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2. A reliability model used for inference the reliability 
rate of plate detection and its number recognition. 
3. An improved technique used for detecting vehicles in 
images. 
4. A new technique able to improve character 
recognition during the VLPR operations. 
5. A different adaptive thresholding method and 
dynamic programming approach were adopted for image 
binarization. 
6. An algorithmic sequence able to cope with plates of 
various sizes and positions. More than one license plate 
can be segmented in the same image with reasonable 
camera-vehicle distance. 
In addition, a Persian Optical Character Recognition 

(POCR) system based on fuzzy technology is implemented, 
featuring the advantage of continuous improvement with 
high accuracy. The fuzzy architecture is based on a previous 
original project of our [1]. 
 
2. Related Work 
 
The complexity of automatic vehicle license plate 
recognition varies throughout the world. In some countries, 
vehicle license plate design is highly standardized. Standard 
plate design makes it easier to detect and read vehicle license 
plates in images. It is therefore, not surprising that existing 
commercial applications have focused on countries with 
standardized VLP design. Where there are fewer strict 
specifications of VLP design, more sophisticated techniques 
are required for automatic VLP recognition.  

This has made it difficult for existing commercial 
systems to be deployed in those countries. Persian vehicle 
license plate designs vary widely in all aspects providing a 
much more challenging environment for automatic VLP 
recognition, so we selected new Iranian plate structure.  This 
plate type has many problems like different font size and 
stroke with low standard.  

A reliable intelligent automatic VLP recognition solution 
typically addresses five key issues: 

1. Vehicle presence: Is a vehicle present (only in our 
system used for LPD, and we call it vehicle detection)? 
2. Plate location: Where is the VLP plate in the image? 
3. Glyph location: Where are the VLP glyphs within the 
plate? 
4. OCR: What are the characters on the plate (in our 
system, we call it POCR)? 
5. Reliability: What is the reliability rate of recognition 
(an alarm message to the operator, only in our system 
presented, and we call it 3R and its message 3R-message)? 
Recognition algorithms are generally composed of 

several processing steps, such as the detection of the vehicle, 
extraction of a license plate region, segmentation of 
characters from the plate and recognition of each character. 
Papers that follow these steps’ frameworks are covered 
according to their major contribution in this section, without 
any research history on vehicle detection and Reliability Rate 
of Recognition (3R), in this era. The main goal of this section 
is to provide a brief reference in VLP identification and 
recognition, especially for Persian plates, regardless of 
particular application areas (i.e., stolen car search, traffic 
surveillance, etc.). 
 

2.1. Vehicle Detection 
 
While several systems have been developed to robustly 
detect instances of specific objects in natural images, the 
detection of generic object classes remains an unsolved 
problem in computer vision. Evidence from recent studies 
suggests that accurate and powerful object detectors can be 
built in a hierarchical manner, with lower level detectors first 
finding parts of the object, and a higher-level classifier 
combining their outputs. 

In driver assistance applications, vehicle detection 
algorithms need to process the acquired images at real-time 
or close to real-time. Searching the whole image to locate 
potential vehicle locations is not realistic. The majority of 
methods reported in the literature follow two basic steps: 1. 
Hypothesis Generation (HG) where the locations of vehicles 
in an image are hypothesized and, 2. Hypothesis Verification 
(HV) where tests are performed to verify the presence of a 
vehicle in an image. 
 
2.1.1. Hypothesis Generation (HG) 
 
The objective of the HG step is to find candidate vehicle 
locations in an image quickly for further exploration. HG 
approaches can be classified into one of the following three 
categories: Knowledge-based, Stereo-vision based, and 
Motion-based. 
 
Knowledge-Based Methods 
 
Knowledge-based methods employ a priori knowledge to 
hypothesize vehicle locations in an image. We review below 
some approaches using information about symmetry, color, 
shadow, corners, horizontal or vertical edges, texture, and 
vehicle lights.
Symmetry: Vehicle images observed from rear or frontal 
view are in general symmetrical in horizontal and vertical 
directions. This observation was used as a cue for vehicle 
detection [6]. An important issue that arises when computing 
symmetry from intensity, however, is the presence of 
homogeneous areas. In these areas, symmetry estimation is 
sensitive to noise. In [7], information about edges was 
included in the symmetry estimation to filter out 
homogeneous areas. When searching for local symmetry, 
two issues must be considered carefully. First, we need a 
rough indication of where a vehicle is probably present. 
Second, even when using both intensity and edge maps, 
symmetry as a cue is still prone to false detections, such as 
symmetrical background objects, or partly occluded vehicles. 
Color: Although few existing systems use color information 
to its full extent for HG, it is a very useful cue for obstacle 
detection, lane/road following, etc. Several prototype 
systems investigated the use of color information as a cue to 
follow lanes/roads, or segment vehicles from a background 
[8]. Consequently the apparent color of a car varies under 
different ambient conditions. 
Shadow: Using shadow information as a sign pattern for 
vehicle detection was initially discussed in [9]. Area 
underneath a vehicle is distinctly darker than any other area 
on an asphalt paved road [10], but the problem was the 
threshold variation of shadow intensity. In [11] a normal 
distribution was assumed for the intensity, but the 
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assumption about the distribution of road pixels might not 
always hold true, sine weather condition will change the road 
pixel shadow color, so making this method to fail. 
Corners: Since the vehicles in general have a rectangular 
shape, the corner based method to hypothesize vehicle 
location is proposed [12]. Based on the four corners, four 
templates were used to detect all the corners in an image. 
Vertical or horizontal edges: Different views of a vehicle, 
especially rear views, contain many horizontal and vertical 
structures, such as rear-window, bumper, etc. Using 
constellations of vertical and horizontal edges has shown to 
be a strong cue for hypothesizing vehicle presence. Authors 
in [13] applied a horizontal edge detector on the image first, 
and then the response in each column was summed to 
construct the profiles, and smoothed by using a triangular 
filter. By finding the local maximum and minimum peaks, 
they claimed that they could find the horizontal position of a 
vehicle on the road. A shadow method, similar to that in [11], 
was used to find the bottom of the vehicle. Authors in [14] 
proposed a method called Local Orientation Coding (LOC) 
to extract edge information. In [15] also used LOC, together 
with shadow information, for any vehicle detection.  

