïve Bayes classifier, the 

goal is to get higher accuracy. Probably by making the classifier specialized for 

the problem domain: applying additional features like Laplace smoothing, 

removal of unnecessary invoice/receipt specialized words, etc. the classification 

accuracy will increase. 

The expected answer on the second research question is also positive (or 

half-positive). Full automation requires 100% accuracy, but it is not required for 

the project to create the full automated system, the goal is to receive at least 90-

95% (close to 100%) classification accuracy. Since the text classification is 

performed on the text extracted from images (not highly accurate text), it will 

most likely not be possible to achieve 100% classification accuracy.  
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1.5 Scope/Limitation  

There are basically two options to categorize the photos: based on the text 

information or based on the image information. This project is limited to the first 

approach only: to classify the images based on the text information. 

For the text extraction, only five of the OCR tools available on the market 

were evaluated. For the text classification, not all possible Machine Learning 

algorithms were considered, but only two: Naïve Bayes and Zero R, with the 

focus on the Naïve Bayes classifier because of its simplicity, efficiency and other 

important properties, described above. 

1.6 Target group  

Most of the companies work with different kinds of financial documents and 

they need to classify them. Therefore, any enterprise dealing with documents and 

data in the financial sector, especially with invoices and receipts might be 

interested in this research.  

Another kind of stakeholders could be the researchers working in the text 

classification field, especially focused on the Naïve Bayes algorithm. There are 

many studies that are trying to improve the text classification in a particular 

domain. The idea of making a classifier specialized for the problem domain might 

be useful for some of them.  

This work could also be useful for those who are working on the OCR 

problem. The comparison of different OCR tools and the description of the text 

extraction process presented here might be helpful both for the regular users and 

researchers. 

1.7 Outline  

The rest of the report is organized as follows. In Chapter 2 the previous 

works on text classification and particularly on Naïve Bayes algorithm are 

discussed. Chapter 3 describes the scientific approach used to answer the research 

problem and questions. The implementation part is described in Chapter 4. 

Chapter 5 contains the experimental results, discussion of the findings and if the 

research questions have been answered. Finally, Chapter 6 ends the report with a 

conclusion of the findings and future directions.  
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2 Literature Survey 
In this chapter the previous research is described. Firstly, the research works on 

machine learning are concerned, and then – research in the field of text 

classification and Naïve Bayes algorithm specifically. 

2.1 Machine Learning 

In [16] the overview of Machine Learning (ML) field and its application in 

Software Engineering (SE) is given. Additionally, some common machine 

learning algorithms and their characteristics are described. Then the analysis of 

previous works and discussion of general ML issues are presented. Finally, they 

guide how to apply ML methods to SE tasks. 

In [3] a study on ML is presented: the concept, strategy, structure of 

machine learning system. Then the common learning methods and strategies are 

described, compared and analysed: Rote Learning, Explanation-Based Learning, 

Learning from Instruction, Learning by Deduction, Learning by Analogy and 

Inductive Learning. 

Similar research is [4]. This work introduces ML, its structure and describes 

main ML methods similar to [3] paper. It also describes the objectives and the 

development trend of machine learning. 

In [1] they focus on supervised learning and so-called Pareto-based multi-

objective learning. It contains an overview and number of case studies to show the 

key benefits of this approach. The comparison and discussion of three main 

approaches are presented in details. Finally, they suggest future works for multi-

objective machine learning. 

In [5] the authors use cooperative learning approach (“where one or more 

team of learners work together towards reaching a better understanding of a 

specified task” [5]) and propose a cooperative machine learning system, which is 

used for the diagnostic application. 

In [17] a new machine double-layer learning strategy, which combines the 

advantages of Artificial Neural Network (ANN), Support Vector Machine (SVM) 

and Genetic Algorithm (GA), is proposed. ANN/ SVM is used for inner layer and 

GA – for outer layer. The proposed method is applied for nonlinear time series 

forecasting. 

In [2] the overview of machine learning and data mining is given. Then the 

classification algorithms in ML are discussed. These algorithms are applied to a 

group of individuals during the process of vocational guidance. 

2.2 Text Classification 

Much research has been done in the field of automated text classification. 

Firstly, the works which give an overview of key text classification technologies 

and a comparing and combining of different classification algorithms are 

described. 

In [18] the main text classification techniques such as feature selection 

methods and algorithms for text classification are discussed. They focus on K-

Nearest Neighbour and Support Vector Machine algorithms, and they present an 

implementation of a text classification system based on Mutual Information. The 

experimental results show that Mutual Information is an efficient method for 

datasets with huge features. 
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In [19] the authors study the main machine learning approaches for text 

classification. But they focus more on Naive Bayes and Support Vector Machine 

algorithms. The results of evaluating Spanish and English datasets show that the 

performances for each language are similar. 

In [20] firstly an overview of the main text classification techniques and 

approaches is presented. Then the concepts and usage of Rough Set based theory 

and techniques (to more precisely classify the textual documents) are 

demonstrated. The results show that the proposed approach is effective and 

practical. 

In [21] the authors present a good structural framework of the text 

classification process (Figure 2.1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1: The structural framework of the text classification process [21]. 

 

Text classification process is divided into two main steps (phases): training 

and testing [21]. Training phase gets a set of labelled documents as an input and 

has the classified model as an output. During the testing phase the model is used 

to classify unlabelled text documents. The first step of both training and testing 

phases is the pre-processing of text, then the feature selection step. During 

training, a text classification algorithm is used to get the classified model, and 

then using this model unlabelled text documents are classified during the testing 

process [21]. 

In [21] a novel feature voting model and a bag-of-words based feature 

voting algorithm for text classification is also proposed. This algorithm classify 

document according to the feature values. The experimental results show that the 

proposed method has higher efficiency and accuracy than the other state-of-the-art 

methods. 

In [13] the authors analyse three commonly used text classification 

algorithms: Naïve Bayes, Decision Tree and Support Vector Machine. They are 

using WEKA tool to conduct experiments. Based on the results, the performance 

of Support Vector Machine is the best, Naïve Bayes’ – second and Decision tree’s 

performance is the minimum. They conclude that classification accuracy and 

performance not only depends on an algorithm selection, but also the differences 

between corpus categories. 
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In [22] an approach based on combining classifiers for multi-class text 

categorization is proposed. They combine Naïve Bayes, k-Nearest Neighbour and 

Rocchio classifiers using classifier fusion methods. The dataset they use contains 

2000 documents from 20 newsgroups. The results show that the classification 

error decreased 15%. 

In [23] the authors use three classification methods Naive Bayes, K-Nearest 

Neighbour and Support Vector Machine to predict personality based on text 

written by Twitter users. 

The overview of the research in [23] is shown in Figure 2.2.  

 

Figure 2.2: Overview diagram of research in [23]. 

