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Abstract—We propose a systematic  way to perform blurred license plate image recognition. Our 

method only uses one license plate image and there is no need to perform character segmentation. 

There are three main steps involved in the proposed system. First, we perform character position 

identification and corresponding character list estimation using single-character templates. Then, 

the position of special symbol on a license plate is estimated. Finally, we expand the templates from 

single-character templates to multiple-character templates for refining the recognition results. The 

experiment results show that our method is superb in recognizing characters of blurred license plate  

images.

1. Introduction

    The main purpose of this study is to design a systematic method to recognize the characters on a 

blurred license plate image. In many modern cities,  it  is a trend to set  up video camcorders to 

monitor the traffic and potential criminal activities. Through video recording, violations of traffic 

rules and criminal activities are no longer undetected. Nevertheless, in consideration of the expense, 

the resolution of most video camcorders mounted at road intersections or important locations of 

buildings is very low. In addition, since these video clips are taken in outdoor environments, the 

quality of them is seriously influenced by the weather condition and very often they are blurred.  

Under these circumstances, recognizing the characters on a blurred license plate image becomes a 

very important issue for crime scene investigation. Many forensics-related research institutes in the 

world  have  devoted  much  effort  in  the  past  decades  on  this  important  problem.  However,  a 



systematic way that can either solve the problem or tell the investigators that the problem is not 

solvable is still  deficient.  In this paper,  we shall  develop a systematic way to solve the above-

mentioned problem.

    In the past two decades, a large number of algorithms have been proposed to recognize the 

characters on a license plate [1-7][9][14]. In [1], Anagnostopoulos et al. did an excellent survey on 

license plate recognition. They divided a complete license plate recognition procedure into three 

steps: (1) license plate detection, (2) character segmentation, and (3) character recognition. Among 

the numerous existing license plate recognition methods, Bai and Liu [5] put their emphasis solely 

on license plate detection. Since the intensity value detected in the interior region of a license plate 

is not stable, they computed the statistics of edges instead to extract the valid information from a 

license plate. As to the character segmentation step, it is well known that appropriate segmentation 

of the characters on a license plate image is a very difficult task because these characters are usually 

blurred and slant if they were taken by a video camcorder. In [4], Shi et al. did an excellent job on 

license plate character segmentation based on vertical and horizontal projections of binarized pixels. 

In  [6],  Nomura  et  al.  tackled  similar  problem using  a  morphology-based  approach.  As  to  the 

character recognition issue, a number of methods are commonly used, such as statistical classifiers 

[7], multilayered feedforward neural networks [8], and template-based approaches [9].

    In recent years, super-resolution-based image reconstruction [10][13][14] has been proposed as 

an  alternative  to  tackle  the  license  plate  recognition  problem.  Unlike  conventional  pattern 

recognition-based approaches that perform recognition directly on a grabbed image frame, the first 

step of a super-resolution-based approach is to improve the quality of a grabbed image frame. In 

[10],  Park  et  al.  presented  a  comprehensive  survey  on  super-resolution  image  reconstruction. 

Recent research on super-resolution usually splits the whole process into three steps. First, an image 

registration technique [11] is applied to register on input image sequence. Then, subpixel motion 



information is used to interpolate the high-resolution grid [12]. Finally, an observation model [13] 

and a probability model  are applied to  super-resolve them together.  In [14],  Suresh  et  al.  used 

Markov random field and gradual nonconvexity optimization to generate a high-resolution license 

plate image from a sequence of low-resolution images.

