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Abstract. License Plate Recognition (LPR) technology has been developed for many years, but for 
the time being, LPR technology still has problems such as not being accurate enough in positioning 
and too long recognition time. Especially in China, the License Plate (LP) is made up of Chinese 
characters, alphabets, and numbers, in which the use of Chinese characters profoundly influences 
the accuracy of LPR. In this paper, a Convolutional Neural Network (CNN) is employed in LPR 
system, and the LPR system designed in this paper includes three parts: coarse LP positioning, 
precise LP positioning, and LP character recognition. The LPR system designed in this paper uses 
the functions in OpenCV to call the laptop camera and input the obtained images into the computer 
to achieve interframe recognition by setting the timer. Once the image is acquired, the approximate 
license plate position is determined by the cascade classifier. After this, the image is processed by 
adaptive binarization, followed by Connected Component Analysis (CCA), linear fitting, and left-right 
regression to precisely locate the LP. After the exact location of the LP has been determined, it will 
be fed into a CNN for character recognition. Simulation tests show that the LPR system implemented 
in this paper has some LPR capability. 
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1. Introduction 

As technology for automatic identification of vehicles, Automatic Number Plate Recognition 

(ANPR) takes part in traffic enforcement [1], vehicle anti-theft [2], and unattended parking lots [3]. 

The ANPR system will collect license plate images from cameras or other video devices, and give 

the recognition results after algorithmic processing. The performance of ANPR is disturbed by many 

factors in practical situations. These factors include lighting, background, picture clarity, license plate 

style, number of license plates, license plate image distortion caused by shooting, and etc. In previous 

work, people usually impose restrictions on the working environment of ANPR, such as limiting 

vehicle speed [4], fixing lighting and limiting the number of vehicles passing at one time. The 

traditional LPR algorithm usually includes several parts, including LP location, LP Normalization, 

character segmentation and recognition [5]. The traditional modular ANPR algorithm simplifies the 

implementation of LPR, but it will be difficult to recognize in some situations. In recent years, 

computer scholars have used many end-to-end models to address these problems [6, 7]. Related 

research shows that some end-to-end model can improve the accuracy and speed of recognition. It 

also has better performance in the case where the traditional algorithm has difficulty in recognition 

[7]. This research focuses on further improving the recognition performance of ANPR, trying to make 

ANPR have a higher recognition rate under poor working conditions such as insufficient lighting and 

picture distortion. Also, we studied dynamic recognition, trying to improve the algorithm's accuracy 

in dynamic recognition. Besides, we designed the GUI to facilitate the use of the algorithm. In this 

study, the dataset we use is the Chinese City Parking Dataset, which includes five license plate types. 

The algorithm mainly includes three parts [8]: 

(1) Roughly locate the LP. 

(2) Accurately locate the LP. 

(3) Character Recognition. 
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Using the Haar cascade classifier in OpenCV, we were able to roughly find the license plate. For 

precise locating, we first estimate the upper and lower limits of the license plate using connected 

component analysis and Random Sample Consensus, then the left and right boundaries using a CNN. 

For character recognition in the last step, we employ a 17-layer CNN. In the third section we will 

detail the algorithm's structure and the GUI's design, the fourth section will give the study's findings, 

and the fifth section will provide a summary of the findings [9]. 

Automatic license plate recognition is a method that generates vehicle location information by 

reading license plates on vehicles using optical character recognition on pictures. It may make use of 

existing installed video surveillance equipment, cameras for law enforcement, or specially made 

cameras. Such as fixed automatic LPR and mobile automatic LPR, it is a useful and commonly used 

technology in today's society. But as a result, it has evolved into a tool that needs to fulfill a number 

of requirements in order to work. Simple image processing methods can be employed in situations 

with controlled illumination and predictable license plate kinds. To locate license plates in photos, 

more sophisticated ANPR systems include object detectors like Faster R-CNN, SSDs, and YOLO 

[10,11]. 

2. Methodology 

2.1. Data 

This study used five different types of license plate images from the Chinese City Parking Dataset 

(CCPD) [7] to implement the LPR system described in this paper. CCPD is an open-source license 

plate dataset. It contains many LP photos, including fuel and new energy vehicles. The included five 

types of license plates are CCPD-Base, CCPD-FN, CCPD-DB, CCPD-Tilt, and CCPD-Blur. The 

categories of the five above-mentioned sections are illustrated in Table.1. 