 

Firstly, the system retrieves user’s tweets and their usernames. Then the text 

from users is pre-processed, also the pre-processing is done for the Personality 

dataset (MyPersonality is a Facebook application that based on questionnaire 

predicts the user’s personality [23]). The pre-processing step contains: Tokenizing 

(split sentence into words), Stemming (stem the words with the same root word), 

Filtering (remove stop words), Weighting (calculate Tf-Idf for each word), 

Reducing collection frequency (total number of instances in the dataset). For the 

classification process they are using Naive Bayes, K-Nearest Neighbour and 

Support Vector Machine algorithms. The output contains primary personality 

characteristics and secondary personality characteristics, obtained by combining 

two traits [23]. The results show that Naive Bayes slightly outperformed the other 

algorithms with 60%. 
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2.2.1 Naïve Bayes 

Since originally the Naïve Bayes algorithm was not specialized on text 

classification, it shows some disappointing results in this domain [7] [11]. For this 

reason, most of the mentioned below research papers propose different techniques 

for the improving Naïve Bayes classifier. 

In [24] a Naïve Bayes method based on base noun phrase (BaseNP) 

identification with maximum entropy model is presented (Figure 2.3). Firstly, 

user-defined feature templates are used to extract candidate features from all 

words set. Secondly, the features are selected from candidates using a feature 

selection algorithm. Finally, the improved iterative scaling algorithm is used for 

the parameter estimation. 

Figure 2.3: BaseNP identification based on maximum entropy model presented in 

[24]. 

 

The experimental results show that the precision and recall rates of roughly 

93% were achieved and the classification accuracy is remarkably improved to 

87.5%. They conclude that the text classification is better if the accuracy of 

BaseNP identification is higher. 

In [25] in order to improve Naïve Bayes algorithm, KL-divergence (relative 

entropy) between the words is combined. The improved algorithm, called INBA 

has higher classification accuracy, it is more practical and effective, proven by 

theory and experiment analyses. 

In [26] the authors focus on email classification. They have explored the 

usage of Naïve Bayes for this domain and have developed a spam email detector. 

To train the spam email detector, pre-classified emails (spam or ordinary emails) 

are used.  
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In [9] the authors suggest two methods: a per-document text normalization 

approach by introducing Poisson Naive Bayes text classification model and a 

feature weighting method to improve the performance. The experimental results 

show that the proposed methods are useful for probabilistic classifiers, and could 

work as an alternative to the traditional Naïve Bayes classifier. They improved the 

performance of the classifier, but not enough to outperform the Support vector 

machine classifier. 

In [8] the authors focus on the feature weighting strategy either. In addition, 

they have proposed an interesting approach for the incremental feature update. 

Since in real-world systems the training set is constantly updated, the algorithm 

should have an ability to incrementally update the classification model. Naïve 

Bayes support this, which is an advantage over Support Vector Machine and 

Decision tree algorithms, since they have to be re-trained with the whole training 

set when new instances are added. Subsequently this feature could be also useful 

for our project. 

In [7] a novel text classification approach with positive features selected by 

CHIR algorithm (an approach based on statistics) is proposed. The main steps of 

the proposed algorithm for the training and testing phases are shown in Figure 2.4 

and Figure 2.5 respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.4: Algorithm for Training proposed in [7]. 

 

The algorithm for training starts with pre-processing of training documents, 

which includes removal of stop words and stemming. Porter algorithm is used for 

stemming, which choses only words from the dictionary [7]. Then the CHIR 

algorithm is applied to extract features from the training documents. The selected 

features represent the attributes for the classifier [7]. Finally, the Naïve Bayes 

classifier model is built. 

The algorithm for testing also begins with pre-processing. Then the selected 

features from CHIR algorithm form testing input for classifier. Finally, the 

classifier with the training model performs testing (classifies the testing 

document) [7]. The proposed in [7] method improves the accuracy, but does not 

work well with small training sets. 
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Figure 2.5: Algorithm for Testing proposed in [7]. 

 

In [11] the focus is on the theoretical reasons of the disadvantages of the 

Naïve Bayes classifier. The authors propose some modifications (by decreasing 

the word counts) of the classifier to improve its performance and classification 

accuracy. The proposed approach is applied for spam filter classification. Results 

show that the improved Naïve Bayes classifier is more effective than the general 

one.  

In [12] a hybrid model for text document classification is proposed (Figure 

2.6). Naïve Bayes algorithm in combination with Rough set theory for feature 

reduction is used. 

Firstly, the dataset is splitted into a training set and a test set. The next step 

is the document pre-processing, which includes tokenization (tokenize the file into 

individual tokens), stop word removal (remove the words with no meaning) and 

stemming (stem the words with common root word) [12]. Then is the feature 

selection process. The system is provided with pre-defined categories to be used 

for the Naïve Bayes text classification. The model formed by the proposed 

architecture is used to classify the test document and returns as an output the 

category of that document. 

The proposed in [12] method improves Naïve Bayes classification accuracy 

through feature reduction, which makes a hierarchy of words rather than the bag 

of words. 
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Figure 2.6: Architecture of the proposed in [12] system. 

 

In [27] the focus is on the topic tracking problem. They use vector space 

model (VSM) for the pre-processing of topics, and then Bayesian text 

classification model to develop a topic tracking system, which results in a good 

performance. In this way they show that a Naïve Bayes algorithm is effective for 

the problem of topic tracking. 

In [28] the authors study how to improve the accuracy of classifier for 

multi-class text categorization. They use Naive Bayes algorithm and compare Flat 

(linear) and Hierarchical classification techniques. The results show that 

Hierarchical multi-class classification, generating hierarchy of the available 

training classes, is more effective than Flat classification. 

In [29] a mammographic structured report classifier is presented. They use 

Naïve Bayes to classify a structured report as healthy or pathological. 

Additionally, Information Retrieval techniques are used to improve the 

classification process. The dataset contains real clinical report coming from a 

hospital server. This research is a starting point of developing an automatic 

classification tool for new mammographic report. 

In [14] the authors propose a method for classifying big data. They use the 

Naïve Bayes algorithm and combine it with a technique called map reduce. The 

architecture of their method is shown in Figure 2.7. 
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Figure 2.7: Architecture of the proposed in [14] system. 

 

The documents from the training set are pre-processed and then passed to 

the Naïve Bayes classifier to create the knowledge base. The testing data is taken 

from the internet, pre-processed and then classified using Naïve Bayes. 

Two key steps are the pre-processing and text classification. The pre-

processing step contains 4 processes (Figure 2.8). Firstly, the appropriate content 

of web pages is extracted. The second process is called tokenization – splitting 

text into tokens (words, numbers, etc.) using regular expressions. Then they 

remove stop words (using the existing stop word list). Finally, the fourth and last 

process is called stemming, which is used to map the words with the same root 

word. The map reduce algorithm is implemented for this process. 

The text classification step contains two phases: training and testing. They 

are using feature extraction for both phases. During the training phase the 

knowledge is built, which is used for the text classification during the testing 

phase (Figure 2.9). They were able to achieve an accuracy of 98.8% on the 

dataset, containing Wikipedia articles from animal and plant domain. 
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Figure 2.8: Pre-processing process of the proposed in [14] system. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.9: Text classification process of the proposed in [14] system. 
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In [30] the authors present an implementation of Naïve Bayes text 

classification mapped in a new computing model Topo-MapReduce on a 

multicore processor. MapReduce model, which principle is shown in Figure 2.10, 

is used for processing large key-value pairs dataset.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.10: MapReduce principle in text classification [30]. 

 

The difference between an original MapReduce and an optimized mapping 

scheme is that the inter-core communication decreases significantly, because the 

map reduce tasks are limited (restricted) to a local area. The results show that the 

proposed Topo-MapReduce (compared to the original MapReduce) speeds up the 

Naïve Bayes algorithm by 29% at maximum. 

