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Abstract 

 

In the last decade, data processing of vehicle license plates became a common subject of research with numerous 

methodologies proposed to address the problem. The license plate recognition technology converts image data from a 

camera into a character format that can be further processed and manipulated in a database in a specific application area. 
The characters on license plates are often unambiguous in identifying vehicles that are facilitated by optical character 

recognition methods. The aim of this systematic literature review is to provide an overview of the most common methods 

used for optical character recognition in automated number plate recognition systems, as well as their level of recognition 

accuracy.  

 

Keywords: Optical Character Recognition; Methods; Automated Number Plate Recognition; Systematic Literature 

Review;  

 
 

1. Introduction  

 

The need to extract and interpret certain information from images has been a key to the development of digital image 

processing in recent decades. As a result, a system that can provide the user with appropriate information based on a 

digital image, without the need for human intervention, is required. Adequate identification of vehicles based on image 

strongly depends on the number plate recognition that benefits security systems. In the field of security, the license number 

can be utilized as a unique identifier to aid the process. Not only can vehicles be recognized in security applications, but 

there are also a variety of methods for facial detection and recognition [1]. Object recognition in systems based on image 

processing methods is influenced by numerous factors including camera resolution, low visibility, and weather conditions 

[2].  

The characters on license plates, which are easy to read by humans but not by machines, are used to identify vehicles 

in the majority of cases. Due to the variety of plate formats and no uniform outside illumination circumstances during 

image acquisition, this task is rather demanding [3]. Additionally, the plate recognition process is affected by a variety of 

colors, languages, and fonts that can be found on license plates [4]. The aim of this study is to present available methods 
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for optical character recognition in automated number plate recognition systems by conducting a systematic literature 

review.  

The rest of the paper is organized as follows: Section 2 contains a theoretical foundation about number plate 

recognition and optical character recognition, Section 3 represents a methodology for systematic literature review with 

defined research questions and inclusion and exclusion criteria. Section 4 describes related discussion for achieved results 

that are presented in Section 3, subsection 3.3 through graphs and tables. Finally, Section 5 represents conclusions and 

limitations of the study as well as research directions. 

 

2. Background and Related Work 
 

The widespread integration of information technologies in the majority aspects of life, contributes to the development 

of needs for information systems and data processing of license plates, as well as focus of researchers to propose different 

methodologies to address the problem. 

The three primary phases of an automated number plate recognition (ANPR) system are license plate detection, 

segmentation and character recognition which is shown in Figure 1. The main purpose of number plate recognition 

systems is to extract the license plate completely automatically and recognize the characters, which are then written to a 

text file for data manipulation and storage. Converting image data from a camera into a character format that may be 

processed in a database for further manipulation in a specific application area is another objective of such systems. The 

input parameter is an image, while the output of the same process is a text file.  

 

 
 

Fig. 1. Number plate recognition methodology 

 

In order to obtain a text file numerous methods for character recognition step can be employed. Four general 

approaches of pattern recognition are: template matching, statistical techniques, structural techniques and artificial neural 

networks [5]. According to the specificity of licenses plates and field where these methods are supposed to be 

implemented, different modifications are required. Each license plate possesses a set of characters, letters and numbers, 

where an error in a single character leads to inaccurate recognition of the vehicle [6].  

In order to achieve character recognition, three steps are required: segmentation, feature extraction and classification 

[5]. The character is recognized when it is assigned to a predetermined class or category. Different languages have an 

impact on the recognition process, because every methodology requires adjustments in order to recognize alphanumeric 

adequately, necessitating the adoption of methods for character recognition depending on the type of plate. 

Each country has its own license plates with different font, letters, numbers and various other markings as well as shape 

and background colour of license plate. Creating a universal system for recognizing license plates would require enormous 

time resources, consequently researchers propose different methodologies focused on specific type of license plate in 

accordance with the regulations of the area. 

Recognition accuracy represents a crucial parameter for the evaluation of proposed methods, which is calculated by 

the ratio of successfully recognized license plates to a total number of images used for method testing. Consequently, 
number of images used for the testing method is another parameter that should be considered while evaluating the method. 

Equation (1) is proposed by Yang et al. [7] 

 

rate = (1 −
𝑒𝑟𝑟𝑜𝑟

𝑡𝑜𝑡𝑎𝑙
) × 100%  (1) 

 

3. Methodology 

 

This research is intended to represent the methods that are widely used for character recognition phase that is a vital 

part of automated number plate recognition process. Kitchenham B. established a guideline for systematic reviews [7], 

which was used to conduct the review.  