Utilizing horizontal and vertical edges as cues can be 
very effective. However, an important issue to be addressed, 
especially in the case of on-line vehicle detection, is how the 
choice of various parameters affects system robustness. 
These parameters include the threshold values for the edge 
detectors; the threshold values for picking the most important 
vertical and horizontal edges, and the threshold values for 
choosing the best maxima (i.e., peaks) in the profile images. 
Although a set of parameter values might work perfectly well 
under some conditions, they might fail in other environments. 
The problem is even more severe for an on-road vehicle 
detection system since the dynamic range of the acquired 
images is much bigger than that of an indoor vision system. 
A multi-scale driven method was investigated in [17] to 
address this problem. Although it did not root out                
the parameter setting problem, it did alleviate it to some      
extend. 
Texture: The presence of vehicles in an image cause local 
intensity changes. Due to general similarities among all 
vehicles, the intensity changes follow a certain pattern, 
referred to as texture in [18]. Entropy was first used as a 
measure for texture detection. Another texture-based 
segmentation method suggested in [18] used co-occurrence 
matrices. Using texture for HG can introduce many false 
detection conditions. For example, when we drive a car 
outdoor, especially in some downtown streets, the 
background is very likely to contain textures. 
Vehicle lights: Most of the cues discussed above are not 
helpful for night time vehicle detection. It would be difficult 
or impossible to detect shadows, horizontal or vertical edges, 
or corners in images obtained at night conditions. Vehicle 
lights represent a salient visual feature at night. Authors in 
[19] used morphological analysis for detecting vehicle light 
pairs in a narrow inspection area. 
 
Stereo-Vision Based Methods 
 
There are two types of methods using stereo information for 
vehicle detection. One uses a disparity map, while the other 
uses an anti-perspective transformation (i.e., Inverse 
Perspective Mapping). 

Disparity map: The difference in the left and right images 
between corresponding pixels is called disparity. The author 
in [20] proposed a method of employing the power of the 
disparity while avoiding some heavy computations. Authors 
in [21], argued a local feature extractor “structure 
classification” was proposed to solve the correspondence 
problem easier. 
Inverse perspective mapping: The term “Inverse 
Perspective Mapping (IPM)” does not correspond to an 
actual inversion of perspective mapping [22], which is 
mathematically impossible. Rather, it denotes an inversion 
under the additional constraint that inversely mapped points 
should lie on the horizontal plane. Assuming a flat road, 
authors in [23] used stereo vision to predict the image seen 
by the right camera, given the left image, using IPM.  

Instead of warping the right image onto the left image, 
authors in [24] computed the inverse perspective map of both 
the right and left images. Authors in [25] investigated a 
trinocular system.  
In general, stereo-vision based methods are accurate and 
robust only if the stereo parameters have been estimated 
accurately. 
 
Motion-Based Methods 
 
Three factors causing poor performance were summarized in 
[26]: (a) displacement between consecutive frames, (b) lack 
of textures, and (c) shocks and vibrations. Authors in         
[26] managed to remap the corresponding points                
between two consecutive frames, by minimizing a distance 
measure.  

In contrast to dense optical flow, “sparse optical flow” 
utilizes image features, such as corners [27], local minimal 
and maximal [28], or “Color Blob” [29]. In general, motion-
based methods can detect objects based on relative motion 
information. Obviously, this is a major limitation, for 
example, this method cannot be used to detect static 
obstacles, which can represent a big threat. 
 
2.1.2. Hypothesis Verification (HV) 
 
The input to the HV step is the set of hypothesized locations 
from the HG step. During HV, tests are performed to verify 
the correctness of a hypothesis. HV approaches can be 
classified into two main categories:  
 
Template-Based Methods 
 
Template-based methods use predefined patterns of the 
vehicle class and perform correlation between the image and 
the template. Authors in [16] proposed a hypothesis 
verification scheme based on license plate and rear windows 
detection using constraints based on vehicle geometry. 
Authors in [15] proposed a template based on the observation 
that the rear/frontal view of a vehicle has a ‘U’ shape.  

Authors in [30] used a very loose template to recognize 
vehicles. In [31], the hypothesis was generated based on-road 
position and perspective constraints. The template contained 
a priori knowledge about vehicles: "a vehicle is generally 
symmetric, characterized by a rectangular bounding box 
which satisfies specific aspect ratio constraints." 
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Appearance-Based Methods 
 
Appearance-based methods learn the characteristics of the 
vehicle class from a set of training images, which capture the 
variability in vehicle appearance. In [13], Principal 
Component Analysis (PCA) was used for feature extraction 
and Neural Networks (NNs) for classification. Authors in [14] 
used a method called Local Orientation Coding (LOC) to 
extract edge information. Authors in [18] designed two 
models for vehicle detection: one for sedans, and the other 
for trucks Moreover, the Hausdorrf distance was used for the 
classification of trucks and cars such as in [18].   

A statistical model for vehicle detection was investigated 
by authors in [32]. They represented each vehicle image as a 
constellation of local features and used the Expectation-
Maximization (EM) algorithm to learn the parameters of the 
probability distribution of the constellations.  

In our work, we present a simple and speed car-detection 
method without any learning phase. The knowledge-based 
method extracts the central point between car (head or tail) 
lights based on central point between eyes extracted in [33]. 
Using this method, we have developed an algorithm that can 
reliably detect vehicles over a wide range of viewpoints. 
 
2.2. License Plate Detection 
 
As far as extraction of the plate region is concerned 
techniques based on combinations of edge statistics and 
mathematical morphology in [34-35] presented very good 
results. One disadvantage is that edge-based methods alone 
can hardly be applied to complex images, since they are too 
sensitive to unwanted edges. 

Color or gray-scale based processing methods are 
proposed in the literature for license plate location [36-40]. 
The solutions currently available do not provide a high 
degree of accuracy in a natural scene as color is not stable 
when the lighting conditions change. In [41] a method is 
developed to scan a vehicle image with N row distance and 
count of the existent edges.  

Fuzzy logic methods have been applied to the problem of 
locating vehicle license plates [42-44]. These methods are 
sensitive to the license plate color and brightness and need 
longer processing time from the conventional color-based 
methods.  

Genetic Programming (GP) in [45] and Genetic 
Algorithms (GA) in [10-11] were also implemented for the 
task of license plate location. In the method using Hough 
Transform (HT), Edges in the input image are detected first. 
Then HT is applied to detect the license plate regions. In [46] 
the authors acknowledged that the execution time of the HT 
requires too much computation, when applied to a binary 
image with a great number of pixels. In [47] a strong 
classifier was trained for license plate identification using the 
Adaptive Boosting (AdaBoost) algorithm.  

A wavelet transform based method is used in [48] for the 
extraction of important contrast features used as guides to 
search for desired license plates. The major advantage of 
wavelet-transform is the fact that it can locate multiple plates 
with different orientations in one image. The method is 
unreliable when the distance between the vehicle and the 
acquisition camera is either too far or finally closes [49]. 