    However, both of the above-mentioned approaches have their own problems when dealing with 

blurred license plate images. For a pattern recognition-based approach, the accuracy of recognition 

highly depends on the result of character segmentation. However, a license plate image extracted 

from  a  low-resolution  video  clip  is  usually  too  blurred  to  detect  the  boundary  of  any  two 

neighboring characters on the plate. As to a super-resolution-based approach, the current trend is to 

super-resolve multiple low-resolution images to a high-resolution one.  However,  a license plate 

image is usually extracted from a moving vehicle. License plate images taken at different time 

instances may have different perspective effect because they are located at different positions in the 

field  of  view.  This  will  make  the  registration  task  even  more  difficult.  Another  drawback  of 

applying a super-resolution-based approach is that it will “modify” the content of a target image. In 

a  forensics-related  field  such as  license  plate  image recognition,  to  “modify”  the  content  of  a 

potential evidence is inappropriate.

    In this  paper,  we propose a systematic way to perform recognition of blurred license plate 

images. The proposed method only uses one license plate image and there is no need to perform 

character  segmentation.  The framework is  composed of  three  main  steps.  First,  after  manually 

cropping the license plate image from a blurred license plate image, we perform character position 

identification and corresponding character list estimation using single-character templates. Then, 

the position of special symbol on a license plate is estimated. Finally, we expand the templates from 

single-character templates to multiple-character templates for refining the recognition results. The 

experiment  results  show that  our  method is  indeed superb in  recognizing characters  of blurred 



license plate images.

    The remainder of this paper is organized as follows. In Section 2, we introduce the three main 

steps in our system. The experimental results using real traffic video frames are detailed in Section 

3. concluding remarks will be drawn in Section 4.

2. The Proposed Approach

    It  is  known that  all  characters printed on a  license plate  are  single font and of fixed size. 

Therefore, it is reasonable to propose a template-based license plate recognition approach to deal 

with a blurred license plate image. Since the purpose of this study is to provide possible license 

plate  numbers  of  a  suspected  vehicle,  we  can  manually  crop  the  license  plate  region  from a 

suspected  vehicle.  Since  most  of  the  detected  vehicles  are  driven  on  a  smooth  road  way and 

therefore we can make an assumption that the grabbed video frames are not seriously influenced by 

rotation or the perspective effect. Fig. 1 shows an example of cropping a license plate region from a  

suspected  vehicle  image.  The  proposed  approach  consists  of  three  main  steps:  1)  determine 

potential character positions and estimate the most probable character set based on single-character 

templates;  2) determine the position of any special  symbol on  a license plate;  and 3) perform 

license plate recognition based on multiple-character templates. The details of the three proposed 

steps are reported as follows.



Fig. 1 An example of license plate region cropping.

2.1 Character Position and Character Set Estimation

    After cropping the license plate region from a target video frame, the next step is to estimate the 

potential character positions. In Taiwan, the number of characters on a license plate is six. These 

characters can be letters or digits. There is always a hyphen sitting in-between the letter-digit region 

(the length is 2) and the pure-digit region (the length is 4). The letter-digit region can be two letters, 

one letter followed by one digit, or one digit followed by one letter. The pure-digit region, on the 

other hand, consists of four pure digits. The order of the letter-digit region and the pure-digit region 

can be reversed. Therefore, the position of the hyphen can be close to the left (the letter-digit region 

first and then four digits) or to the right (the pure-digit region first and then the letter-digit region)  

of a license plate.

    To estimate the potential positions of the characters on a license plate, we apply the sliding 

window algorithm to achieve the goal. Before applying the sliding window algorithm, we need to 

collect the template of every possible character. Therefore, we collect the templates of letters (from 

A to  Z)  and  digits  (from 0  to  9)  directly  from high-resolution  license  plate  images.  We then 

normalize these extracted character templates into the same size and same intensity level. To apply 

the sliding window algorithm correctly, we need to calculate the average intensity difference as well 

as the size difference between each character template and the target license plate image and then 

compensate it. First, we normalize the height of every character template and make it equal to the 

height of a target license plate image. Then, we let the width of the target license plate image equal 

to six and one third times of the width of a normalized character template (in Taiwan the hyphen 

sitting in-between the letter-digit region and the pure-digit region is one third times of width of  a 

character template). The six times of width is to fit the six characters and the one third time of width 



