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Abstract—In this paper a new application-oriented 

method for automatic Farsi license plate detection 

(ALPD), based on morphology and a modified edge 

clustering algorithm is proposed. Access control (AC), 

law enforcement (LE), and road patrol (RP) are mainly 

three applications for ALPD. After image enhancement 

by preprocessing, the edge statistics analysis and the 

morphology filter are used to decrease the search regions 

and remove the unwanted edges. Then the expectation-

maximization (E-M) algorithm is used to estimate the 

corresponding Gaussian components for edges of 

remained regions. In this way the results of edge 

clustering and Gaussian components estimation are 

deterministic whereas the processing time in comparison 

with similar approaches in literature, is decreased 

significantly. Candidate regions are obtained by 

applying application-oriented thresholds to the 

properties of estimated Gaussian components. Finally 

for each candidate region, the maximally stable extremal 

region (MSER) detector is used to detect character-like 

regions and then select the region(s) of interest 

containing license plates. The proposed method is 

evaluated by using a database which includes images for 

the three groups AC, LE and RP applications, whereas 

some images suffer of being low quality, low contrast 

and blur and some images have complex background 

through existing multiple license plates. The 

experimental results show that our proposed method is 

reliable for images of different quality and illumination 

condition and it is able to detect the rotated and skewed 

license plates even in images containing multiple license 

plates and complex backgrounds. 

 

Keywords—License plate detection, license plate 

character segmentation, application oriented, edge 

clustering. 

 

I.  INTRODUCTION 

The automatic license plate recognition (ALPR) has 

an important role in some real-life applications such as 

automatic toll collection, traffic law enforcement, 

searching stolen cars and road traffic monitoring. In fact, 

using an ALPR system, a license plate is extracted from 

image captured by a color, black and white or infrared 

cameras. The scopes of license plate rotation, aspect 

ratio and size in an image, as variables, are different for 

anonymous applications. There are some challenges for 

ALPR systems arising from license plate types and 

environmental conditions diversity. For example, 

diversity of license plate background and character 

colors, fonts and languages, irregularity of number, type 

and location of characters in some countries and states, 

covering license plate by dust and pollution, rotation of 

license plate, different illumination conditions and 

existence of license plate-like textures in an image 

background, are some of these challenges.  

In general ALPR systems include three modules 

named license plate detection (LPD), character 

segmentation and character recognition. The LPD 

module has the important role of system performance. 

The aim of LPD module is to decrease searching regions 

in a way that the system only processes regions having 

license plate features. License plate features are usually 

extracted from its format and constituting characters.  

An ALPR method based on statistical analyzing and 

vertical edges was proposed in [1]. The algorithm named 

VEDA and it was 7 to 9 times faster than the Sobel 

operator which is known as the classic edge detector. 

The main challenge for implementing the VEDA, is 

finding an appropriate binarization algorithm. In 

addition, vertical edges may not be detected properly 

when the license plate region is small. The block based 

method was proposed in [2] where blocks with high 
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edge density are assumed to be the license plate region. 

The main difficulty of block-based algorithms is finding 

many candidate regions especially for images with 

complex background. Although methods based on edge 

statistics, are simple and fast but the edge connectivity is 

necessary. However, the unwanted edges are removed 

and the license plate region is extracted by using the 

morphology filter. For example in [3]-[5], the connected 

component analysis and measuring features such as 

region area and aspect ratio were used.  

Besides the edge statistical features, many literatures 

used the textural features. In [6], the license plate 

characters were detected by using scan-line technique 

and counting peaks in gray scale level changes. In [7]-

[9], the edge density was computed and the regions with 

most density based on a weight allocation schema were 

segmented. In [10], a license plate roughly and then 

precisely was segmented by detecting the vertical edges 

and using the mathematical morphology filtering. 

In this paper we proposed a new application-oriented 

method for Farsi LPD based on a modified edge 

clustering and morphology algorithm. The LPD 

applications are divided into three general categories 

named AC, LE and RP. A modified edge clustering 

algorithm with the help of edge statistical analysis and 

morphology is used for obtaining the candidate regions. 

The real license plate region is identified using MSER 

detector [11] and counting connected components. In 

order to evaluate our proposed algorithm, a Farsi license 

plate database including 390 images of AC, LE and RP 

applications is used. 

The rest of this paper is organized as follows. In 

Section II, we give a short review on application-

oriented license plate recognition method. In Section III, 

we explain our proposed method at first including 

preprocessing in order to improve the input image, 

removing unwanted regions or regions with low 

probability of being a license plate, estimating Gaussian 

components, obtaining candidate regions and 

determining the license plate region among candidates, 

then our experimental results on database containing 390 

images are reported. Finally the conclusions are given in 

Section IV. 