 

3.1. Planning the Review 

 

In order to gather necessary information about the need for a systematic literature review, a thorough review of 

previous work is required [8]. Consequently, no explicit systematic literature review summarizing optical character 
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recognition methods in automated number plate recognition systems was found. An inevitable part of review is 

formulation of research questions, which are formulated as follows: 

RQ1: Which optical character recognition methods are most frequently used in ANPR? 

RQ2: Which optical character recognition algorithms in ANPR have the highest rate of accuracy? 

RQ3: Does the type of method used for optical character recognition affects recognition accuracy? 

 

For the literature review, the following databases were used: 

• Scopus and 

• Web of Science. 
 

Words, terms, and phrases used for automatic search in the aforementioned databases are stated as follows: 

( "optical character recognition"  OR  "ocr" )   

AND   

( "artifical neural networks"  OR  "ann"  OR  "kernel"  OR  "statistical method"  OR  "template 

matching"  OR  "structural pattern recognition" )   

AND  

( "automatic number plate recognition"  OR  "automated number plate 

recognition"  OR  "anpr"  OR  "alpr"  OR  "number plate recognition"  OR  "npr"  OR  "vehicle plate 

"  OR  "number plate"  OR  "license plate"  OR  "lpr"  OR  "car plate" ) )   

AND   

PUBYEAR  >  2009  

 

Definition of inclusion and exclusion criteria facilitate the selection process of primary studies [8]. Only primary 

studies that are relevant to research questions will be taken into consideration. 

 

Inclusion criteria is defined as follows: 
IC1: Paper has to be written in English. 

IC2: Paper has to present a study on ANPR with the rate of character recognition accuracy.  

IC3: Paper has to include detailed information about the optical character recognition step in automated number plate 

recognition for the proposed method.   

IC4: License plates used for the proposed method should include alphabet letters and numbers. 

 

Exclusion criteria is defined as follows: 

EC1: If a paper is focused only on license plate recognition without character recognition, the paper should be removed. 

EC2: Duplicate papers found in different databases should be removed. 

EC3: Non-availability of full text. 

 

Data extraction is the next step, where we should state which information will be obtained from studies [8]. Extraction of 

required information for all primary studies will include:  

1. Publication year and source type; 

2. Method used for optical character recognition; 

3. The rate of recognition accuracy; and 

4. Number of images used for method testing. 

 
3.2. Conducting the Review 

 

The first activity of the review phase is to identify studies that will be included in the systematic literature review. The 

review methodology, based on the inclusion and exclusion criteria is utilized to identify publications that will be taken 

into consideration. Figure 2 illustrates the flow diagram of the systematic literature review procedure, that resulted in 42 

selected primary studies. 

 

 
 

Fig. 2. Overview of the selection process 
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The initial search in the databases for a previously determined query resulted in 157 publications. Due to the usage of 

two databases on the same query, several papers were duplicated, resulting in a total of 23 duplicated papers that were 

excluded. Based on the title and abstract of publications, 40 studies were excluded from further process. Inclusion and 

exclusion criteria were applied, resulting in the exclusion of 54 primary studies. Finally, a systematic literature review 

was conducted using a total of 42 publications. 

 

3.3. Data extraction and summarization  

 

In this chapter, previously selected primary studies (42) will be presented in form of tables and graphs that provide 
visual representation of extracted data. Depending on the source of publication, the majority of the publications, 33 

publications (79%) of a total of 42 were conference papers, while the remaining 9 publications (21%) were articles, as 

presented in Table 1. 

 

Source Type Primary studies Number % 

Conference paper 

[9], [10], [11], [12], [13], [14], [15], [16], [17], 

[18], [19], [20],  [21], [22], [23], [24], [25], 

[26], [27], [28], [7], [29], [30], [31], [32], [33], 

[34], [35], [36], [37], [38], [39], [40] 

33 79 

Journal article 
[41],  [42], [43], [44], [45], [46], [47], [48], 

[49] 
9 21 

 

Table 1. Primary studies according to source type 

 

The distribution of number of studies over the period from 2010 to 2020 is presented in Table 2. In the period of the 

previous ten years, the number of papers was similar per year, while in 2019 there was an increase in the number of 

papers, which is shown in the line diagram. Line diagram shown in Figure 3 illustrates that there was a peak in the number 

of published papers in 2019. In 2019, nine papers were published, compared to three to four papers each year on average 

per previous years.  