In [10] the authors present a Bayesian classification approach using class-

specific features. It is applied for feature reduction in order to improve the 

classifier’s accuracy. The advantage of the proposed method is that the existing 

feature selection criteria might be integrated. The results have shown the 

performance improvement compared with the other common feature selection 

methods.  
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3 Method 
The research methods used in the project are mostly quantitative. The set of 

experiments was conducted to answer the research questions.  

3.1 Scientific Approach  

In order to answer the first research question, the results obtained after using 

WEKA’s Naïve Bayes classifier were compared with the results of using an own 

implemented classifier. Since some additional features such as removal of special 

characters, removal of unnecessary words, Laplace smoothing, etc. were added to 

a new implementation, the result of each combination of these features was 

compared with the result of using the WEKA’s Naïve Bayes. The results from the 

following set of experiments were compared: 

1) Evaluate the dataset using WEKA’s NaiveBayes and 

NaiveBayesMultinomial (on training set and 10-fold cross-validation): 

with or without removing of unnecessary words; 

2) Evaluate the dataset using the own implementation (on training set and 10-

fold cross-validation): with or without N-gram, with Laplace smoothing or 

Fixed penalty, with or without removing of special characters and with or 

without removing of unnecessary words. 

The method used to answer the second research question was to apply the 

second set of experiments mentioned above, based on the own implemented Naïve 

Bayes classifier. Each combination of the features added to the new 

implementation was used to evaluate the dataset, the results were compared, then 

it was checked if the best result is close to or equal to 100%.  

3.2 Method Description  

The architecture of the proposed approach is presented in Figure 4.1. As an 

input there was the set of photos: 46 invoices and 46 receipts. These images were 

passed in ABBYY FineReader tool in order to extract text. As an output of OCR 

(Optical Character Recognition) a set of invoices and receipts in a text format was 

obtained. Then using TextDirectoryLoader converter the text directory of 

documents was converted to an ARFF file. Once the dataset was presented in the 

ARFF format, the text classification could be performed. Firstly, the documents 

were classified using WEKA’s Naïve Bayes classifier. Thereafter, the specialized 

Naïve Bayes was implemented and used for the text classification, with some 

additional features such as: Removal of special characters, Removal of 

unnecessary words, Laplace smoothing or Fixed penalty and N-gram. Finally, the 

results were compared and evaluated. 

By comparing this research with the other research considered during the 

project and described in the Literature survey chapter, the following can be 

concluded. The text classification process of the proposed in this research 

approach is similar to the one described in [14] (Figure 2.7). The pre-processing 

process includes tokenization and stop words removal as in [14], otherwise is 

different. The architecture of other described papers is mostly specific to the 

proposed there algorithms and techniques, therefore the only similarities to this 

research are that they both are using Naïve Bayes classifier and have some 

identical pre-processing steps like stop words removal. 
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Figure 4.1: Architecture of the proposed approach. 

 

In order to evaluate the dataset, the machine learning tool called WEKA was 

used. WEKA is an open source software, a collection of machine learning 

algorithms, which can either be applied directly to a dataset or called from the 

Java code [31]. It is also suitable for developing new machine learning algorithms. 

WEKA contains tools for the pre-processing, classification, clustering, 

visualization, etc., and it can also be used for a big data. 

WEKA’s ZeroR, Naïve Bayes and NaiveBayesMultinomial classifiers were 

used as a baseline to evaluate the dataset. Naïve Bayes was chosen because of 

some important properties described in the Introduction chapter.  

ZeroR is the simplest classifier, only predicts the majority class correctly. It 

ignores all predictors and relies on the target only [32]. ZeroR is commonly used 

as a baseline classifier, to determine a baseline performance for other 

classification algorithms. 



21 
 

Naive Bayes is a probabilistic classifier, based on the Bayes theorem [7]. 

Assuming that D is a document and c is a target class, the probability that a test 

document (an instance) D belongs to class c is: 

P (c | D) = P (D | c) * P (c) / P (D) 

Since the denominator in this equation does not depend on the target class, it 

can be left out [7]. Prior probability P (c) is computed as follows: 

P (c) = Nc / N, 

where Nc is the number of instances of class c and N is the total number of 

instances. 

For computing posterior probability P (D | c) different models can be used: 

maximum Likelihood model (MLM), multivariate Bernoulli model (MBM), 

Multinomial model (MM), Poisson model (PM), etc. Multinomial is the 

commonly used model [13] (NaiveBayesMultinomial in WEKA), which uses bag-

of-words, containing number of times each word appears in the document.  It has 

the following method of calculation posterior probability [14]: 

P (D | c) = ∏wi∈D P (wi | c), 

where document D = {w1, w2, w3, ..., wn}, n is a total number of features (words) 

in the document and  

P (wi | c) = count(wi,c) / count(c), 

where count(wi,c) is the number of occurrences of word wi in class c and count(c) 

is the number of instances of class c. 

In this way, for each instance the probabilities belonging to each class 

(invoices and receipts) should be calculated. The highest probability determines 

the class.  

To clarify how the calculations are made, a simple example is presented 

below. Let “This is an invoice” be the string value of an instance D, then  

P (invoices | D) = P (D | invoices) * P (invoices), 

P (receipts | D) = P (D | receipts) * P (receipts). 

Let the number of invoices equal 46, and the number of receipts equal 46, 

then 

P (invoices) = 46 / 92, P (receipts) = 46 / 92. 

In order to calculate P (D | invoices) and P (D | receipts), the probability for 

each word of an instance D belonging to a class should be calculated i.e. 

P (This | invoices) = 20 / 46, 

P (This | receipts) = 5 / 46, 

P (is| invoices) = 25 / 46, 

P (is| receipts) = 5 / 46, 

P (an | invoices) = 30 / 46, 

P (an | receipts) = 15 / 46, 

P (invoice | invoices) = 45 / 46, 

P (invoice | receipts) = 1 / 46, 

where 20, 5, 25, etc. are random numbers corresponding to the number of 

occurrences of a word in a class. Then  

P (D | invoices) = 20 / 46 * 25 / 46 * 30 / 46 * 45 / 46 ≈ 0.15, 

P (D | receipts) = 5 / 46 * 5 / 46 * 15 / 46 * 1 / 46 ≈ 8.38E-5. 

And now the probabilities that the instance D belongs to each class equal: 

P (invoices | D) = 0.15 * 0.5 = 0.075, 

P (receipts | D) = 8.38E-5 * 0.5 = 4.19E-5. 

Since the highest probability determines the class, i.e. 0.075 > 4.19E-5, then 

an instance D with a string value “This is an invoice” belongs to the class 

invoices. 
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After implementing the basic Naïve Bayes, it was improved by means of 

additional features, such as Removal of special characters, Removal of 

unnecessary words, Fixed penalty, Laplace smoothing and N-gram. 

Removal of special characters: In order to reduce the words count and 

normalize them, the special characters like newlines, commas, semicolons, etc. 

should be removed.  