 

II.  REVIEW THE APPLICATION-ORIENTED LICENSE 

PLATE RECOGNITION 

The application-oriented license plate recognition 

method based on edge clustering was proposed for AC, 

LE and RP applications [12]. As an example, we can 

refer to the entrance gate monitoring for AC, road 

monitoring for LE and searching stolen cars for RP 

applications. From AC to RP applications, the variability 

scopes become wider. It means that many regions are 

candidate and therefore more time needs for processing. 

In [12], at first, the vertical Sobel edge detector was used 

for a gray scale image. Then assuming the Gaussian 

mixture model (GMM) for edge point's distribution, the 

E-M algorithm was used for estimating the Gaussian 

components. The GMM is expressed as: 


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where ix refers to an edge point, )( ixp  is the probability 

of the edge point, cN  is the pre-determined number of 

components, j  is the weighting factor and   is the j-th 

Gaussian component with mean j  and covariance jV . 

The E-M algorithm takes some mean, covariance 

matrix and weight values, as primary states of 

components and iteratively estimates new values for 

them until the convergence condition is satisfied. For 

preparing these values, first the edge points are clustered 

into the pre-determined clusters number (equal to 

components number) by using k-means algorithm. Then, 

the mean and the covariance of each created cluster are 

calculated as, 
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where ijx  denotes the edge point i in cluster j, N is the 

number of edge points in cluster j and 
T(.)  denotes the 

transpose. Also the weighting factor j is obtained as the 

number of edge points in j-th cluster to total number of 

edge point ratio whereas, 
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For iteration m and for cNj ,...,1 , the E and M steps 

of E-M algorithm are as follows: 
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 In M-step compute the new estimates, 
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For a pre-determined threshold value  , the 

algorithm terminates if  )()1( mm ll  where )1( ml  is 

obtained as follows: 
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The squares of eigen values and eigen vectors of an 

estimated component covariance matrix, indicate the 

lengths and orientations of major and minor diagonals of 

an ellipse corresponding to the component, respectively. 

So corresponding ellipse of each component can 

demonstrate features such as width, aspect ratio and 

orientation and we can use these properties for 

measuring likeness to a license plate. By applying 

application-oriented thresholds as scopes of variables in 

each application to these properties, undesired 

components are removed. All the above are the 

following inequalities for measuring the ellipse major 

axis length to image width ratio, ellipse aspect ratio and 

ellipse orientation, respectively: 
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where IW  is the image width , mi,  and Mi,  are the 

smallest and the largest eigen values of covariance 

matrix jV  with associated eigen vectors mi,v  and Mi,v . 

The minimum and maximum application-oriented 

thresholds are ],[ , mm rs   
and ],[ , MM Rs  . 

An iterative procedure in three steps containing k-

means algorithm, E-M algorithm and removing 

undesired components, with different number of clusters 

and iterations for each application, were used in [12]. 

For example for AC, the iteration numbers considered 6 

and the number of clusters varied from 6 to 10. It is 

shown that the license plate region is stably detected by 

Gaussian components in most iterations. 

Due to non-deterministic behavior of k-means and E-

M algorithms we may get different results for license 

plate region candidates whenever we run the algorithm. 

In this paper, in order to have a deterministic behavior 

we used the modified edge clustering and Gaussian 

component estimation by using edge statistics and 

morphology. 

 

III.  APPLICATION-ORIENTED FARSI ALPD 

Our proposed method, in general consists of four steps 

including preprocessing for improving input image, 

removing unwanted regions (regions with low 

probability for being a license plate), estimating 

Gaussian components for remained edges and obtaining 

candidate regions and finally determining license plate 

region among candidates. The block diagram of the 

method is shown in Fig. 1 and explained in detail in 

following. 

 

 

Fig.1. Block diagram of the proposed method. 

A.  Image Resizing 

Although the proposed method is working perfect 

irrespective of an input image size, resizing image to 

480640  or 640480  for portrait and landscape, is 

convenient because of computation cost. Obviously the 

aspect ratio is either 4:3 or 3:4. Now for any arbitrary 

input image we resize the image whereas the aspect ratio 

would be the same as the input image and the image size 

is the nearest to n= 480640  pixels, 

 

))(round(sqrt
ar

n
x                               (8) 

))(round(sqrt arny                          (9) 

 

where yx  is the size or number of pixels of the 

resized or output image, and ar refers to the pre-

determined aspect ratio; i.e. for 4:3 and 3:4 images 

3/4ar and 4/3ar respectively. 