Table 1. The types of data sets 

Name Type description 

CCPD-

Base 
Normal license plate photo 

CCPD-FN Photographing license plates at abnormal distances (too far or too close) 

CCPD-DB 
Photographs of license plates taken in poor lighting conditions (exposed or dimly 

lit) 

CCPD-Tilt Photographs of license plates with a tilt angle of 15°-45° 

CCPD-Blur Photographing blurred license plates 

2.2. License plate location 

Normally, the first link of the LPR system is the license plate positioning. Whether this link can 

be accurately positioned is related to the ultimate success or failure of the character recognition. The 

so-called LP positioning is based on the characteristics of the LP, and the image is processed by 

digital image processing technology in order to obtain a sub-image of the license plate. 

Many scholars have been studying this topic for a long time, so there are many proven algorithms 

for license plate location in the academic community. Such as the cascade classifier, YOLO, SSD, 

Fast-RCNN, and etc [12-19]. The license plate localization algorithm employed in this paper can be 

broadly divided into 2 steps. First, the approximate position of the LP is locate by a classifier. This is 

followed by the use of the CCA, Random Sample Consensus (RANSAC) algorithm, and left-right 

regression to precisely locate the licence plate position. 
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For license plate rough localization, we used the Haar cascade classifier in OpenCV. In this process, 

700 positive samples and 2300 negative samples were used to train the cascade classifier. Some of 

the training samples used are illustrated in Figure 1 and Figure 2. 

 

Figure 1. Positive samples 

 

Figure 2. Negative samples 

2.3. License plate accurate location 

After the rough location of the LP has been completed, the accurate location of the LP is carried out.  

In order to reduce the amount of arithmetic involved in subsequent licence plate location and 

character recognition, the mainstream method is to transform colored images to binary images. After 

the extensive experimental testing, we decided to use cv.adaptiveThreshold() for the binarization 

operation. Although cv.threshold() can meet the binarization requirements in most cases, the 

cv.threshold() function does not perform well when. For example, the license plate image is 

overexposed and unevenly lit. 

As shown in Figure 3, this set of comparison graphs shows the superior ability of the 

cv.adaptiveThreshold() function in handling overexposed images. The image on the left is an 

overexposed license plate image, the middle is the image after processing by the 

cv2.adaptiveThreshold() function, and the right is the image after processing by the cv2.threshold() 

function. 

 

Figure 3. Comparison chart of binarization operation 

In the actual use of the cv2.adaptiveThreshold function, the maximum value was set to 255 after 

several rounds of experiments. The algorithm used to calculate the threshold is 

ADAPTIVE_THRESH_GUASSIAN_C. The threshold type is THRESH_BINARY, and the 

blockSize is set to 27. 

After the binarization operation is completed, the connected component analysis is performed. The 

standard size of Chinese license plate characters is 45 mm in length and 10 mm in height, so this 

paper uses the aspect ratio of characters as a condition in the CCA. In the CCA, we use the 

cv2.boundingRect function to get information about the character matrix box and use it as the basis 

for fitting the upper and lower boundaries. 

The RANSAC algorithm has the advantage of being robust and able to estimate the model 

parameters even in the presence of an insignificant number of outliers. Thus, we use the RANSAC 

algorithm to fit the up-down boundary. With the RANSAC algorithm, we obtain the up-down 

boundary of the LP. The next step is to determine the left-right boundary of the LP. In this paper, we 

use a CNN to perform left-right regression on the image to obtain the left-right edge of the LP. Figure 

4 illustrates the structure of the CNN. 
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Figure 4. Structure of the left-right regression network 

Table 2 illustrates the convolutional and pooling layer parameters in the left-right regression 

network. 

Table 2. Parameters of the left-right regression network 

Convolutional layer/Pooling Layer Kernel Size Strides Filters Pool Size 

Conv_1 (3,3) 1 10  

MaxPooling_1    (2,2) 

Conv_2 (3,3) 1 16  

Conv_3 (3,3) 1 32  

2.4. Character recognition 

In the character recognition process, the recognition method selected and the character recognition 

success rate have a direct relationship. License plate recognition technology after years of 

development, there are many mature character recognition methods, such as template matching, SVM, 

CNN, and so on [20-24]. 

A 17-layer CNN is used in the LPR system implemented in this paper. We used 7196 character 

images to train this neural network. In the training process, epochs are set to 30 and batch_size to 6. 

In this network, we have used the max pooling. The size of each pooling window is 2×2. The structure 

of this CNN is shown in Figure 5. Table.3 shows the parameters of the convolutional layer of this 

CNN. 