Removal of unnecessary words: Most likely, removing the stop words 

(e.g. the, and, of, etc.) should increase the accuracy of a classifier. But in case of 

invoice/receipt domain it could be inappropriate, because such financial 

documents do not contain much sentence based text, they mostly contain tables, 

short phrases money amounts, etc. Besides, invoices are more likely to contain 

sentences than receipts are. Another category of unnecessary words is domain 

oriented. Both invoices and receipts usually contain words such as kr, sek, st 

(pcs), tel (phone), total, summa (total), att betala (to pay), etc. Therefore, these 

words could be removed. 

Laplace smoothing and Fixed penalty: In order to avoid zero probability 

for words with zero occurrences, a technique such as Laplace smoothing or Fixed 

penalty is usually applied. For the Laplace smoothing, the probability that a word 

belongs to a class is computed as follows: 

P(wi|c) = (count(wi,c) + k) / (count(c) + k * |V|), 

where k is the smoothing parameter, and |V| is the vocabulary size. For the Fixed 

penalty, in case if count(wi,c) equals zero the probability  

P(wi|c) = k, 

where k could be equal to a value close to zero. 

N-gram: N-gram is based on the Markov assumption, that the probability of 

some future unit can be predicted without looking too far in the past [33]. An n-

gram of size 1 is a "unigram", of size 2 is a "bigram" and so on. The bigram 

model, for example, approximates the probability of a word given all the previous 

words by using only the conditional probability of the preceding word [33]. This 

kind of n-gram was used for the project, instead of using unigrams. The string 

value of an instance was splitted to 2-word strings instead of 1-word strings in the 

following way: e.g. the string “A classifier was implemented” was splitted to “A 

classifier”, “classifier was”, “was implemented”. 

To test the Naïve Bayes classifier provided by WEKA, the dataset was 

evaluated two times – in two test modes: on training data and 10-fold cross-

validation, which splits the dataset into 90% of training set and 10% of test set.  

Another set of experiments (testing the own implementation) was conducted 

using the same approach: each experiment with or without removing special 

characters and unwanted words, with or without N-gram, etc. conducted twice (in 

both test modes). 

After evaluating the dataset using different implementations of Naïve Bayes 

the results were compared in order to find out which one had better classification 

accuracy (to answer the first research question). When the result with the highest 

accuracy was found, it was evaluated how close it is to 100% (to answer the 

second research question). 

3.3 Reliability & Validity 

One of the reliability issues is that the classifier could give different results, 

depending how accurate the text was extracted from images. An OCR tool rarely 

gives perfect result. If the text extraction is performed using OCR tool, but some 

steps are performed manually, e.g. analysing the layout or correcting the text at 
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the end, then the extracted text is more accurate. By doing this, the classification 

accuracy may also increase. 

Another reliability issue is that the classification accuracy may also differ, 

depending how big the dataset is. If the dataset is too small, the classification 

might not be reliable (the accuracy is lower or higher than it should be), however, 

if the dataset is too big, the classification accuracy might be much lower than if 

the dataset is big enough. 

Since the limited dataset from only one company was used, it could not be 

argued that the results are generalizable, which is the validity threat of the project. 

Another validity issue is that the choice of the most accurate OCR tool is based on 

some heuristics and does not mean that it is perfect and the best. 

3.4 Receipts and Invoices Format 

Some of the documents are samples of invoices and receipts, and some of 

them are real non-confidential documents. Samples of invoices have the 

corresponding format: usually contain tables with items, fields to fill in the date, 

address, telephone, etc., but no personal data is included (Figure 3.1). 

 

 
 

Figure 3.1: Example of an invoice sample. 

 

Other invoices are real documents, they usually contain an invoice number, 

date and due date, a company name, address, phone number, a customer name and 



24 
 

address, a list of the products or services provided and the cost of each of these, a 

total amount for the invoice and the payment terms (Figure 3.2). 

 

 
 

Figure 3.2: Example of an invoice. 

 

The receipts usually contain the limited buyer’s information, and the 

complete seller’s contact information. They also contain a list of products or 

services with the cost of each, the total amount and taxes, a method of payment 

and other payment details (Figure 3.3). Depending on the type of a receipt, it 

might contain more or less personal data. 
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Figure 3.3: Example of a receipt. 

 

3.5 Ethical Considerations 

The dataset does not contain any real user’s personal data. As described 

previously, samples of invoices or receipts do not contain personal data at all. 

Other documents are real, but non-confidential and not belonging to the real users. 

Since no personal data included in the documents of the dataset is confidential, it 

does not need to be anonymized. 
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4 Implementation 
The realization part is divided into two main parts: OCR (text extraction) and Text 

classification. Each of them will be discussed in more details below. 

4.1  OCR. Comparison 

After looking through some sources on the internet [34] [35] [36], five of 

the most popular OCR tools available on the market were chosen to be evaluated: 

Tesseract (FreeOCR and Free Online OCR), Adobe Acrobat, OneNote and 

ABBYY FineReader. The tools were tested with several invoices and receipts. 

The results from extracting the text from an invoice (Figure A.1) using five 

different OCR tool can be seen in Appendix 1. 

The results obtained using two Tesseract based tools are quite similar. The 

text from some of the document sections is recognized better using one of the 

tools, and other sections works better with another one. 

Adobe Acrobat gave a bit better result than Tesseract, but still it is almost 

impossible to recognize words or money amounts. 

OneNote, besides its main purpose, also has an OCR feature and it gives 

quite good results: most of the words could be recognized. But since some 

sections of the invoice were not recognized as a text, the extracted text is much 

less than using other tools. One reason for that is that the tool does not support 

columns and tables. The accuracy of the text extracted from most of the receipts is 

better than that from invoices because receipts rarely contain tables. 

ABBYY FineReader has provided the best results. The extracted text is the 

most accurate (almost all words could be recognized), it keeps the document 

formatting (supports tables and columns layout), and the text does not contain any 

unnecessary symbols which is often the case for the other mentioned tools. 

4.2  OCR. ABBYY FineReader 

Based on this comparison and evaluation of the OCR tools, ABBYY 

FineReader was chosen for the text extraction. The Professional edition of 

FineReader was used in this project. It supports both manual and automatic text 

extraction. 

To extract the text manually each invoice and receipt should be opened in 

FineReader, analysed, read, and then saved as a text file. The advantage of the 

manual text extraction is that for each image, options could be fine-tuned for each 

step. Switching some of these options (e.g. reducing noise or blur at the pre-

processing step, changing the analysed layout, thorough reading) for every 

particular image could increase the accuracy of the extracted text. 

From the other side, since the system contains a large amount of data and it 

is constantly increasing, it is not efficient to do the text extraction manually. It 

could be done automatically using the Task manager. Two tasks should be 

created: for invoices and receipts. The example of creating the task for invoices is 

shown in Figure 4.2. 
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Figure 4.2: Creating the task for extracting the text from invoices. 

 

It is possible to choose different options for each step: options for opening 

an image (here the source folder with the invoices is set), for analysing (set to 

automatic), reading and saving. After the task is created, the only action needed is 

to run this task, and the text will be extracted automatically. 

There is another and more advanced option for automatizing text extraction: 

using the Hot Folder tool, provided in Corporate edition only. In this tool the tasks 

are created the same way as in the regular Task manager, but additionally the 

tasks could be scheduled, which is better when the number of documents is 

constantly increasing. 

Both manual and automatic text extraction was tried out for this project. 