is  to  fit  the  hyphen existing on a  license  plate.  After  normalizing the size,  the next  step is  to 

normalize the mean and the standard deviation of the intensity histograms between the target license 

plate image and every character template. Let C  be the set of all possible characters on a license 

plate and I t  be the target license plate image. Let I t  and  I t  be the mean and standard deviation 

of all pixel intensities in I t , respectively. On the other hand, for each character template image, I c , 

we can calculate its mean, I c , and standard deviation,  I c , respectively. We need to compensate 

the intensity value of every pixel in I c  and make it become T c  as follows:

T c x , y = I c x , y −I t∗
 I t

 I c
I c . (1)

Fig. 2 shows an example of normalizing source character images into character template images 

based on the size and intensity obtained from a cropped low-resolution image.

Fig. 2 An example of normalizing source character images into character template images.

    After all the character templates are generated, we use every normalized character template, T c , 

as a sliding window to search for all potential character positions on a license plate image. Let the 

size of T c  be M×N . The degree of similarity between T c  and the subimage it covers during the 

sliding process can be measured by the L1-distance:

d c x p=
1

MN ∑
x=0

M −1

∑
y=0

N−1

∣T c x , y −I t x px , y ∣, c∈C , (2)



where x p  represents the starting x-axis position of a sub-image in the license plate image. Under 

these circumstances, if one slides a specific character template along the  x-axis of a license plate 

image, the distance between this character template and all sub-images of the license plate image 

will form a distance curve as shown in Fig. 3(a). Fig. 3(a) shows the three distance curves generated 

by sliding the three character templates “0”, “1”, and “2”. Since there are in total 36 characters (0 to 

9, and A to Z) in the character set, we can line up the 36 generated distance curves and determine a 

minimum distance curve. This minimum distance curve is determined by choosing the minimum 

distance  value  among  the  36  distance  values  at  all  x p  positions.  To  determine  the  minimum 

distance at a specific position x p , we use the following equation:

d min x p=min
c∈C

d c x p. (3)

    The bottom of Fig 3(a) shows the determined minimum distance curve (a scaled up version) of a  

specific license plate. Since every spot on the minimum distance curve means the most similar 

template, we need to find out the local minima along this curve because these positions should 

correspond  to  candidate  character  positions.  We  can  determine  these  positions  based  on  the 

following equation:

X cand={xcand∣d min xcand ≤d min x ,where∣xcand−x∣M /2} , (4)

where M denotes the width of a character template.



(a) (b)
Fig. 3 Candidate character positions and corresponding characters estimation. (a) The calculated 
similarity curves and the minimum distance curve. (b) The estimated candidate positions and part of 
their corresponding characters.

    After all possible candidate character positions are estimated, the corresponding character with 

the minimum distance for each candidate position  xcand  can be found. However,  since we are 

dealing with degraded images (seriously blurred), the minimum distance calculated at a specific 

position may not really reflect the truth. Therefore, we take the top few closest characters instead of 

taking only one. The cutoff threshold for screening qualified candidate characters is determined as 

follows. For a candidate character position  xcand ,  we calculate the average of all  the obtained 

distances and use it as the cutoff threshold. Some estimated candidate positions and part of their  

corresponding characters are shown in Fig. 3 (b).

2.2. Treatment of Special Symbols



    In  the  previous  stage,  we  use  single-character  templates  as  sliding  windows to  determine 

potential character positions and the sets of possible characters associated with them. Under these 

circumstances, the best way to increase the fidelity of recognition results is to extend from single-

character template to multiple-character template. However, to apply this extension directly without 

considering potential existence of special symbols in-between characters is inappropriate. In many 

countries,  special  symbols  are  placed on a  license  plate  and these  symbols  do  occupy spaces. 