B.  Image Sharpening 

Image sharpening as preprocessing is necessary due to 

low contrast input image, unclean license plate and sun 

light reflection. For this purpose we used a mask as a 

high pass filter: 
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The mask coefficients are obtained as follows: 
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where )1(1 A  and   is the standard deviation of 

the resized grayscale image. After applying the high pass 

filter, the image is rescaled into range [0, 1] and 

enhanced by histogram equalization. In Fig. 2, three 

original images of AC, LE and RP applications and their 

corresponding sharpened images are shown. 
 

 

 

 

Fig.2. Three sample original (left) and sharpened (right) images for AC, 

LE and RP applications (top to bottom). 

C.  Vertical Edge Detection 

In this stage, the Sobel mask, ]101;202;101[  , 

is used as a vertical edge detector. The obtained values 

of applying Sobel operator for different pixels may be 

positive or negative. The positive values indicate moving 

from a dark intensity level to a light one whereas the 

negative values indicate a reverse moving. Since both 

edge types are important, we consider the absolute value 

of output. The result of applying Sobel operator is 

enhanced by using histogram equalization. Although 

many edges are detected, the strong edge points should 

be kept. For this purpose, a global threshold: 
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is used where E refers to an edge image, Em and E are 

the mean and the standard deviation. Obtaining the 

threshold value, we have: 
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Fig. 3 shows the edge images, E  and Ê . 

 

 

Fig. 3. Shown the output of Sobel vertical edge detector without using 

a threshold (left-column) and with using the threshold value based on 

Eqs. (12)-(13) (right-column). 

D.  Sliding Window 

Sliding window procedures of an edge output image 

based on the edge density is explained in following: 

 

1. Consider a primary window size. 

2. Move the window horizontally and then vertically 

on the edge output image and compute the edge 

density value function for every location 

according to edge point values of window. 

3. Keep the window content if its edge density value 

satisfies the pre-defined range. 

4. Increase the window size and then repeat steps 2-

4 if the window width is smaller than image 

width named 'y' in Eq. (9). 

 

For each window size, for reducing the processing, we 

move the window in horizontal and vertical directions 

with steps equal to 33% of horizontal and vertical widow 
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dimensions respectively. As the standard Farsi license 

plate is 5010  centimeters, the window size for every 

iteration,  50/,...,2,1 yt   is considered to be: 

 

ttsizewindow t 5010                   (14) 

 

In addition, at each iteration and for every window 

size equal to qp  , the edge density is obtained as: 

 




i j

ji
qp

densityedge ),(ˆ
1

E            (15) 

 

During window moving, the desired regions are 

identified if the edge density value be in range  

[0.22, 0.35] according to [13]. 

E.  Sliding Window Modification 

The aim of this step is partially extracting some parts 

of remained regions in which there are character-like 

textures. As it is seen in Fig. 4, the output of sliding 

window procedure contains some connected components. 

We apply the sliding window modification to each 

connected component separately. The procedures of 

modification for every connected component are as 

follows: 

 

1. Count active edge points in Ê  for every row and 

column of connected component and obtain two 

vectors named rsum and csum . 

2. Apply closing and opening operators by using a 

rectangular structure of values 1 and size, 
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where csum  and rsum  refers to the mean value 

of vectors rsum  and csum , to grayscale image 

(before sharpening), and then subtract the output 

images of opening and closing morphology filters. 

3. Binarize the subtraction image using its mean 

value as a global threshold. A point with a value 

greater than threshold is considered as a point of a 

character-like region. 

 

It is seen in Fig. 4 that like sliding window procedure, 

at the end of sliding window modification procedure, 

some connected components are found. By analyzing the 

connected components we discard some candidate 

regions based on the standard plate size and aspect ratio. 

Supposing the worst case that the license plate occupies 

5010  pixels (one pixel per square centimeter) in an 

image and because the characters occupy about 55% of 

license plate total area, we choose minimum allowed 

area for a connected component, equal to 220 (44% of  

5010 ) pixels and discard components with smaller 

area. Also we discard components with an area greater 

than one sixth of total image area. In addition, connected 

components with aspect ratio out of a specific range, is 

not a license plate and must be removed. According to 

[13], the aspect ratio range is [1.8, 13.7]. The results of 

sliding window and sliding window modification steps 

on sample images are shown in Fig. 4. 

 

 

Fig.4. Remained regions after using sliding window (left-column) and 

sliding window modification (right-column). 