Symmetry is also used as a feature for car license plate 
extraction. The Generalized Symmetry Transform (GST) 

produces continuous features of symmetry. This process is 
usually time-consuming, and a rotated or perspective 
distorted license plate image is rather impossible to detect. In 
[50], the algorithm set limits to its effective distance and is 
insufficient when rotated or distorted plates appear [49].  

In addition, various neural network architectures in     
[51-53] are proposed and implemented for plate 
identification, namely the Pulse Coupled Neural Networks 
(PCNNs), the Time Delay Neural Networks (TDNNs) and 
the Discrete Time Cellular Neural Networks (DTCNNs). 

In our work, we present a rapid accurate method based on 
MIDM for plate detection task. We use symmetry in vehicle 
detection mainly for rapid plate locating combined with line 
sweeping and other techniques, counting the existent edges 
for plate detecting based on the plate’s rules (e.g. abrupt 
changes in intensity in plate text). We make this method 
reliable by way of a few additional techniques. The method 
makes the extraction of the multiple plates independent of 
color, size, location of license plate in vehicle image, angle 
of view and the camera-vehicle distance. Weather and 
lightning conditions, variant illumination and angle of view 
didn’t have any effect on efficiency. 
 
2.3. Character Segmentation 
 
Image segmentation may be defined as the partitioning of an 
image into regions or objects that have coherent 
characteristics (e.g., color and texture) which are meaningful 
for the application at hand [54]. Currently, there is no 
comprehensive theory of segmentation [55] and the usual 
approach consists of making use of a priori knowledge and 
ad-hoc procedures for each application. Known strategies 
include segmentation by fitting a model, segmentation by 
clustering, detection of boundaries, and region growing. 

The license plate candidates determined in the previous 
stage are examined in the vehicle number identification 
phase. There are two major tasks involved in the 
identification phase, character segmentation and character 
recognition. A number of techniques to segment each 
character after localizing the plate in the image have also 
been developed, such as feature vector extraction and 
mathematical morphology [56] and Markov Random Fields 
[57].  

In our work, we present a rapid segmentation method 
which utilizes a recursive flood fill algorithm like virus 
growing with a hit approach in [1], dynamic framing and 
normalization work. Before using a character, we need to 
normalize them. There are three reasons for normalization: 1. 
we can reduce the number of attributes, which will hasten the 
character recognition. 2. We will have the same number of 
attributes for all the characters because they will have the 
same dimensions. 3. We will improve the efficiency of the 
classifier as the input is more similar to the other instances in 
its class, and more different from the instances in other 
classes. The method can segment plate characters with 
various font size and stroke. 
 
2.4. Thresholding 
 
In many image processing applications, we often have to 
segment gray-level images into meaningful regions. In some 
cases, the image contains one or more objects and a 
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background. Image thresholding mainly serves as a tool for 
object recognition and feature extraction. There was no 
evidence that there is a best possible way to choose a value 
for threshold and therefore, this is to be decided according to 
the application [60]. Global thresholding is a general method 
for a region of interest (ROI) recognition. Adaptive local 
binarization methods are used [59, 61]. Unlike the global 
thresholding method, this approach computes an independent 
threshold for each pixel over a local window whose center is 
the pixel being binarized (M-window size).  

In our work, we proposed two methods, global for plate 
extraction and local for plate recognition. The first is for 
improving the speed up of the whole system. The second is 
also based on an adaptive method for thresholding the image 
and the step of calculating local threshold value that reduces 
many redundant computations and improves the execution 
speed significantly. This method works only on a plate 
region, so it isn’t slow. However different to the previous 
approaches, we do not use a criterion function to be 
minimized. Instead, the image is threshold based on 
knowledge about detection and recognition of the objects 
with MIDM parameters. Our method is the base on the 
statistical measurement and interaction with the MIDM for 
correcting the needed sets for ISMT. 
 
2.5. Character Recognition 
 
For recognition of segmented characters, numerous 
algorithms exploited mainly in optical character recognition 
applications utilized Hidden Markov Models (HMM) [46, 
62], Neural Networks [41, 43-44, 63-65], Hausdorff distance 
[34], Support Vector Machine (SVM)-based character 
recognizer [53] and template matching [66, 39, 65].  

The recognition results in [46, 62] were reported to be 
92.5% and 95.7% after a complex procedure of 
preprocessing and parameterization for the HMMs [58]. In 
[43] a MLP was trained to recognize 36 characters of the 
English alphabet. The recognition, achieving excellent results 
(98.5%). In [44] a Self Organized Neural Network based on 
Kohonen’s Self Organized Feature Maps (SOFMs) was 
implemented to tolerate noisy, deformed, broken or 
incomplete characters acquired from license plates, 
remarkable 95.6%. Probabilistic Neural Networks (PNN) for 
license plate recognition was introduced in [43]. In [65] was 
reported an impressive recognition rate that reached 99.5%. 

Hausdorff distance is a method which compares two 
binary images. Its recognition rate is very similar to that 
obtained with neural network classifiers but it is slower. 
Additionally, in [56] a system implementing for Support 
Vector Machines (SVM) was designed and an average 
character recognition rate of 97.2% was reported. Properly 
built templates also obtained very good results for gray level 
images. A similar application is described in [39] for all the 
shifts of each character template over the sub-image 
containing the license plate. 

In our work, we present an accurate technique based on 
fuzzy method to identify alphanumeric characters for Persian 
Optical Character Recognition (POCR) task. The method is 
also independent of thickness and size of font under different 
lighting conditions while it is robust to rotation for numerals 
and small rotations for alphabetic characters. In unrecognized 
character conditions, we use MIDM to correct the images on 
bad illumination thus improving the system performance. 

2.6. Result Messages 
 
After the characters segmentation and overall VLP 
Recognition, the license plate operator needs to know that the 
recognized VLP is reliable or not. This knowledge is very 
important for the operator. The operator reads the VLP 
messages and then can decide to accept or reject the system 
results. This process can be done automatically by the system 
without the need of any manual operations. It is also 
necessary and suitable for evaluation imaging. So, after this 
phase, if your image does not qualify but your system is able 
to get another one image then the operator can do it again. 
There is not any research history in other related works for a 
useful message to operator like our 3R-message.  

The rest of this paper is organized as follows: Section 3 
describes the proposed system that was used in this work 
while Section 4 discuses the reliability on recognition, 
Multilevel Illumination-Dim Model and thresholding 
method. Sections 5 and 6 describe vehicle detection and 
license plate detection. Our VLP extraction method is 
described in Section 7. Section 8 describes VLP recognition. 
In Section 9 we describe the experimental results and Section 
10 concludes our work.  
 