 

Year Primary studies Number % 

2010 [39], [38], [37] 3 7.14 

2011 [48], [36],  [40] 3 7.14 

2012 [35], [34], [33], [32] 4 9.52 

2013 [31], [30] 2 4.76 

2014 [47], [29], [7] 3 7.14 

2015 [28], [27], [26] 3 7.14 

2016 [25], [46], [45], [24] 4 9.52 

2017 [44], [23], [22], [21] 4 9.52 

2018  [20], [19], [18] 3 7.14 

2019 [17], [16], [15], [14], [13], [43], [42], [12], [49] 9 21.43 

2020 [11], [10], [41], [9] 4 9.52 

 

Table 2. Distribution of primary studies in the last 10 years 

 

 
 

Fig. 3. Number of primary studies per year 
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The papers were distributed according to the type of method used for the optical character recognition step in number 

plate recognition systems. Table 3 provides the response to the first research question. The template matching approach 

was employed in up to 55% of the articles, followed by a set of neural network methods that represents 38%, Support 

Vector Machine (SVM) method in two studies (5%), and finally K-Nearest Neighbours Algorithm (k-NN) method in only 

one study (2%).  

 

Method Studies Number % 

Template Matching (TM) 

[41], [10],  [42],  [14], [15], [16], 

[19], [20], [23], [24], [46], [25], 

[27], [28], [7], [30], [31], [33], 

[35], [48], [37], [38], [40] 

23 55 

Neural 

Networks 

Convolutional Neural 
Network (CNN) 

[9], [13], [17], [49] 4 

38 

Deep Convolutional 

Network (Deep CN) 
[43] 1 

Artificial Neural 

Network (ANN) 

[18], [22], [44], [26], [32], [34], 

[36], [39] 
8 

Extreme Learning 

Machine (ELM) 
[29] 1 

Back 

Propagation (BP) Neural 

Network 

[47], [45] 2 

Support Vector Machine (SVM) [11], [12] 2 5 

K-Nearest Neighbors Algorithm (k-

NN) 
[21] 1 2 

 

Table 3. Frequency of usage methods for OCR 

 

Set of neural networks methods consists of five methods that are used for optical character recognition and their 

percentage share is shown in Figure 4. Artificial neural networks (ANNs) are the most widely used method in the group 

of neural networks, 50% of the total number of papers are related to neural networks (8 out of 16), followed by 

Convolutional neural networks (CNN) which occupy 25% that is 4 publications out of 16. Back Propagation Neural 

Network is employed in two publications (13%), while the remaining percentages are evenly distributed because the 

remaining methods, Deep Convolutional Network and Extreme Learning Machine had been proposed in one paper each.  

  

 
 

Fig. 4. Percentage share of five identified group of Neural network methods 

 

The rate of recognition is another important aspect of evaluating proposed approaches, as well as number of images 

used for testing the method, which are shown in Table 4. The overall recognition rate is reported in the majority of articles 

(81%). Researchers have provided rates for each step of localization, segmentation, and recognition in 11 articles (26%). 

In 6 publications (14%) researchers have stated two out of three rates.  
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Overall recognition rate was the highest while using set of neural network methods. The highest overall recognition 

rate is shown in [17], where CNN method was used. Approaches that used deep convolutional networks [43] stated high 

recognition accuracy as well as in [9] where CNN method was used. Subsequently, two approaches that stated similar 

overall recognition rate were approaches [31] and [30] that used template matching technique. 

The highest rates for localization step is shown in template matching approach suggested by Pun et al. [48], for 

segmentation step the highest rate was achieved with template matching approach in [40], and finally the highest character 

recognition step had the highest percentage in again template matching approach suggested by [31]. 

The number of images used to test the method also contributes to a better understanding of the success rate of the 

method. In 83% of publications, researchers have stated the number of images used for testing their methodology. The 
highest number of image dataset used for method test was, undoubtedly, in convolutional neural network methods [13], 

[17] and [49] where number of images range from 4800 to 9000 images.  

 

Primary 

study 
Method 

Localization 

Rate 

Segmentation 

Rate 

Recognition 

Rate 

Overall 

Recognition 

Rate (%) 