Therefore, if one uses multiple-character template to perform recognition, he/she has to deal with 

these special symbols because they may influence the recognition outcome. A special symbol may 

be located at different positions of a license plate. For example, the license plate of North Carolina 

state and Kentucky state contains six characters. These six characters are split into two groups, one 

group has two characters and the other group contains four characters. There is a hyphen sitting in- 

between these two groups. As we have mentioned in Section 2.1, the license plates in Taiwan use a 

hyphen to separate the letter-digit region and the pure-digit region. 

    To confirm the  position  of  a  hyphen,  we use  single-character  templates  that  cover  all  36 

characters  and that  only cover  10 digits  (0  to  9),  respectively,  to  generate  their  corresponding 

minimum distance curves. We use a real case to explain how this process works for identifying the 

position of a hyphen. The top row of Fig. 4 shows a cropped license plate image. The second and 

the third rows of Fig.4 show the minimum distance curves generated by sliding single-character 

templates that cover all 36 characters and all 10 digits, respectively. For those positions that have 

consistent local minimum in both curves (as indicated by the long vertical arrows in Fig. 4), we can 

judge they are digits. For the local minimum detected at the left side of the second row in Fig. 4, it  

is not detected in the minimum distance curve shown in the third row. This indicates it did not pass 

the pure-digit templates but passed the pure-letter templates. Using this strategy, we are able to tell 

the hyphen of this license plate should be close to the left hand side. Its position should sit between 

the second and the third character of the license plate. If one cannot find any character through the 



above process, he/she has to check whether there is any digit identified at the third or the fourth 

character position from left. If there is one or two digits found at these positions, we check its (or  

theirs) starting position. If an identified digit falls in the above section and its starting position at x-

axis is an integer times of the width of a character template, then we judge the hyphen of this  

license plate is at the right hand side (it is a 4-2 combination). On the other hand, if this starting 

position is an integer times plus one third time of the width of a character template, then we judge 

this hyphen is at the left hand side (it is a 2-4 combination). If the above two rules cannot help come 

up  with  any  correct  judgement,  then  it  means:  (1)  a  targeted  license  plate  does  not  have 

distinguishable letters in the first two-character or the last two-character sessions; (2) this license 

plate does not have distinguishable digits in the third and the fourth character positions. Under these 

circumstances, we need to perform exhausted search by considering both cases (i.e., both 2-4 and 4-

2 cases) in the more sophisticated recognition process proposed in the next section. In this paper, 

the special symbol issue is discussed based on the example of Taiwan's license plates. However, 

similar methodology can be applied to any kind of license plates in the world if there is any special 

symbols existing on a license plate.

Fig. 4 The minimum distance curves generated by all 36 characters (middle row) and 10 pure digits  
(bottom row) are different.

2.3. Recognition Based on Multiple-Character Templates

    In this section, we describe how to use multiple-character template to further improve the results 

generated by executing single-character template recognition. Since the license plate images are 



seriously  blurred  most  of  the  time  (due  to  the  low-resolution  nature  of  a  video  frame),  the 

estimation made by executing single-character template-based recognition may not be correct. The 

erroneous estimations may be caused by several reasons. First, some license plate characters are 

seriously deteriorated and thus no character templates can pass the cutoff threshold. Under these 

circumstances,  no  possible  character  templates  are  chosen  at  these  positions.  Second,  at  some 

positions that have chosen possible characters, the order of these characters may be incorrect due to 

the low-resolution  nature of  a  license plate  image.  Therefore,  we propose  the  use of  multiple-

character template to increase the fidelity of recognition results.