3. Proposed System 
 
The proposed system for the involved input image 
compression and noise reduction using a wavelet transform 
such as preprocessing [67], detection of Vehicle in the image 
using circle frequency filter, extraction of VLP in wavelet 
bounds using edge information, character segmentation using 
flood fill algorithm with symbol normalization, characters 
recognition using fuzzy logic method and reliability rate of 
recognition using MIDM (see Figure 1).  

In addition, it concentrates on input image evaluation, 
vehicle detection, reliability rate of VLP recognition, bad 
illumination or reflection reduction, and accurate POCR. Our 
method makes the extraction of the plate independent of 
color, size, location of license plate in vehicle image, angle 
of view and the reasonable camera-vehicle distance. Weather 
and lighting conditions, normal imaging distance, variant 
illumination and reasonable angle of view didn’t have any 
effect on efficiency. 

 

 
Figure 1. The proposed RIVLPR system 

 

 
 

Figure 2. Reliable Rate of Recognition message to operator  
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Figure 3. The RIVLPR system architecture 
 

4. Reliability
 
E introduce a reliable multilevel illumination-dim model for 
improving the accuracy on plate detection, plate license 
recognition and the inferencing rate of reliability on VLP 
recognition. It depends on the detection and recognition 
levels of an object (e.g. VLP) in a subject (e.g. VLP 
detection and recognition). MIDM can extract the reliability 
rate on detection and recognition (3R) of an object. In 
addition, the model can be used for evaluating of input 
images, image thresholding, plate detecting, and characters 
recognizing such as [68].  

The idea in using this model is for evaluating brightness 
or darkness levels of input image based on a knowledge 
feedback about detection and recognition states of VLP. The 
extracted knowledge has some parameters for modeling 3R 
based on the main VLP operations. The presented RIVLPR 
can operate in a wide range of illumination conditions with a 
benefit alarm message to operators about its work (see Figure 
2) and commands to the camera for position correction or 
imaging condition. The relationship of the RIVLPR system 
components is presented in Figure 3. 
 
4.1. Multilevel Illumination-Dim Model  
 
We propose a simple scheme for quality evaluation of an 
input image and analyzing the system results. The gray scale 
illumination is considered as a feature for image evaluation. 
However, our method can be applied to any feature that 
should be separated. In order to remove foreground areas so 
small that they are unlikely to contain a vehicle, and also to 
remove noise and small outgrowths on larger areas, the 
foreground is first eroded (maximum three times in our 
work). 
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The reason for using more than one step erosion is that it 
increases the chance for the license plate to be detected and 
recognized under bad lightning conditions. The architecture 
of the model includes: Gray Level Evaluator, Parameter 
Estimator using (1), Multi-Level Image Constructor using 
(2), Image Selector, Thresh older, Rules Evaluator, and 
Monitor. A subversion of the MIDM pseudo code is 
indicated in Table 1 and the respective flowchart is 

highlighted in Figure 4. The original image dimension is 
i im n  of the i th image. 

 

 
Figure 4. The MIDM architecture 

 
4.2. Reliability of Recognition Model  
 
The actual method for computing 

iR  as term 3R of the 
thi  

observed image depends on the underlying model used, using 
(3), and taking the following factors into account: 1. '

i , 
plate detection level in MIDM; 2. '

i , plate recognition level 
in MIDM; 3. i im n , Original image height and width of the 

thi observed image; 4. 
' '
i im n , Image plate height and width 

of the thi  observed image; 5. 
'

iK , Image compression ratio (in 
our work is equal to %75) and it is not equal to %100; 6.

''
iiiii nmnmK , the aspect ratio of original input image to 

plate image (original input image/ plate image ratio. Where 
i im n the dimension of original is input image and ' '

i im n  
is the dimension of plate image). The maximum and 
minimum rate of 3R is with ' '

i i1, 1 (best image) and 
' '

i i3, 3(worst image) of the 
thi observed image, 

respectively.  
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4.3. Thresholding
 
A method is presented for adaptive vehicle image 
binarization, where the page is considered as a collection of 
subcomponents such as VLP text, background and picture. 
The problems caused by noise, illumination and many source 
type related degradations are addressed. A non-uniform 
illumination destroys the reflectance patterns that can be 
exploited by thresholding (e.g. plate extraction). The 
reflectance depends on car lights brightness and weather 
condition (or day light). A new method is applied to 
determine a local threshold for each pixel. 
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The performance evaluation of the algorithm utilizes real 
images with truth and inference, evaluation metrics for 
binarization of real images, and a weight-based ranking 
procedure. The final presented result includes a message to 
the operator. The proposed method is tested with images 
including different size and illumination plate. The results 
show that the method adapts and performs well in all cases.  

Hypothetically, vehicle license plates can be viewed as 
irregularities in the texture of the image and therefore abrupt 
changes in the local characteristics of the image, manifest 
probably by the presence of a vehicle license plate. Based on 
the above, this paper proposes a new adaptive thresholding 
technique named Illumination Set Measurement 
Thresholding (ISMT). 

 
Table 1. The subversion of MIDM steps 

 

1 For j=1:Lv, where Lv is the number of erosions, in our work 
Lv=3 
 { Input: image I(j), parameter: ii nm , are height & width of 
image; 
2 For each pixel in image I(j),   
{ Estimate erosion number parameter using the image I(j) with 

parameters: ii nm , ;  } 
Name the resulting parameter j ;  

Calculate parameters: l set , t set; 
3 For each pixel in image I(j),  {  Multiply each pixel at j ; } 

   Calculate the j
jj 1 ; image erosion parameter 

4 Select scenario or appropriate parameters; 
5 For each pixel in image I(j),   
{ Binaries I(j) using Multi level thresholding model with 

parameters: l set , t set;  } 
   Name the resulting image Ib(j);  
6 Employ Fuzzy set rules on image Ib(j); 
7 If  (result is OK)  {Find interest parameters; Print results; 
Name the resulting subject image IS(j); Exit;}  
   Else { If (j > n+1)  { Print “No subject found”; Exit; } 
 }  

 
The method is developed in order to describe the “local” 

irregularity in the image using image statistics value. The 
algorithm was developed implementing the following steps: 

1. Creation of two concentric windows nmA and
2 2m nB  pixels. The windows are presented in Figure 5a. 

2. Calculation of statistical measurements in windows A 
& B. 
3. Selection of two sets (threshold and brightness) from 
statistical measurements based on ISMT technique.  
4. Selection of optimum threshold value based on 
knowledge about plate detection and recognition.  
Definition of a rule: If the levels of plate detection and 

recognition in MIDM are stored in  and  respectively, 
then we select different values set from windows A and B. 
The two windows slide until the entire image is scanned as 
shown in Figure 5b. Then the central pixel of the windows is 
considered to belong to a plate. Based on  and  values 
and brightness set, we set threshold value from the statistical 
measurements in the windows and two sets )&( ww . 