 

Figure 5. Structure of the character recognition network 

Table 3. Structure of the convolutionallayer 

Convolutional Layer Kernel Size Strides Filters Activation Function 

Conv2D_1 (3,3) 1 32 ReLU 

Conv2D_2 (3,3) 1 64 ReLU 

Conv2D_3 (3,3) 1 128 ReLU 
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2.5. Graphical User Interface (GUI) Design 

To facilitate the use of the system by people who do not know the Python language, we have 

designed a graphical user interface. It can be divided into three sections. The interface is shown in 

Figure 6. On the left side, there are four buttons, which are the control area. Below that is a text 

display area which will show the recognized licence plate characters. On the right side is the image 

or video display area. Figure 7 illustrates the flow chart of the GUI. 

 

Figure 6. Graphical User Interface 

 

Figure 7. Flowchart of the GUI 

Once we start the GUI, it will wait for the control button to be pressed. Once the open image button 

is pressed, the program is going to open the image from the file and display it in the display area on 

the right. When the License Plate Recognition button is pressed, it will determine if there is a picture 

loaded. If so, it will recognize it and display the result. If not, it will indicate that there is no picture 

loaded. When the open camera button is pressed, it will automatically open the camera and recognize 

the license plate. When the open video button is pressed, it will open the video file and display it, 

while recognizing the license plate and returning the result. 
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3. Results 

3.1. Character recognition network training results 

The training results are shown in Figure 8. We can see that the loss rate drops rapidly to about 0.4 

when epochs are equal to 3, and then steadily decreases to 0.27. In addition, the accuracy rate steadily 

increases from 0.71 at the beginning to 0.93 through the training process.  

 

Figure 8. Results of the training 

3.2. System test results 

To test the LPR system, we conducted static and dynamic tests on the system. In the static test, we 

selected 1000 images from each of the five data sets: CCPD-Base, CCPD-FN, CCPD-DB, CCPD-

Tilt, and CCPD-Blur, making a total of 5000 images as test objects; in the dynamic test, a total of 800 

videos of 10 seconds in length were tested. In addition, 200 simulated dynamic tests were conducted 

using the laptop's own camera. Table.4 illustrates the results. 

Table 4. Test results 

Name The number of correct recognitions Success rate (%) 

CCPD-Base 902 90.2 

CCPD-FN 701 70.1 

CCPD-DB 729 72.9 

CCPD-Tilt 688 68.8 

CCPD-Blur 449 44.9 

Local video text 752 94.0 

Simulated dynamic tests 179 89.0 

 

Part of the statically and dynamically tested results are shown in Figure 9. 
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Figure 9. Part of the static and dynamic test results 

Through the above analysis, the LPR system implemented in this paper has better performance for 

both static LP photos and dynamic license plate recognition. Among them, in the static test, for the 

LP photos taken at a normal angle and having good imaging effect, the recognition rate reaches 90.2%. 

In addition, the recognition success rate is not good for LP photos taken at a farther or closer distance. 

In which, for the complete LP shot, the LP shot at a closer distance can be approximately equivalent 

to the LP shot at a normal distance. However, for LP at a longer distance, there is the problem of low 

recognition rate. When testing the CCPD-Tilt dataset, for some LP images with too large tilt angle, 

there is a phenomenon that cannot be recognized. For LP with poor lighting conditions, the 

recognition rate reached 68.8% due to the adaptive binarization operation. The recognition rate of the 

LPR system designed in this paper is poor for LP images taken under blurred conditions, which is 

only 44.9%. Therefore, this part of the recognition algorithm still has scope for improvement. In 

dynamic recognition, the system has better performance, with a 94% recognition rate for local video 

and an 89% recognition rate for the simulated LP images. 

4. Conclusions 

In this paper, we use a CNN in LPR and give a Chinese LPR algorithm. The algorithm is mainly 

divided into three parts: rough localization, precise localization, and character recognition. We use a 

variety of algorithms to ensure accurate and efficient recognition. For ease of use, we also designed 

a GUI. Tests show that the algorithm can perform static or dynamic recognition of license plates. The 

algorithm has better performance in dynamic recognition. The present system we have created can 

distinguish different plates accurately, however there are still certain issues that need to be fixed. For 

instance, the resolution and IR capabilities of the camera are always the primary causes of an incorrect 

plate. Since the placement, magnification, and pan of the camera always provide different images, 

this is not the only factor that contributes to a misread number plate. The number plates of the vehicles 

can be recognized by the ANPR system. As we can see, the camera setup offers the most opportunity 

for organizations and consumers to improve their ANPR outcomes. It is also important to check the 

result several times in the engine to get the most accurate result between similar number plates. 
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