During the manual text extraction, each step was adjusted. For example, some 
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pre-processing options were set and if the layout was analysed incorrectly it was 

corrected manually. Thereby, the extracted text is more accurate comparing to the 

automatic text extraction, which is however easier and faster to perform.  

4.3  Text classification. WEKA 

In order to classify the extracted text using machine learning tool WEKA, it 

should be converted to the ARFF format before that. The TextDirectoryLoader 

converter was used to turn the text directory into an ARFF file like this: 

java weka.core.converters.TextDirectoryLoader -dir text_directory > 

text_directory.arff 

Then this file was opened in Weka Explorer. Since the Naïve Bayes 

classifier in WEKA cannot handle String attributes, the StringToWordVector 

filter should be applied (Figure 4.3). 

 

Figure 4.3: Weka Explorer. Preprocess. 

 

The next step is to open the Classify tab. ZeroR, NaiveBayes and 

NaiveBayesMultinomial classifiers were used as baseline to evaluate the dataset. 

Two test modes were used: “Use training set” and “Cross-validation”. After 

choosing the classifier and test options, and clicking the Start button the classifier 

output can be seen in the right window (Figure 4.4). 
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Figure 4.4: Weka Explorer. Classify. 

4.4  Text classification. Specialized Naïve Bayes 

WEKA’s Naive Bayes implementation does not support some features like 

N-gram, Laplace smoothing, etc., therefore, it was decided to implement an 

improved version of the Naive Bayes classifier which is more specialized for the 

text classification and our problem domain. 

The implementation uses Multinomial model for Naïve Bayes algorithm. In 

order to calculate the number of occurrences of a word in a class, a bag-of-words 

model was constructed, without applying StringToWordVector filter. After 

implementing the basic version of Naïve Bayes, it was improved by means of 

additional features, such as Removal of special characters, Removal of 

unnecessary words, Fixed penalty, Laplace smoothing and N-gram. 

4.4.1 Bag-of-words 

To construct a bag-of-words model the number of times each word appears 

in the document is counted. Before constructing a bag-of-words a vocabulary 

should be created, which is a set of all words from all the documents. First, a hash 

set was created, all words were added to this set and then sorted (Figure 4.5). 
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1. Create new HashSet 
2. For i is 0, i is less than mData.numInstances, i increments by 1 
3.    Initialise currInst to mData.instance with i 
4.    Initialise str to currInst.stringValue with 0 
5.    Initialise words_list to stringToWords with str 
6.    Call method v_set.addAll with words_list 
7. EndFor 
8. Set the vocabulary to a new ArrayList with v_set 
9. Call method Collections.sort with vocabulary 

  

Figure 4.5: Creating the vocabulary of words from all instances. 

 

The bag-of-words was presented as two dimensional array: 92 (number of 

instances) arrays with a length of the vocabulary size. To fill in the bag-of-words, 

the loop through all the instances (documents) was made, in which the string 

value was taken from each instance and was converted to a list of words. Then for 

each word its index in the vocabulary was found, and the number of occurrences 

of a word was updated in the corresponding position of bag-of-words array 

(Figure 4.6). 
 

1. Initialise bag of words to a new 2d array 
2. Initialise inv to 0 
3. Initialise rec to numInv 
4. For i is 0, i is less than mData.numInstances, i increments by 1 
5.    Initialise currInst to mData.instance with i 
6.    Initialise str to currInst.stringValue with 0 
7.    Initialise words_list to stringToWords with str 
8.    If currInst.classValue is equal to 0 
9.       For (String word : words_list) 
10.          Initialise ind to vocabulary.indexOf with word 
11.          bagofwords[inv][ind]++ 
12.       EndFor 
13.       inv++; 
14.    Else if currInst.classValue is equal to 1 
15.       For (String word : words_list) 
16.          Initialise ind to vocabulary.indexOf with word 
17.          bagofwords[rec][ind]++; 
18.       EndFor 
19.       rec++; 
20.    EndIf 
21. EndFor 

 

Figure 4.6: Filling in the bag-of-words. 

 

The constructed bag-of-words is used to calculate the number of 

occurrences of a word in a class. For each word its index in the vocabulary was 

found and then using bag-of-words the occurrences of this word in each instance 

of a particular class were summed (Figure 4.7). 

 
1. Initialise ti to 0 
2. Initialise tr to 0 
3. For i is 0, i is less than numInv, i increments by 1 
4.    ti += bagofwords[i][ind]; 
5. EndFor 
6. For i is numInv, i is less than numInv plus numRec, i increments 

by 1 

7.    tr += bagofwords[i][ind]; 
8. EndFor 
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Figure 4.7: Using of the bag-of-words. 

4.4.2 Removal of special characters 

All whitespaces were removed during the conversion of a string to a list of 

words (Figure 4.8). 

  
1. Initialise words array to str.split with "\\s+" 
2. Create new ArrayList 
3. Call method Collections.addAll with list, words 

4. Return list 

 

Figure 4.8: stringToWords method. 

 

Then other non-word characters were replaced with an empty string (Figure 

4.9). 

 
1. For i is 0, i is less than words.length, i increments by 1 
2.    Set i of words to words[i].replaceAll with "[.,?;:()]" 
3. EndFor 

 

Figure 4.9: Removing of special characters. 

4.4.3 Removal of unnecessary words 

All unnecessary words were removed in the following way (Figure 4.10): 

 
1. Initialise iter to list.listIterator 
2. While iter.hasNext 
3.    Initialise word to iter.next 
4.    If word.matches with 

"(?i)och|det|att|i|en|jag|hon|som|han|på|den|med|var|sig|för|så|

till|är|men|ett|om|hade|de|av|icke|mig|du|henne|då|sin|nu|har|in

te|hans|honom|skulle" or word.matches with 

"(?i)kr|sek|st|summa|summa:|total|totalt|org|org.|org.nr:|org.nr

|orgnr:|telefon|telefon:|tel|tel.|tel:|nr|nr.|nr:|nr.:|moms|moms

:|moms%|betala" 

5.       Call method iter.remove 
6.    EndIf 
7. EndWhile 

 

Figure 4.10: Removing of unnecessary words. 

4.4.4 Laplace smoothing and Fixed penalty 

Depending if the number of occurrences of a word in a class equals zero, the 

probability P(wi|c) is computed as follows (in our case k=1) (Figure 4.11): 

 
1. If ti is not equal to 0 
2.    Set Pwi to ti divided by Ti 
3. Else 
4.    Set Pwi to ti plus 1 divided by Ti plus vocabulary size 
5. EndIf 
6. If tr is not equal to 0 
7.    Set Pwr to tr divided by Tr 
8. Else 
9.    Set Pwr to tr plus 1 divided by Tr plus vocabulary size 
10. EndIf 

 

Figure 4.11: Applying the Laplace smoothing technique. 
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For the Fixed penalty, in case if count(wi,c) equals zero the probability 

P(wi|c) = k (in our case k=0.001) (Figure 4.12). 

 
1. If ti is not equal to 0 
2.    Set Pwi to ti divided by Ti 
3. Else 
4.    Set Pwi to 0.001 
5. EndIf 
6. If tr is not equal to 0 
7.    Set Pwr to tr divided by Tr 
8. Else 
9.    Set Pwr to 0.001 
10. EndIf 

 

Figure 4.12: Applying the Fixed penalty technique. 