So, there are two scenarios for selecting a threshold 
value, well for good image and worse for bad image 
according to (4). The threshold value ( i ) is selected based 

on },...,{ 0 lml and },...,{ 0 fmf
brightness sets, by using 

(5) based on Table 2 and (6) based on Table 3. Where, i  
and ][ jpv are the gray level of each pixel and a counter for 
counting the number of each pixel with a gray level, 
respectively. 
 

 
 

Figure 5. The concentric windows A and B shapes with (a) 
location and (b) movement 
 

Table 2. Threshold value setting in the worst case scenario  
 

1 For k=1:Fn, where Fn is the number of frames 
{ Input: image frame I(k), parameters: nfm f , , are height & 
width of  the frame; } 
2 For each pixel in the image frame I(k), 
{ If ( 0l < pixel (i, j) < 2l ) ][0vP ; 

   If (pixel (i, j) > 1l )           ][1vP ;} 

3 If ( ][][ 01 vv PP ) {Set ),( ji  to 0 ; Exit;} 

   Else {Set ),( ji  to 1 ; Exit; } 
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The parameters ml, nl, fm and lm  could be updated 
according to the specific application. However, after 
experimentation in the original ISMT method, it was 
interestingly found that if the center of the concentric 
windows is near the center of an object to be segmented, then 
the results will be optimal. Therefore, the parameters 5ml ,

2nl , 3fm  and 3lm  were selected on the basis of the 
above observation. In our work, we select and set the 
threshold value based on the gray level domains like Figure 
6. Where L is the level of an operation in MIDM model (L is 
equal to  or ). 

As the vehicle license plate in IRAN have an aspect ratio 
(height/width) less than 1/5 (or (width/height)>5), the Xs in 
the concentric windows were selected to be 2 times bigger 
than the Ys. The value of the threshold depends upon range 
fitting parameters and their logical combinations. It is typical 
of locally adaptive methods to have several adjustable 
parameters. The threshold T(x, y) will be indicated as a 
function of the coordinates x and y. So, let x, y be the 
coordinates of the examined pixel in inspected image. This 
method adapts the threshold according to the local range over 
a window size of mn . The threshold at pixel (x, y) is 
calculated as (7). 
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Table 3. Threshold value setting in well case scenario  

 

1 For k=1:Fn, where Fn is the number of frames 
{ Input: image frame I(k), parameter: ii nm , , are height & width of  
the frame;} 
2 For each pixel in the image frame I(k), where ][iPv  is a counter 

 { If ( 0l < pixel (i, j) < 1l ) ][0vP ; 

    If ( 1l < pixel (i, j) < 2l ) ][1vP ; 

    If ( pixel (i, j) > 2l )         ][2vP ; 
 } 
3 For i=0:Cn, where Cn is the number of counters and ),( ji is the 
intermediate threshold value , ),( ji set to zero 

   If ( ),( ji ][iPv ) {Set ),( ji  to ][iPv ;} 
4 For i=0:Cn, where Cn is the number of counters 
   If ( ),( ji ][iPv ) {Set ),( ji  to i ; Exit;} 
 

 

 
 

Figure 6. The gray level regions for decision making 
 

 

 
 

 
 

Figure 7. The RIVLPR Vehicle detection algorithm
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where in (7), ),( jim , ),( ji  and R  are the local sample 
mean, variance and rounding parameter (in our work 3R ), 
respectively. Experimental results suggest the values of 

{}  which were adopted in this algorithm. For example in 
the case of badly illuminated areas, the threshold set is 
lowered. Hence, the pixel value in the respective coordinates 
x, y of the resulting image TI  is set either 0 (there is no plate) 
or 1 (there is a plate) according to (8). 
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5. Vehicle Detection  
 
Vehicle detection is the most important and vulnerable stage 
of the whole process. Its goal is to deliver an accurate vehicle 
clip. To achieve this, the vehicle’s image undergoes a series 
of processing steps such as preprocessing, circle frequency, 

grouping lights candidate, finding vehicle lights and 
extraction vehicle symmetry axes (see Figure 7). 
 
5.1. Preprocessing
 
The preprocessing has three processing steps such as Gray 
scale image converting, wavelet transformation, and 
thresholding the image after selecting LL bound of wavelet 
result (see Figure 8). Preprocessing is designed to facilitate 
the further image analysis. The original image might be quiet 
large and will require a lot of processing time.  

To avoid this, after getting the input color image and 
converting it to a gray scale image, we down-sample the 
input image to a quarter size of its original image by wavelet 
transform (see Figure 9). That is a good tool for data 
approximation, compression, noise removal and edge 
detection [24-25]. 
 

 
 

Figure 8. The Preprocessing step of RIVLPR 
 

 
 

Figure 9. Hear-wavelet transforms image and channels 
 

We would like to work on a down-sampled version of the 
image because of the scope which becomes smaller and 
many contiguous regions become physically connected. 
However, the resolution level we choose to work on has to 
meet the following constraint: any two heterogeneous 
regions in the original image should not be merged in the 1th

 

resolution level [70].  
We will apply here the discrete Hear-wavelet transform, 

representing the original pattern on the limited number of 
levels, representative for the task to provide the appropriate 
invariance’s to the translation, scale and rotation [35] and 
enable good representation of the local features of the 
patterns. In the method, the result two-dimensional image 
has four different channels which are called low-passed, 
horizontal, vertical and diagonal, respectively. The 
transformed values in each channel occupy a quarter size of 
the original image.  

Placed together, they look like what is depicted in Figure 
9. The LL channel is a smoothed and down-sampled version 
of the original image. As a consequence, vertical edges or 
strokes would react strongly (namely, their transformed 
values are very positive) in the HL channel, and horizontal 
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edges or strokes in the LH channel. Diagonal strokes, on the 
other hand, would react in both H and V channels but their 
reactions are less vigorous than horizontal or vertical edges 
or strokes in HH channel. The next step is thresholding that 
transform the image to a binary conversion image. This 
method is explained in Section 4.3. 
 

 
 

Figure 10. (a) The original image and (b) CF-Filtered image 
 

5.2. Vehicle Symmetry 
 
Vehicle recognition plays an important role in the 
advancement of LPR since it provides a natural and efficient 
interface to camera. It is the best way for image capturing 
analysis and starting its process steps. For VLPR, vehicle 
detection is the first step. We can take different strategies for 
vehicle detection and plate recognition. This is based on the 
finding that once a vehicle is detected next step appears 
easier. 