F.  Gaussian Components Estimation 

In this section, we estimate a Gaussian component for 

edge points of each connected component. In this way, a 

candidate region is kept if it satisfies the properties of 

being a license plate, otherwise is would be removed. 

We used the E-M algorithm for Gaussian component 

estimation in a different way than the method in [12]. 

Therefore, instead of using k-means algorithm for 

clustering the edge points, we consider the edge points in 

each connected component as a cluster. So the result of 

E-M algorithm is deterministic whereas no iteration is 

needed for different number of clusters and the 

processing time is decreased significantly. Also the 

effect of non-deterministic behavior of k-means 

algorithm in edge points clustering is eliminated. For 

discarding unlikely components, we apply some 

application-oriented thresholds according to Eq. (7), for 

features of Gaussian components, listed: 

 

1. Ellipse major axis length to image width ratio 

2. Ellipse aspect ratio 

3. Ellipse orientation (major axis angel relative to 

horizontal axis) 
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If one of these properties of component is out of the 

chosen range, the component is omitted. The 

experimentally chosen ranges for each application are: 

 

AC: [ ms , Ms ] = [0.085, 0.25] [ r , R ] = [4, 9] 

[ m , M ] = [
 13,13 ]                                                (17) 

 

LE: [ ms , Ms ] = [0.05, 0.22] [ r , R ] = [3.3, 9.25] 

[ m , M ] = [
 22,22 ]                                               (18) 

 

RP: [ ms , Ms ] = [0.035, 0.27] [ r , R ] = [3.34, 11.1] 

[ m , M ] = [
 30,30 ]                                               (19) 

 

where [ ms , r , m ] and [ Ms , R , M ] are application-

oriented minimum and maximum allowed threshold 

values for three above mentioned properties. In Fig. 5, 

results of estimating Gaussian components after 

discarding undesired ones are shown. We will consider 

the horizontal surrounding rectangle of each ellipse on 

original grayscale image (the image before sharpening) 

as a candidate region. 

 

 

Fig.5. Shown the estimated Gaussian components (white ellipses) after 

discarding undesired ones for AC (top), LE (middle) and RP (bottom) 

applications. 

G.  Candidate Regions Segmentation 

For determining license plate region(s) among 

candidate regions, we use MSER detector [11] to 

segment candidate regions. The MSER detector 

considers all possible threshold values for binarizing an 

image. In general, a MSER region is a connected region 

in an image with little changes in its size or area for a 

range of thresholds. 

Although there are 11 types of Farsi license plates, in 

this paper, we considered 3 types including private, 

public and state as samples shown in Fig. 6. There are 

seven numeric and one alphabetic Farsi characters in 

these license plates. In addition as it is seen in Fig. 6, 

both private and public license plates have dark 

characters and light background, whereas it is vice versa 

for the state license plate. We use the number of numeric 

characters as a criterion for indentifying license plate 

region(s). 

Before processing by MSER detector, the intensity of 

candidate regions is rescaled for having a range [0, 1]. 

The output of MSER detector is some connected 

components in candidate region as MSER regions. 

According to our experiments, in each candidate region, 

the ratio of character areas to corresponding surrounding 

rectangle of Gaussian component area is in a specific 

range, it is [0.0075, 0.1]. So the connected components 

out of the range ration are discarded. With calculating 

mean and covariance for points of a connected 

component according to Eq. (2), we obtain an ellipse in 

the same way that was used for Gaussian components. In 

a standard Farsi license plate, the ellipses of numeric 

characters have some similar properties. We use these 

properties for indentifying numeric characters in a 

candidate region, by applying some thresholds that 

describe them. For each ellipse of region, the thresholds 

are applied for properties listed below: 

 

1. The ratio of ellipse major axis to Gaussian 

component ellipse minor axis length 

2. Ellipse aspect ratio (the ratio of major axis to 

minor axis length) 

3. The ellipse orientation (major axis angle relative 

to horizontal axis) 

 

According to our experiments, the chosen threshold 

ranges for the above first, second and third defined items, 

in order are: 

 

1:  [ es , Es ] = [0.445, 1] 

2:  [ er , Er ] = [1.43, 9]                         (20) 

3:  [ e , E ] = [
50 ,

140 ] 

 

The license plate region of AC sample image with 

white ellipses MSER regions is shown in Fig. 7 where 

regions with areas out of above mentioned range, have 

been discarded. Also for classification, we show the AC 

sample image and the guide indicators in Fig. 8. 