    Fig. 5 shows the hierarchical structure of multiple-character template-based recognition. Since 

the  license  plate  in  Taiwan has  six  characters,  at  the  bottom level  we illustrate  six  nodes  that 

correspond to all six possible character positions. The second level from bottom in Fig. 5 shows all 

possible  combinations  of  two-character  templates  and  the  third  level  are  four  possible  three-

character  templates.  We use an example illustrated in  Fig.  6  to  explain how multiple-character 

template recognition works. Fig. 6 shows three detected character positions (they were detected by 

single-character templates). The list of characters associated with each position (position 2, 3, and 6, 

respectively, from left to right) indicates an ordered list of candidate characters (from top (most 

probable) to bottom (least probable)).  If one wants to extend from the single-character template at 

position 3 to the second level, then the two two-character templates he/she needs to use are the 

position 2-3 template and the position 3-4 template. Since we have found potential characters within 

the range of the first two characters and that of the 3-4 characters, we can judge the location of the 

hyphen based on the rules described in Section 2.2. In this case, the starting position of the third 

character is two and one third times of the width of a character template away from the left end.  

Therefore, we know immediately the hyphen should be between the second and the third characters 

of the license plate. If we check the potential character list of the second character, it also supports 

the above assertion because its top two character are letters. Under these circumstances, we can list 



all possible two-character template as follows. For the template of position 1-2, since the character 

at position 1 was not identified in the single-character template check, we use all 36 characters to 

respectively combine with the 11 characters (“V”,  “W”, …, “Q”) which were identified as the 

candidate characters in the first round check. Therefore, we have in total 396 (36x11) possible two-

character templates for position 1-2. The possible two-character templates for position 2-3 can be 

deduced as follows. In this case,  since the hyphen is located between the second and the third 

characters,  we need to  insert  the  template  of  hyphen (1/3  with  of  a  character  template)  when 

generating the two-character template. On the other hand, since these two positions are associated 

with  their  own  candidate  character  lists,  we  have  in  total  33  (11x3)  possible  two-character 

templates. They are V-1, V-4, V-7, W-1, W-4, W-7, B-1, B-4, B-7, and so on. An example of two-

character template at position 2-3 is shown in Fig. 7. The normalization process of size and intensity 

is  the same as the process stated in Section 2.1.  As to all  possible  two-character templates for 

position  3-4  we can  deduce  as  follows.  Since  position  4 was  not  matched with  any candidate  

characters in the single-character test, we need to include all digits as possible characters (we know 

this position belongs to the pure-digit region). Therefore, we use “1”, “4”, and “7” to respectively 

combine with all 10 digits (0 to 9) to form 30 (3x10) possible two-character templates. The other 

possible two-character templates can be deduced in the same way. For position 3-4, we have in total  

30  distances  calculated.  We computed  the  average  of  these  distances  and  use  it  as  the  cutoff 

threshold  to  screen  out  those  have  larger  distances.  Fig.  8  shows  10  two-character  templates 

survived  in  the  screening  process  for  position  3-4.  As  to  the  three-character  templates,  four-

character templates,  and five-character templates, we can use the same methodology to deduce 

them. Finally, these possible templates will be ranked based on their distances with the sub-images 

of the original license plate image. 



Fig. 5 The hierarchical structure of the multiple character templates.

Fig. 6 An example of  three detected character positions and the list of characters associated with 
each position.

Fig. 7 An example of two-character template with a hyphen in-between.

Fig. 8 The 10 two-character templates survived in the screening process for position 3-4.



3. Experimental Results

    To test the effectiveness of the proposed method, we made use of Taiwan's license plates to 

conduct experiments. Fig. 9 shows three typical license plates used in Taiwan. Fig. 10 shows three 

blurred license plate images that were used in our experiments. We know the ground truth of these 

blurred license plate images by closer look on these vehicles. A set of more clear license plate 

images in contrast to Fig. 10 are shown in Fig. 11. The ground truth numbers of these license plate  

were 8P-1311, SV-4232, and 5830-TN. In the three blurred license plate images, the height of the 

cropped license plate image was at most 7 pixels. Under these circumstances, many conventional 

license plate recognition systems cannot even process them [1]. With this poor resolution, on the 

other hand, even the human visual system can hardly recognize any character from these license 

plate images.