Our goal is to construct a fast vehicle detector by 
automatically extracting the symmetry feature and a vehicle 
validate. We chose to center our feature on the key point 
detections returned by the algorithm described in [33], 
because it is robust, computationally efficient, and 
independent of vehicle-camera distance and invariant to a 
number of common outdoor images transforms. We take the 
following approach. First we extract plate candidates from 
vehicle images. The next step is grouping candidates and 
selects the top five maximum points. Then the evaluating 
candidates step finds these two symmetry points. In the final 
step we find between lights. 

In a typical vehicle region, many features are considered 
for vehicle detection such as the windshield and/or their 
corners, the logo, and the plate and/or its corners [71-72]. 
Among them, the shapes of the windshields, logo and plate 
can change drastically according to car types. The 
windshields, in contrast, are very stable, but the observable 
vehicle orientations relative to the camera direction are very 
limited. We therefore believe that these features are not 
suitable for vehicle recognition. 

We try to start with a part other than the windshields, the 
logos or the plate. What is common to most vehicles and 
easy to find for a wide range of vehicle orientations? We 
claim that one possible candidate is the point between the 
lights (see Figure 10a). We call this point “Between-the-
Lights” or “symmetry axes”. The Between-the-Lights has 
two parts on both sides including the vehicle lights and it is 
comparably different from other sections. This is not 
different between the vehicle head lights or the tail lights. It 
can be seen for a wide range of vehicle orientations. 

Moreover, the pattern around this point is fairly stable for 
any vehicle type. We use an image filter, i.e., the circle 
frequency filter (CF-filter), to detect Between-the-Lights (see 
Figure 10b). The CF-filter not only robustly extracts 
Between-the-Lights, but also many other similar 

characteristic points. Assume that )1,...,0( Nkfk  are pixel 
values along a circle of radiusrcentered at ),( yx . Then, the 
CF-filter calculates intensity ),( yxf  and phase angle ),( yx  
using (9) and (10). Here, kf  goes from the top ),( ryx  along 
the circle in the counter-clockwise direction. Eq. (9) gives 
the spectrum power of the frequency with two terms 
calculated by the discrete Fourier transform of data series kf , 
and Eq. (10) gives its phase angle. 
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The Between-the-Lights has dark parts on both sides 

including lights and it is comparably bright on the upper side 
(forehead). If we draw a circle of a certain radius centered at 
Between-the-Lights, we can see two cycles of image 
intensities along this circle as bright–dark–bright–dark. 
When the center of the circle goes away from Between-the-
Lights, the two-cycle pattern gradually collapses.  
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We can therefore expect the intensity output of the CF-

filter to become the local maximum at Between-the-Lights. 
When an image rotates in the image plane, the intensity 
output of the CF-filter does not change. This is a well-known 
Fourier transform characteristic. On the other hand, its phase 
angle output shifts exactly the same angle as the image 
rotation. Figure 11 shows an example of kf  s at Between-
the-Lights (the logo at the center). 

The radius of the circle is 7 pixels, and the 40 pixel values 
along it are plotted on the graph. The plot starts at the 
forehead and goes counterclockwise. There are two cycles of 
dark and bright. Figure 12a and Figure 12b show a CF-
filtered image (in intensity) of Figure 11 and seven 
candidates of Between-the-Lights, respectively. At the 
peripheral, we cannot calculate Eq. (9), so we put the output 
as 0, where the width corresponds to the radius of the       
filter.  

The top five local maximum points in the CF-filtered 
image are extracted as candidates of Between-the-Lights 
(maximum five points or less). Their positions are shown on 
the CF image. This means that we have to select the true 
Between-the-Lights from among several candidates. We try 
to find light-like regions on both sides of each candidate to 
confirm Between-the-Lights. However the conditions for 
these light-like regions are too simple for real-time execution. 

In this paper, we propose a different grouping technique 
for selecting the true Between-the-Lights from among 
several candidates. In general, a grouping technique is weak 
in object rotations. With the CF-filter, however we can get 
not only an intensity output, but also a phase angle output. 
From this angle information, we can de-rotate the input 
image around each candidate point. This enables us to use a 
grouping technique for candidate evaluation. 
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Figure 11. A plot of kf  
 
Our algorithm can detect Between-the-Lights correctly for all 
vehicles in different vehicle-camera distances (see Figure 13). 
At last, we search a symmetry pattern for finding lights. 
Vertical axes could be drawn between these lights making 
these axes a good place for finding a plate rapidly. It is not 
important that found symmetry belongs to lights or other 
features. If there is any plate around these axes, improvement 
of speed up of 30% in all RIVLPR Steps can be seen. After 
finding, we assume there is a car in the image. 
 

 
 

Figure 12. (a) CF-filtered of Figure 11 and (b) highlighted 
areas. 
 

 
 

Figure 13. Different Car samples and its CF-Filter. 
 
6. License Plate Detection  
 
The first processing stage in a vehicle license plate 
recognition system is the detection and extraction of the 
vehicle license plate area from a larger scene image in order 
to minimize subsequent computations and algorithm 
complexity. Several approaches may be taken towards 
solving this problem, each having different computational 
expense and success rates. It is the purpose of this section to 
describe a set of applying techniques and evaluate their 
performance within the RIVLPR framework. 

We use symmetry in vehicle detection mainly for rapid 
plate locating combination. Then by line sweeping and other 
techniques, counting the existent edges for plate detecting 
based on plate’s rules (e.g. abrupt changes in intensity in 
plate text). We make this method reliable by a few additional 
techniques.  

First, all plate candidates are evaluated purely (see Figure 
14). The candidates can be a plate or similar. These are 
evaluated by line sweeping based on abrupt changes in 
vehicle image. Any weak candidate must be deleted. If the 
height of each area is less than 13 pixels, the area is not a 
plate and should be ignore. In the plates, each character has 
about 12.5% of plate length in average. If there is not any 
change in 1/3 of each area, the area will be deleted (see three 
steps in Figure 15).  

Second, all strong candidates must be evaluated by plate 
rules. In a plate, the number of abrupt (or hit count) is about 
28 transitions from black to white and vice versa (see Figure 
16). In about 80% of conditions, the strong candidates found 
around the symmetry axes. Thresholding is done based on 
Section 4.3 method explained in Table 4 and 3R         
message produced, as all described steps under MIDM is 
performed. 