After discarding regions with out of range properties, 

a binary image is constructed in which pixels 
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corresponding to all remained regions are set to 1 and 

others have value 0. The aim of applying threshold 

ranges to MSER region ellipses originally is to identify 

numeric character regions, so we consider the number of 

numeric characters (seven) in a license plate as a 

criterion for identification. We count the number of 

connected components in the constructed binary image 

and if the number of them is equal or greater than 7, the 

candidate region is considered as a license plate region. 

The results for sample images are shown in Fig. 9. It is 

seen in Fig. 9 that in two binary images, the alphabetic 

character is extracted by MSER detector because its 

properties are like numeric characters. Also it is obvious 

that we can use the results of MSER detector as results 

of a character segmentation module for next usage. 

 

 
Fig.6. Three types of Farsi license plates. They are private, public and 

state from left to right. 

 

Fig.7. MSER region ellipses after discarding regions with out of range 

areas and before applying thresholds in Eq. 20. 

 

Fig.8. Guide indicators on the AC sample image for better 

understanding of subjects. 

 
 

 

Fig.9. Binary license plate segmented region(s) of AC (top-left), LE 

(top-right) and RP (bottom) applications. 

H.  Experimental Results 

In order to evaluate our proposed method and show 

some sample output of different blocks, we used an 

Iranian license plate database including 390 images. We 

mention that the database includes some low contrast, 

low quality, and blurred images and furthermore some 

images with complex background contain multiple 

license plates. The images are grouped into AC, LE and 

RP applications where in order, they consist 81, 211 and 

390 images. All images in AC and LE are duplicated in 

RP, because as previously mentioned, from AC to RP 

application, the variability scopes become wider. So RP 

covers other applications. The method is implemented 

using MathLab2012 on a PC with Core i7 CPU and 8GB 

of RAM. The obtained license plate detection accuracy 

of applying AC, LE and RP settings for three grouped 

images are shown in Fig. 10. As it is seen, RP setting, Eq. 

(19), works properly for the three group images; i.e. AC, 

LE and RP applications. In contrast, the average 

consumed time are 0.53, 0.49, 0.61 seconds in order for 

AC, LE and RP applications. Although the detection 

accuracy of RP setting is appropriate, it is time 

consuming in comparison with AC and LE settings. In 

addition, although according to [12], the average 

consumed time of our method is greater, note that the 

method in [12] was implemented in C++ environment. 

The experimental results for each application, based on 

image resolution are reported in Table 1. We have also 

compared our method with proposed methods in [12] 

(with totally 2049 images) and [13] (with totally 300 

images) in Table 2. Note that [13] is not application-

oriented. Although the accuracy of our proposed method 

is lower than [13] and [12] (only for AC), it is faster in 

processing because of more simplicity and no use 

iterative procedures. In addition, we saw the used 

database for [12] and we believe that our Farsi license 

plate database including more low contrast images. 

 

 

Fig.10. The accuracy of the proposed method with AC (left columns), 

LE (middle columns) and RP (right columns) settings on images of AC, 

LE and RP applications. 

Table 1. Detection accuracy based on image resolution for AC, LE and 

RP applications. 

 

High resolution Medium resolution Low resolution 

Images  
Accuracy 

(%) 
Images  

Accuracy 

(%) 
Images  

Accuracy 

(%) 

AC 68 97 11 91 2 50 

LE 185 95 23 95 3 100 

RP 339 96 50 92 7 85 

Table 2. Comparing the achieved detection accuracy with others. 

Accuracy (%) 

Application 
The proposed 

method 
 [12]  [13] 

AC 95 96 

97 LE 95 95 

RP 95 94 

 

IV.  CONCLUSION 

In this paper a reliable and robust method for 

application-oriented Farsi license plate detection was 

proposed. The proposed method uses morphology for 
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reducing search regions and a modified edge clustering 

algorithm for estimating Gaussian components for edge 

points detected by Sobel vertical edge operator. Using 

modified edge clustering and Gaussian component 

estimation algorithms, we eliminate the effect of non-

deterministic behavior of k-means and E-M algorithms. 

Also compared to similar methods in [12] and [13] our 

method is faster because of more simplicity and no use 

iterative procedures. It is shown that the combination of 

morphology and modified edge clustering algorithm can 

improve the accuracy of determining candidate regions 

while the processing time reduces significantly. The 

method is robust against license plate rotation, skew and 

multiplicity. The proposed method has been tested on an 

application-oriented classified image database and the 

experimental results show that the average accuracy is 

appropriate. Although the proposed method is designed 

for Farsi license plates, it can be modified and used for 

other license plates as well. Also, implementing the 

proposed method using more efficient programming 

techniques and environments capable the algorithm for 

real time applications. 
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