Image 

dataset 

[41] TM 96.5 95.6 94.4  400 

[10] TM  96 98  30 

[42] TM 95 95 95 95 22 

[14] TM    82.5 40 

[15] TM 97 97 98 92 100 

[16] TM 94.66 96.45 95.41  100 

[19] TM    82.6 3 

[20] TM    95 357 

[23] TM 93.33 86.67 93.33  45 

[24] TM 78.1 96 95 78.1 500 

[46] TM    85.87 80 

[25] TM    88.67 165 

[27] TM    92.78 100 

[28] TM 89.13 95.12 97.94  230 

[7] TM    96.08 1462 

[30] TM    97.46 30 

[31] TM 97.5 97.71 100 98.73 80 

[33] TM    87.96  

[35] TM 94.11  90.62 89.7 102 

[48] TM 100  95 95 100 

[37] TM 85 90 91.66  60 

[38] TM    92.8 500 

[40] TM 98.2 98.5 96.8  288 

[9] CNN    98.73  

[13] CNN    90 5000 

[17] CNN    99.98 9997 

[49] CNN 91  93 92 4800 

[43] Deep CN    99.32  

[18] ANN 92 92 87 89.5 100 

[22] ANN    94.32 13 

[44] ANN    61 30 

[26] ANN    97 200 

[32] ANN    97.3  

[34] ANN  83.5 92 88  

[36] ANN    91.59 150 

[39] ANN    94.1  

[29] ELM 94.85  97.9  286 

[47] BP NN    91.2 1000 

[45] BP NN    70 80 

[11] SMV    95  

[12] SMV    92.6 130 

[21] k-NN    87.43 30 

 

Table 4. Recognition accuracy rate and number of images used for testing 
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A one-way ANOVA was conducted to compare the effect of different methods on overall recognition accuracy stated 

in Table 4. The dependent variable was overall recognition accuracy, while the independent variable represented different 

methods used for optical character recognition. According to the null hypothesis, all population means are equal. The p-

value (0.383) is greater than the significance level (0.05), which leads to the conclusion that there is no enough evidence 

to reject the null hypothesis and that there are no statistically significant differences between the means.  

 

4. Discussion  

 

The findings of the literature review reported in the previous data extraction and summarization will be discussed in 
this chapter. The number of publications over the years was approximate, except in 2019, there was an increase in the 

number of articles published, and it is expected that the number of publications will continue to increase. Looking at 

previous years, methodologies regarding automated number plate recognition have gained attention due to employment 

in a variety of fields, such as parking surveillance, toll collecting, different access control systems where license plates 

are stored in databases for further manipulation.  

The most frequently used method for optical character recognition step in automated number plate recognition 

systems, in 23 publications out of 42 included in review are based on template matching technique. Followed by 

subcategory of neural network methods, artificial neural networks that are employed in 8 publications. The first research 

question (RQ1) is answered in this way. Overall recognition rate was highest while using set of neural network methods, 

convolution neural networks (CNNs). The highest overall recognition rate is shown in [17], where CNN method was 

used, additionally highest number of images was used to test the method. This provides an answer to the second research 

question (RQ2). The results of the ANOVA reveal that there is no statistically significant difference between the methods. 

ANOVA results gives a response to the third research question (RQ3).  

The main limitation of this research is that every researcher has its own way of stating rate of accuracy, where majority 

of researchers have stated overall recognition accuracy. Hidayatullah et al. [46] used Likert scale to classify rate of 

recognition ranging from 0% to 100%. Regarding Likert scale majority of publications included in systematic literature 

review could be classified as excellent, considering that they have a percentage range higher than 81. Only three 

publications [24], [22] and [45] can be stated as good due to the belonging to the range from 60 to 81%.  
Another limitation is that methodologies were not tested on the same images, researchers used their own dataset and 

based on that they presented the success rates of the methodology. The use of an identical dataset would make it easier to 

compare all these methods. Thakur et al. [26] state that their methodology cannot be compared to other approaches 

regarding the same issue due to unavailability of set of images used to test the approach. Arafat et al. [41] used public 

datasets that consists of 126 additional images, besides their own dataset (400 images), to assess their own performance 

against other methodologies. This methodology could be taken in consideration as provable, while other methodologies 

could not be verified due to the unavailability of their datasets. 

 

5. Conclusion 

 

This study presented a review of optical character recognition methods in ANPR systems that have been proposed in 

numerous publications. The importance of the license plate recognition system, especially optical character recognition 

methods is affected by the need to reduce the human factor in this process, achieving a higher level of vehicle access 

control in a specific area, parking billing solutions, and automatic calculation of the time and money required to use the 

certain services. 

The most frequently used method for optical character recognition step is template matching technique. In state-of-

the-art techniques, Convolutional Neural Network based recognition algorithms provide higher recognition rates 
comparing to traditional Template Matching technique, due to publications that we took into consideration. Due to the 

limitations stated in the discussion, if the image dataset is not available, it is hard to compare and evaluate proposed 

methods. Public datasets could be optimal solution for aforementioned limitation, and if future researchers would use 

public images, it would make methods suitable for comparison and verification. Further research should include stating 

accuracy rate for every step as well as, stating overall recognition accuracy should increase traceability and verifiability 

of specific methodology. 
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