 

  
 

Figure 14. The license plate detection algorithm 
 

 
 

Figure 15. Plate detection steps example 
 

 
 

Figure 16. Abrupt changes in plate Persian text (K hits) 
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Table 4. The Vehicle license plate Detection steps  
 

1 Input image IS 
 {Parameter: '' , ii nm = plate image height, width; 

 (x, y) coordinates of first pixel. 
  Name the image IS as IP; 

2 For all pixel in image IP,{ Calculate parameters: l set , t
set;} 
3 For each pixel in image IP,{Binaries IP with parameters:

'' , ii nm ; }  
  Name the resulting image IT; 
 }  

 

 
 

Figure 17. (a) Character extraction scheme and (b) a sample 
 
7. Character Segmentation 
 
The complicated step in VLPR before plate number 
recognizing is rapid character extracting from background in 
various environments light. Some text reading systems use 
segmentation schemes prior to OCR, but these schemes 
assume specific document layouts and require clean binary 
input. In systems where grayscale input is admitted, local 
thresholding is applied prior to recognition, which usually 
fails when backgrounds are small and not clean. So, the 
segmentation stage input is the original plate image so we 
first do the local plate image thresholding step based on what 
we explained before (see Section 4.3). 

The method for character segmentation is done in four 
steps such as detecting, isolating, dynamic framing and 
normalizing respectively. So, they extract several parameters 
for segmentation and normalization steps. For many reasons 
the plate characters may have some interferences (e.g. dirt 
that connects two adjacent characters), therefore we cannot 
extract a character from the image with any horizontal or 
vertical sweeper. Here we use a recursive flood-fill algorithm 
to extract (detect and isolate) the character candidates from 
plate image and then framing it. The sweeper moves inside 
the image and as it hits the first black point of a character, it 
starts growing the black point to cover all the characters 
shape recursively and next will frame it. The black point 
must be adjacent to a white point for starting to find font 
stroke. 

After framing the character, the frame analyzes for 
finding font size and stroke. If there is any unreasonable 
stroke in the frame, the area must be analyzed for character 
connectivity to a preserve adjacent one. The sweeper can find 
and memories the number of pixels as a stroke by frequent 
right movements. The goal of the presented algorithm is to 
find areas of similarly colored pixels with the same size and 
stroke, surrounded by pixels of contrasting color. For 
instance, a black character surrounded by a white border. 

For each pixel in the plate image, the level of color is 
compared to the corresponding color level of the four pixels 
to the right, to the left, above and below of the examined 
pixel (four-way connectivity), recursively. If two adjacent 

pixels are the same color with reasonable stroke, they are 
considered to be connected and thus are given the different 
color as visited pixel [73]. Figure 17 shows the extraction 
scheme (see Figure 17a) and a sample segmented plate (see 
Figure 17b).  

For each symbol, two sets of information, the number of 
hits, has been stored, one for vertical and the other for 
horizontal segment based on [1]. One of the most important 
advantages of hit counting is elimination of pen thickness, 
which reduces preprocessing efforts. The size of symbols 
(strokes) has always created some problems in optical 
character recognition systems. To overcome this problem we 
normalize the obtained features. After framing                
and normalizing, the area must be analyzed for a      
candidate validating, segmenting and extracting as a 
character [1]. 

After labeling the black and white spots the process of 
elimination takes place. The aim of this stage is to leave in 
the picture only these spots which are most likely to be 
vehicle license plate characters, assuming that each spot 
represents a single character and isn’t connected with any 
other symbol in the image plate. Values of properly chosen 
parameters, which are evaluated and compared with certain 
expected empirically calculated values, are calculated. The 
spot is eliminated if one of the conditions given below is 
fulfilled (where ii k1 is the aspect ratio of plate image to 
original input image): 

1. The width of the spot is smaller than i45  points, 
2. the width of the spot is bigger than 1/5 of the input 
image  width, 
3. the height of the spot is smaller than i90  points, 
4. the height of the spot is bigger than 0.8 of the input 
image height, 
5. the ratio of the spot’s width to its height is smaller 
than 0.1, 
6. the ratio of the spot’s width to its height is bigger than 
4 (because of two or three joined characters), and  
7. The ratio of the spots area to the spots’ bounding box 
area is smaller than 0.15. 

 
8. Message to Operator 
 
After generating the RIVLPR message (i.e. 3R-message) the 
operator can read the message and decide to accept the 
results. So, in our method, it is necessary to define the 
reliability rate on recognition (3R), to evaluate 3R, to 
calculate it, to map on operator needs and to produce 
convenient messages to the operator.  

For generating or producing this knowledge, we have 
done the process in four steps as 1- parameter extraction on 
plate detection and recognition (Section 4.2), 2- 3R 
calculation (Section 4.2), 3- mapping the 3R domain on the 
fuzzy message domain using (12), and 4- generating the 
message for operator knowledge. Message frame structure is 
as "Fuzzy decision or recognition rate or degree: Vehicle 
Plate Number" i.e. "Excellent: 11-144  44 " (see Figure. 18). 
 

 
 

Figure 18. System message frame structure, 3MSG: VPN 
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Figure 19. New Iranian Vehicle license plate 
 

Fuzzy message domain: Based on needed reliability in a 
system, the presented message to the operator can be 
expanded or divided to many types but it is not necessary in 
our system. We divided this domain into four division 
domain Excellent, well, Bad and Worst based on human 
operator understanding about 3R (as (11)) by using (12). If 
the first section of the message frame structure contains 
“excellent” or “worst”, the result of RIVLPR will be 
accepted or reject totally (see Figure 2).
 

}"","","","{" WorstBadWellExcellentSetMessage (11) 
 

" ": (3 90)
" ": (70 3 90)

3
" ": (50 3 70)

" ": (3 50)

Excellent If R
Well If R

RMSG
Bad If R

Worst If R

                       (12) 

 
9. Experimental Results  
 
There are some international, national or local standards for 
VLP [74-75]. In Iran, the new VLP defines the country, the 
place of registration, etc. In this paper, the new Iranian plates 
are represented. The plate typically begins from the left with 
two numerals (NN), one letter (L) then three numerals (NNN) 
followed by another two numerals (nn) with different size 
and stroke. There is only one letter in a plate (one of eight 
characters), so accurate digit recognition is very important. 
Thus, the configuration of a common Iranian vehicle license 
plate is digit based in the form of “NNLNNnn”.  

For the purposes of vehicle licensing each province  in 
Iran has an identifying character, vehicles registered in a 
particular province will therefore bear a vehicle license plate 
beginning with that province’s identifying characters 
“I.R.IRAN” and national flag image in a blue box (see Figure 
19). Additionally, certain divisions of government such as 
Military have their own distinguishing background color. 

The experiments were conducted on 500 outdoor color 
images taken under different conditions including strong 
light, weak light, fade plate, uneven illumination and noisy 
plate. There is one natural image for different kind of vehicle 
(truck, car, van). The images were taken street lots without 
the vehicle initially coming directly towards the camera and 
didn’t need to maximize the VLP size pixels. The images in 
the database have the following general characteristics: Each 
of the images is 1024x768 JPEG; in some of them, there are 
vehicles without any plate and hence there is no VLP to 
recognize.  