4.4.5 N-gram 

A new method stringToBigram was created (Figure 4.13). Thus in order to 

apply N-gram technique, stringToWords method (Figure 4.8) was replaced with 

stringToBigram everywhere in the implementation. Additionally, N-gram 

technique was combined with Laplace smoothing to avoid zero probabilities. 

 
1. Initialise words to str.split with "\\s+" 
2. Create new ArrayList 
3. Call method Collections.addAll with list, words 
4. For i is 0, i is less than list.size minus 1, i increments by 1 
5.    Call method list.set with i and concatenated list.get i with 

list.get i+1 

6. EndFor 
7. Call method list.remove with list.size minus 1 
8. Return list 

 

Figure 4.13: stringToBigram method. 
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5 Evaluation 
The dataset was evaluated using WEKA’s ZeroR, NaiveBayes and 

NaiveBayesMultinomial classifiers, and the own implemented specialized Naïve 

Bayes. The results of this set of experiments are presented in this chapter. 

A classifier output looks the following way (Figure 5.1 and Figure 5.2): 

 

 

Figure 5.1: The classifier output. 

 

Firstly, the information about the run is presented. It contains the scheme 

type (the classifier name), relation name (includes information about filters used), 

number of instances and attributes, and the test mode. Then the classifier model is 

presented, it contains all attributes with some properties for each of them (in case 

of Naïve Bayes classifier). Below the classifier model, it is shown the time taken 

to build the model. 

Next is one of the most important parts of the classifier output – the 

summary. It contains the classification accuracy – Correctly Classified Instances, 

which is usually the basis for comparing different classifiers. The summary 

includes also the number and percentage of Incorrectly Classified Instances, 

Kappa statistic (correlation coefficient – “a chance-corrected measure of 

agreement between the classifications and the true classes” [37]), Mean absolute 

error (“averages all the error in the model, where error means the distance of the 

predicted value from the true value” [38]), Root mean squared error (“measures 

the average of the squares of the errors, then takes the root of that value” [38]), 

Relative absolute error (“takes the total absolute error and normalizes it by 

dividing by the total absolute error of the mean predictor” [38]), Root relative 

squared error (“takes the total squared error and normalizes it by dividing by the 

total squared error of the predicted values” [38]) and Total Number of Instances.  
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 Then the detailed accuracy by class is presented, which includes TP Rate 

(rate of true positives – instances correctly classified by class) and FP Rate (rate 

of false positives – instances wrongly classified by class), Precision (the measure 

of the accuracy, calculated as TR / (TP + FP) [39]), Recall (also called as 

sensitivity, calculated as TR / (TP + FN) [39], where FN is a rate of false 

negatives), F-Measure (combined measure for precision and recall, calculated as 2 

* Precision * Recall / (Precision + Recall)) and ROC Area (an area under the 

Receiver operating characteristic (ROC) curve, created by plotting the true 

positive rate (TPR) against the false positive rate (FPR) [39]). 

Another important part of the classifier output is the Confusion Matrix. 

Using this matrix, it could be seen the number of correctly/incorrectly classified 

instances by class. It could help to explain the classification accuracy of an 

algorithm. 

 

 

Figure 5.2: The classifier output (continued). 
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5.1 Results 

The results presented below do not contain the detailed output of each 

classifier (like described above), the comparison of classifiers is based on the 

classification accuracy (Correctly Classified Instances). 

As mentioned previously, the text extraction was performed both manually 

and automatically using the OCR tool. In Table 5.1 the results of evaluating the 

dataset with the automatically extracted text and in Table 5.2 – with the manually 

extracted text are presented. Although, the manual text extraction is unlikely to be 

used, it is still included in the results, because it is useful to see the results in case 

of more accurate text extraction. 

 

Learning algorithm 
On training set 

mode 

10-fold cross-

validation mode 

WEKA’s ZeroR 50% 45.6522% 

WEKA’s NaiveBayes 96.7391% 93.4783% 

WEKA’s NaiveBayes + RUW2 96.7391% 92.3913% 

WEKA’s NaiveBayes + RUW1 

+ RUW2 
96.7391% 91.3043% 

WEKA’s 

NaiveBayesMultinomial 
98.913% 89.1304% 

WEKA’s 

NaiveBayesMultinomial + 

RUW1 + RUW2 

98.913% 90.2174% 

Own Naïve Bayes (no features) 98.913% 85.8696% 

RSC 98.913% 88.0435% 

RUW1 (or RUW2) 98.913% 89.1304% 

RUW1 + RUW2 98.913% 90.2174% 

RSC + RUW1 + RUW2 98.913% 90.2174% 

LS 98.913% 94.5652% 

LS + RSC + RUW1 (or RUW2) 98.913% 94.5652% 

LS + RUW1 (or RUW2) 98.913% 95.6522% 

FP 98.913% 95.6522% 

FP + RSC 98.913% 94.5652% 

FP + RSC + RUW1 (or RUW2) 98.913% 94.5652% 

FP + RUW1 (or RUW2) 98.913% 95.6522% 

NG + LS 97.8261% 89.1304% 

NG + LS + RSC 97.8261% 89.1304% 

NG + LS + RUW1 97.8261% 88.0435% 

NG + LS + RUW2 97.8261% 84.7826% 

NG + LS + RSC + RUW1 + 

RUW2 
97.8261% 86.9565% 

 

Table 5.1: Classification accuracies using WEKA’s ZeroR, NaiveBayes and 

NaiveBayesMultinomial classifiers and own implemented Naïve Bayes with and 

without additional features (on the dataset with the automatically extracted text). 
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Two test modes were used: on training set and 10-fold cross-validation, the 

results on these two modes are shown in the 2-nd and 3-rd columns of each table. 

In the first six rows the results from WEKA are shown, without and then with 

some additional pre-processing features, under them are results of evaluating the 

dataset using the own implemented Naïve Bayes without and then with some 

additional features. 

The following abbreviations are used: RSC (Removal of special characters), 

RUW1 (Removal of unnecessary words – stop words), RUW2 (Removal of 

unnecessary words – invoice/receipt oriented), LS (Laplace smoothing), FP 

(Fixed penalty), NG (N-gram). The plus sign means that the features were 

combined. 

 

Learning algorithm 
On training set 

mode 

10-fold cross-

validation mode 

WEKA’s ZeroR 50% 45.6522% 

WEKA’s NaiveBayes 100% 93.4783% 

WEKA’s NaiveBayes + RUW1 100% 94.5652% 

WEKA’s NaiveBayes + RUW1 

+ RUW2 
100% 95.6522% 

WEKA’s 

NaiveBayesMultinomial 
100% 94.5652% 

WEKA’s 

NaiveBayesMultinomial + 

RUW1 + RUW2 

100% 94.5652% 

Own Naïve Bayes (no features) 100% 86.9565% 

RSC 100% 88.0435% 

RUW1 (or RUW2) 100% 86.9565% 

RUW1 + RUW2 100% 86.9565% 

RSC + RUW1 + RUW2 100% 88.0435% 

LS 100% 96.7391% 

LS + RSC + RUW1 (or RUW2) 100% 95.6522% 

LS + RUW2 100% 96.7391% 

FP 100% 97.8261% 

FP + RSC 100% 95.6522% 

FP + RSC + RUW1 100% 97.8261% 

FP + RUW1 100% 97.8261% 

NG + LS 100% 91.3043% 

NG + LS + RSC 100% 92.3913% 

NG + LS + RUW1 100% 91.3043% 

NG + LS + RUW2 100% 91.3043% 

NG + LS + RSC + RUW1 + 

RUW2 
100% 90.2174% 

 

Table 5.2: Classification accuracies using WEKA’s ZeroR, NaiveBayes and 

NaiveBayesMultinomial classifiers and own implemented Naïve Bayes with and 

without additional features (on the dataset with the manually extracted text). 
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For better understanding of classification accuracies some confusion 

matrices will be presented below. In case of automatically extracted text the result 

of WEKA’s NaiveBayes on training set mode was the following (Table 5.3): 

   

Classified as  

a b 

46 0 a = invoices 

3 43 b = receipts 

 

Table 5.3: Confusion matrix obtained using WEKA’s NaiveBayes on training set 

mode.       