Fig. 8 Some typical license plates used in Taiwan



Fig. 10 Three blurred sample license plate images used in the experiments. (From top to bottom) 
The actual characters of the license plates are 8P-1311, SV-4232 and 5830-TN. (From left to right) 
Low-resolution vehicle image, and the cropped license plate region.

Fig. 11 The closer look on the three vehicles in Fig. 9.

    In the first step of the experiments, we used the set of character templates that contained all 

characters (A-Z, 0-9) and that contained only digits (0-9), respectively, to calculate the minimum 

distance curves of the three test license plate images. Fig. 12 shows the results of this experiment. 

The first row shown in Fig. 12 are the three blurred license plate images cropped directly from Fig. 

10. The middle row and the bottom row of Fig. 12 show the minimum distance curves and the 

potential character positions determined by using all 36 character templates and 10 digit templates, 

respectively. Comparing the minimum distance curves shown in the second row and the third row of 



Fig. 12, one can easily separate the digit-letter region and the pure-digit region. The lists of partial 

candidate characters associated with each detected character position are shown in Fig. 13 (each list 

with priority from top to bottom).

(a) (b) (c)
Fig. 12 Results of potential character position estimation. The first row shows the three license plate 
images cropped from Fig. 8. The middle row shows the minimum distance curve and candidate 
character positions determined by 36 character templates. The bottom row shows the minimum 
distance curves and candidate character positions determined by 10 digit templates.

(a) (b) (c)
Fig. 13 The results of corresponding candidate character estimation on each potential position.

    From Fig. 13 it is known that even after potential character position estimation, there are still 

some  positions  with  no  characters  detected.  Under  these  circumstances,  we  used  the  detected 

characters to determine where the special symbol was located and then proceeded to the multiple-

character recognition process. Fig. 14 shows how the proposed three-step license plate recognition 

process operated and the corresponding hierarchical structure established when handling the license 

plate “8P-1311.” The hierarchical structure shown in Fig. 14 was built from all the possible single-

character templates (bottom nodes) to all the possible two-character templates (all nodes one level 

up), and finally to all the possible six-character templates (on the top of the structure).
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Fig. 14 A hierarchical structure of multiple-character template correction.

    In the process of crime investigation, an accurate analysis of license plate images can help reduce 

the  search  space  and  avoid  spending  time  on improbable  vehicles.  Since  the  objective  of  this 

investigation is to recognize the characters of a blurred license plate image, our strategy is to reduce 

the size of the search space to a small range. Fig. 15 and 16 show two sets of results obtained by 

applying our license plate recognition algorithm. In the results shown in Fig. 15, the ground truth 

license plate  number:  “8P-1311,” was ranked number one in the estimation list.  Fig.  16 shows 

another set of results. In this case, the ground truth license plate: “SV-4232,” was ranked number 

two out of the top five estimated results.



Fig. 15 Recognition result of the license plate “8P-1311.” (a) the low-resolution vehicle image, (b) 
the cropped license plate region, (c) the recognition result with top 5 ranks: “8P-1311,” “0P-1311,” 
“AP-1311,” “QP-1311,” and “QP-1311.”

Fig. 16 Recognition result of the license plate “SV-4232.” (a) the low-resolution vehicle image, (b) 
the cropped license plate region, (c) the recognition result  with top 5 ranks: “VW-4232,” “SV-
4232,” “SW-4232,” “VW-4332,” and “SV-4732.”

4. Conclusions

    We have proposed a systematic way to perform recognition of blurred license plate images. Only 

one license plate image is needed to estimate potential license plate numbers. Besides, there is no 

need to perform character segmentation. The framework is composed of three main steps. First, we 

identify the character positions and then derive their  corresponding character lists  using single-

character templates. In the second step, we try to identify the location of the special symbol of a 

license plate. Finally, we expand the templates from single-character templates to multiple-character 

templates for refining the recognition results. The experiment results show that our method is quite 



successful in recognizing characters of blurred license plate images.
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