Notice that the lengths of the plates are also different and 
the size (height and width) of the characters in the plate are 
not the same. The plate’s color can be any color except the 
same as background. The vehicle-camera distance varied 
from 0.4 up to 6 meters at a height of 0.6-1.8 meters from the 
ground. The camera didn’t focus on the plate so the system 
was insensitive to the camera’s angle of view. Weather 
conditions and lightning, and illumination are different (see 
Figure 20). The VLP pictures used for this study were taken 

from the rear and front view of the vehicle. For the purpose 
of calculating the accuracy of this method, the total number 
of vehicle license plates in the database was counted and also 
the value used as this method’s target. Note that the results 
are not for individual character recognition but for all the 
characters in the VLP. Therefore, to classify a vehicle license 
plate correctly all the characters and numerals in it must be 
correctly recognized. 
 

 
 

Figure 20. Difficult car samples from database images 
 

 
 

Figure 21. The RIVLPR user interface 
 

The computation time of the proposed method is about 
0.8 seconds with the worst illumination (MIDM level 3) and 
0.6 seconds with the best illumination (MIDM level 1), if it 
is running on a Pentium-4 2.0GHz, 512MB RAM PC. The 
images were acquired using a low end Samsung gmax301 
digital camera. The image processing algorithmic steps were 
completely built in Microsoft’s Visual C++6.0 as a stand–
alone executable program on windows XP. Figure 21 
demonstrates a screen capture of the vehicle license plate 
recognition Graphical User Interface (GUI) in use.  

As far as overall performance calculation is concerned, 
this can be achieved by calculating the percentage of vehicle 
license plates that have been correctly identified by the 
machine and verified by a person supervising the test sample. 
In addition, all results of the tables are the average execution 
for more than 70 runs of the algorithm (using an internal 
microsecond timer). 

 
Table 5. Performance of processing steps time in RIVLPR 

 

Image Preprocessing Steps 
Average time (milliseconds) 

MIDM 
Level 1 

MIDM 
Level 3 

Vehicle detection  150  170  

Vehicle license plate detection  132  205  

Vehicle license plate segmentation  122  134  

Vehicle license plate processing  65  88  

Character recognition  188  260 

Reliability Rate of recognition  3 3 

TOTAL TIME  660 860 
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Table 6. Performance of single level VLPR and MIDM 
 

Plate 
recognition  

Plate 
detection 

Vehicle
detection  Model  

95.39%  97%  99%  Single level  
98.68%  100%  100%  Multilevel  

 
Table 7. Performance of Plate location detection and 
recognition 
 

Rate  
Number

Of
Images

True
Detection  

False
detection  Vehicle  

100% 500500  0  Detection  
98.68%  498491  7  Recognition  

 
Table 8. Performance of Plate Number Recognition 

 

Recognition
Plate’s characters 

Numerals Letters 
False detection 10 0 

True detection  3476 498 

Number of  Numeral/Letter 3486 498 

Recognition rate  97.72% 100 

TOTAL RECOGNITION 98.86% 

 

 
 

Figure 22. Different CF radius Between-the-Lights 
 

At first, in vehicle detection section a true detection rate 
of 99.25% and a rejection rate of 1.47% were achieved. 
Table 6 depicts the processing time of the proposed system 
for every processing steps. Table 7 shows the performance of 
single level and multilevel model that indicated MDIM 
improved accuracy. As can be observed, Table 8 depicts the 
results of plate detection 100%; also the rate of plate 
recognition is above 98.86%. In Table 9, we compare the 
performance of vehicle license plate recognition in details. 
Finally, the inexistence plate recognition rate is 100%. False 
recognition with reliable analysis and true recognition with 
unreliable analysis error rates are 0.1% and 0.2%, 
respectively. 

The major problems in the proposed algorithmic 
sequence revolve around the varying light levels encountered 
during a twenty-four hour period especially at night. The 
effect that lighting changes have on the image being 
forwarded to the POCR program is similar to the physically 
damaged appearance of the plates. This problem can be 
reduced by applying some new techniques and the MIDM in 
the two main parts (plate detection and recognition) of 
RIVLPR. Finally, Figure 22 shows the experimental results 
of different radius for finding Between-the-Lights in     
vehicle detection. The best radius area is between lines 1    
and 2.  

10. Conclusion
 
There are frequent situations in which a system’s ability to 
recognize registration numbers can be useful. This paper 
presents such situations, a system designed to satisfy the 
requirements and some experimental results obtained with 
this system. The main features of the system presented are: 

Expandable designed with multithreading architecture 
for implementation on a parallel architecture and speed 
improvement. 

The plate and its number can be extracted accurately 
on a small size of images independent of color, size and 
position of its plate in a reasonable camera-vehicle 
distance. 

Vehicle plate number recognized with a self 
assessment alarm of the output reliability rate to its 
operator. 

Can work viably on both off-line and on-line, in 
outdoor as well as indoor environments and start with 
vehicle detection. 
The system has been designed using an object oriented 

approach with multithreading architecture which allows easy 
upgrading and or the substitution of various sub-modules 
thus making it really implemented with a parallel processing 
technique and potentially suitable for a large range of vision 
applications. The performance of the system makes it a valid 
choice among its competitors especially in those situations 
where the system has to be used as an intelligent sensor. 
Furthermore, the modular architecture makes RIVLPR 
extremely flexible and versatile. A robust approach which 
considers different features of VLP to deal with more 
complex situations in the real world is presented. The 
proposed algorithms can be successfully run on our complex 
database. As shown in the experimental results section, the 
proposed algorithms are robust against different lighting 
conditions, shadows, small size images, and multi-plates 
vehicle. 

This research has proven the capability of MIDM in all 
steps of Persian-Arabic VLP. In addition, some 
improvements would be beneficial to the development of the 
vehicle license plate recognition. We have shown that MIDM 
can be successfully used within the VLPR. The parallel 
processing capability (multithreading) presents the means for 
very fast image recognition. The spatially invariant character 
and the large amount of information that has to be analyzed 
make these parts obvious candidates for introduction to 
parallelism. The error rate is little. In the future, a better 
character recognition algorithm with rapid segmentation that 
can reduce the number of connected character regions must 
be found. To further improve on the speed of this system, 
ways to reduce error rate, and hence increase the speed of the 
algorithms toward a multinational plate recognition system 
(MPRS) with fully parallel architecture for scene analysis, 
and different message types for automatic correcting camera 
position or setting light imaging system must be investigated. 
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