 

In a confusion matrix a stands for the class of invoices and b stands for the 

class of receipts. If a matrix is looked by row, the number of instances of a class 

can be seen, if a matrix is looked by column, the number of classified instances 

can be seen. For example, in Table 5.3 if the third row (and first and second 

column) is looked at, it can be seen that 46 of invoices were classified as invoices, 

and 0 invoices were classified as receipts, thus all invoices were classified 

correctly. In the fourth row it can be seen that 3 receipts were classified as 

invoices and 43 of receipts were classified as receipts. 

Result of WEKA’s NaiveBayes on cross-validation mode (Table 5.4): 

   

Classified as  

a b 

44 2 a = invoices 

4 42 b = receipts 

 

Table 5.4: Confusion matrix obtained using WEKA’s NaiveBayes on cross-

validation mode. 

 

Result of WEKA’s NaiveBayesMultinomial on training set mode was the 

following (Table 5.5): 

 

Classified as  

a b 

45 1 a = invoices 

0 46 b = receipts 

 

Table 5.5: Confusion matrix obtained using WEKA’s NaiveBayesMultinomial on 

training set mode. 

     

Result of WEKA’s NaiveBayesMultinomial on cross-validation mode 

(Table 5.6): 
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Classified as  

a b 

37 9  a = invoices 

1 45 b = receipts 

 

Table 5.6: Confusion matrix obtained using WEKA’s NaiveBayesMultinomial on 

cross-validation mode. 

 

The result of the specialized Naïve Bayes classifier with Fixed penalty 

technique on training set mode (also in case of automatically extracted text) was 

the following (Table 5.7): 

 

Classified as  

a b 

45 1  a = invoices 

0 46 b = receipts 

 

Table 5.7: Confusion matrix obtained using the specialized Naïve Bayes classifier 

with Fixed penalty technique on training set mode. 

 

Result of the specialized Naïve Bayes classifier with Fixed penalty 

technique on cross-validation mode (Table 5.8): 

 

Classified as  

a b 

43 3  a = invoices 

1 45 b = receipts 

 

Table 5.8: Confusion matrix obtained using the specialized Naïve Bayes classifier 

with Fixed penalty technique on cross-validation mode. 

 

5.2 Discussions 

By considering the results, it can be seen that the classification accuracy is 

higher in case of manual text extraction (the extracted text is more accurate), i.e. 

the results in Table 5.2 are better than in Table 5.1. Therefore, it can be concluded 

that the classification accuracy depends on the text extraction accuracy. 

Also it can be noticed that the Naïve Bayes works much better than the 

ZeroR classifier.  Only 50% of accuracy on training set mode and 45.6522% on 

cross-validation is achieved using the ZeroR. While the accuracy of the Naïve 

Bayes classifier (provided by WEKA) is from 96% to 100% on training set mode 

and from 89% to 94% on cross-validation mode. 

Another conclusion is that a Naive Bayes classifier specialized for the 

problem domain has better classification accuracy compared to the Naive Bayes 

classifier provided by the WEKA framework, which answers Research Question 

1. Implementing Naïve Bayes with some additional features like Fixed penalty, 

Laplace smoothing, etc. did help to increase the accuracy.  
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The result of WEKA’s NaiveBayes classifier (on the dataset with the 

automatically extracted text) on training set mode was the following (Table 5.3). 

Three instances were classified incorrectly: 3 receipts were classified as invoices, 

other instances were classified correctly, which resulted into the accuracy of 

96.7391%.  

The result of WEKA’s NaiveBayes on cross-validation was the following 

(Table 5.4). Six instances were classified incorrectly: 2 invoices were classified as 

receipts and 4 receipts were classified as invoices, which gave 93.4783% 

accuracy. 

The result of WEKA’s NaiveBayesMultinomial classifier on training set 

mode was the following (Table 5.5). Only one instance was classified incorrectly: 

one invoice was classified as a receipt, which resulted into the accuracy of 

98.913%.  

The result of WEKA’s NaiveBayesMultinomial on cross-validation was the 

following (Table 5.6). Ten instances were classified incorrectly: 9 invoices were 

classified as receipts and 1 receipt was classified as an invoice, which gave 

89.1304% accuracy. 

The result of the own implemented Naïve Bayes classifier with Fixed 

penalty technique on training set mode was the following (Table 5.7). Only one 

instance was classified incorrectly: 1 invoice was classified as a receipt and the 

accuracy was 98.913%.  

On the cross-validation mode the result was the following (Table 5.8). Four 

instances were classified incorrectly: 3 invoices were classified as receipts and 1 

receipt was classified as an invoice, which resulted into 95.6522% accuracy. 

Based on these results, it can be concluded that a Naive Bayes classifier 

specialized for the problem domain has around 2% higher accuracy than WEKA’s 

NaiveBayes on both test modes and around 6% higher accuracy than WEKA’s 

NaiveBayesMultinomial on cross-validation mode. In the case when the extracted 

text is more accurate, the specialized Naïve Bayes had 3%-4% higher 

classification accuracy than the one provided by WEKA. 

In order to know which features were useful to get the higher classification 

accuracy, they were applied both separately and combined with each other. From 

the obtained results the following conclusions can be drawn:  

Removal of special characters in most cases was not useful in order to 

increase the classification accuracy. Applying this feature, the accuracy was 

higher compared to the Naïve Bayes without any feature added, but if it (removal 

of special characters) was combined with other features, it was usually useless, 

e.g. the fixed penalty itself gave the accuracy of 95.6522% (on cross-validation), 

but combined with the removal of special characters it was 94.5652%. 

Removal of stop words did not help to increase the accuracy in most cases 

either, especially combined with other features.  

Removal of invoice/receipt specialized words gave similar results as 

removal of stop words. Only in one case, combining it with the Laplace 

smoothing technique, the accuracy was higher than the Laplace smoothing itself. 

Thus, applying the Laplace smoothing the accuracy was 94.5652% on cross-

validation, but combined it with the removal of invoice/receipt specialized words 

gave 95.6522%. Thereby it could be claimed that to specialize a classifier for a 

problem domain could be useful in order to increase the accuracy.  

N-gram (bigram) did not work for the purpose of increasing the 

classification accuracy. It gave a bit better results (89.1304% accuracy on cross-

validation) comparing to the own implemented Naïve Bayes without any features 
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added (85.8696%), but had much lower accuracy than the WEKA’s NaiveBayes 

(93.4783%).  

Applying the Laplace smoothing or the Fixed penalty technique, the highest 

classification accuracy was achieved, which is 95.6522% (on the dataset with the 

automatically extracted text) and 97.8261% (on the dataset with the manually 

extracted text) on cross-validation. In case of automatic text extraction, the 

highest accuracy was obtained using the Fixed penalty or the Laplace smoothing 

combined with the removal of invoice/receipt specialized words. In the other case 

(when the extracted text is more accurate) the Fixed penalty technique alone gave 

the best results. 

For our problem domain it turned out that a specialized Naïve Bayes 

classifier with the Fixed penalty feature added can increase the accuracy. Also the 

removal of invoice/receipt specialized words sometimes could be useful. 

As for the second research question (Is it possible to classify invoices vs 

receipts with 100% accuracy, which is necessary for full automation?), it is 

possible sometimes to achieve 100% accuracy, but only if the extracted text is 

highly accurate. It can be seen from the Table 5.2 that 100% was achieved on 

training set mode, but the dataset with manually extracted text (more accurate) 

was used in this case. But it is more likely to receive 90-99% of accuracy, as can 

be seen from results in Table 5.1. 
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6 Conclusion  
The goal of this project is the automated text classification of photos as invoices 

or receipts, based on the previously extracted text.  

Firstly, several OCR tools available on the market have been evaluated in 

order to find the most accurate. ABBYY FineReader has been chosen not only 

because of the best accuracy (compared to the other investigated tools), but also 

for its ability to keep the document layout. This tool has been used for both 

manual and automatic text extraction. Despite the fact that it is not efficient to 

extract the text manually and it is unlikely to be used, this approach has still been 

investigated since it results into more accurate text, which in turn affects the text 

classification. After the text extraction, the TextDirectoryLoader converter has 

been used to convert the text into the ARFF format, which is used by WEKA. The 

machine learning tool WEKA has been used for the text classification. ZeroR, 

NaiveBayes and NaiveBayesMultinomial have been chosen as baseline classifiers. 

Since the Naïve Bayes implementation provided by WEKA does not support 

some advances in the text classification field such as N-gram, Laplace smoothing, 

etc., an improved version of Naïve Bayes classifier which is more specialized for 

text classification and the problem domain (receipt/invoice classification) has 

been implemented. Improving the Naive Bayes classifier, investigating how it can 

be improved for the problem domain and evaluating the obtained classification 

accuracy compared to the generic Naïve Bayes are the main parts of this research. 

Experimental results show that the specialized Naïve Bayes classifier has the 

highest accuracy. By applying the Fixed penalty feature, the best result of 

95.6522% accuracy (on the dataset with the automatically extracted text) on cross-

validation mode has been achieved. In case of more accurate text extraction, the 

accuracy is even higher. 

Since the text classification has been performed on the limited dataset from 

only one company in the receipt/invoice domain, it could not be argued that the 

results are generalizable. If the implemented classifier is to be applied in other 

domains or the dataset is different (e.g. of a different size), the results could be 

different either. 

This work could be used by other researchers working in the field of text 

classification, especially if they focus on the Naïve Bayes algorithm. Also it could 

be useful for those who are working on the OCR problem or just interested to see 

the comparison of several OCR tools. Another kind of stakeholders could be an 

industry: an enterprise dealing with documents and data in the financial sector, 

particularly with invoices and receipts. 

6.1 Future Research 

If the scope of the project would not be limited and the research is to be 

continued, there are some further works that could be performed. The text 

classification could be done on several datasets of different size. Since the 

classification accuracy may change depending how big the dataset is, it is useful 

to compare the results on different datasets. This can be used in order to know 

which amount of data is required to get the highest accuracy. 

Another classification algorithm or several of them (e.g. Decision Tree, K-

Nearest Neighbour and Support Vector Machine) could be investigated to 
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compare their accuracies. As seen from other studies, the different algorithms 

perform differently in different domains. 

Since only one approach of automatic classification has been used: the 

documents were classified based on the text information extracted from images, 

additionally another approach of automatic classification could be used either. 

The documents could be classified based on the image information using deep 

learning.  
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A Appendix 1 
 

 
 

Figure A.1: Photo of an invoice. 
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I 

I 

I 

2C \&-C' -06 

11'1~2 

I 

I 

I 

\----------- 

Bar-:g1ro 

Prusg1ro 

99' i'l4G I 

17eow-0 \ 

10 57$,00 

I t •"" motn• 2 &43 75 

"'om• (2' "' 

1 0.2$ 

~""''"'"'''SI _..._ ___ L ·-

-- TtM'1>n 

C.2 3'11&'1 

f.poit ·1t ebbpl1t1 

OCl>OO>'ollnllpaM 

Att betala 

OrganiNtJOns.nr 

640924-2735 

Cod'"•..atm ter F .P-1tr 

I 

13 219,00 l 

frl-4tnat*9-l'lf 

SE55SS5555~1

 

  

  

4. OneNote 
  

Blixth SMS-Lån & 

Läskeblask AB  

F aktura  

Bo, 45  

SORB-KER  

12480 SORÅKER  

Antal  

oco.cn  

2016.01-08  

34152  

991-2346  

176099-0  

13 219,00  

Er referen•  

Efl moms  

Or Ojsmå nta  

201912-09  

Anne Karl 'son  

Fritt  

Vid betalning effer 

'Orfallcdagen debiteras  

era•.gt  

Hemekonomin  

so 515.00  

Enhet  

st  

Förfallodatum  

Bankgiro  

iro  

Att betala  

Mom. uS •S)  

STORM At)  

0.25  

Organi•ation.nr

 

  

  

5. ABBYY FineReader 
  

Blixth SM S-Lån & 

Läskeblask AB 

Faktura 

Fakturanummor 

841 

Kundnr 102 

 

Fakturadatum

 2015-12-09 

Er referans Anno 

Karlsson 

Lovoranavillkor Fritt 

kund 

Leveranssltt Spedstör 

Ert momaregnr 

SE458956234901 

Dröjsmalsränta VkJ 

betalning efter 

förfaCodagen deMeras 

ranta enigt räntelägen. 

Grosslston HB Box45 

SOrékersvigen 12478 

SÖRAKER 

Lovorantadroa» 

Grossisten HB 

Norrvigen 10 12480 

SORAKER Sverige 

Art nr 

BenSmntng 

Antal Enhet 

A-prit 

Summa 

112 

106 

Samspelen 

Hemekonomin 

10.00 st 

1.00 st 

1000.00 

575,00 

10000.00 

575.00 

CaM. moma Moma (29 

%) Avrundnlng 

10 675.00 2 643.75 0.25 

Förtallodatum 

OCR 

Anges vkJ betalning 

Bankgiro 

Plusglro 

Att betala 

2016-01-08 

84152 

991-2346 



49 
 

176099-0 

13 219,00 

Adreae 

IM BMS-Un 41 

AskaMask AB Box 1 

6 8TOR8TAD 

Telefon 012-345675 E-

poetfWebbptats 

achoOvlsmaspa m 

sato 

Storstad 

Organisa tionsnr 

840924-2736 Godkind 

for F-skatt 

Momsreg.nr 

SE555555555501

 


