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Abstract. In recent years, with the acceleration of urbanization and the continuous increase in the
number of vehicles, license plate recognition technology has been widely applied in fields such as
intelligent traffic management and security monitoring. However, traditional license plate
recognition systems have certain limitations in recognition accuracy and real-time performance, such
as false detection and slow recognition speed. To address these issues, an efficient and accurate
Chinese license plate recognition system is urgently needed. By combining YOLO v8 and CRNN,
this study not only achieves end-to-end license plate detection and recognition but also overcomes the
shortcomings of traditional methods, thereby improving recognition accuracy and real-time
performance. The main work of this research is to utilize YOLO v8 and CRNN technologies to
achieve high accuracy and efficiency of the license plate recognition system. This paper first
introduces the basic knowledge of YOLO v8 and CRNN deep learning models and their application
advantages in object detection and text recognition. Subsequently, the construction process of the
Chinese license plate recognition system combining YOLO v8 and CRNN is elaborated, including
basic principles and training steps. In the experimental phase, a comprehensive evaluation and testing
of the system are conducted using public license plate datasets and self-made datasets containing
license plate images under various complex conditions. Experimental data demonstrate that the
system performs excellently in the accuracy and stability of Chinese license plate recognition, with an
overall recognition accuracy of 94%. Finally, the application effects of the system and possible
directions for future improvement are analyzed, emphasizing its application potential in fields such as
intelligent traffic and security monitoring. This study provides a new perspective and solution for the
innovation of Chinese license plate recognition technology and holds significant practical value.
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1. Introduction

The research on license plate recognition technology is of great significance, mainly reflected in its
promotion of traffic management and safety. Statistical data show that by 2023, the national motor
vehicle ownership exceeded 435 million, including 336 million automobiles; the number of motor
vehicle drivers reached 523 million, among which 486 million were automobile drivers. With the
acceleration of urbanization and the rapid growth of vehicle ownership, the difficulty of traffic
management has increased significantly. The application of license plate recognition technology
helps manage such a large number of vehicles. By real-time recognizing vehicle license plate
information, traffic departments can realize functions such as traffic violation monitoring,
intersection traffic flow statistics, and parking management, thereby improving the efficiency and
accuracy of traffic management[1]. In addition, license plate recognition technology also helps
improve traffic safety by promptly detecting traffic violations and abnormal traffic conditions,
reducing the possibility of traffic accidents.

Furthermore, the research and application of license plate recognition technology have a profound
impact on the construction of smart cities. As an important part of the intelligent transportation
system, license plate recognition technology can improve the efficiency and convenience of urban
transportation, enhance citizens' travel experience, and promote the intelligent development of
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cities[2]. By applying license plate recognition technology to scenarios such as intelligent parking
systems and traffic signal control systems, cities can better address urban traffic problems such as
traffic congestion and difficulty in parking.

Traditional license plate recognition systems are mainly based on image processing and pattern
recognition technologies, whose accuracy and robustness are affected, especially in the face of
complex scenes and variable license plate forms[3]. In response to these situations, an efficient and
accurate Chinese license plate recognition system is required. By improving the accuracy and
real-time performance of the license plate recognition system, the efficiency and level of urban traffic
management can be effectively enhanced, the capability of urban security monitoring can be further
strengthened, and more reliable technical support can be provided for urban intelligent development
and public safety.

In the international context, foreign countries started earlier in the research of license plate
recognition, focusing on practical license plate recognition issues. They have gradually proposed
many theories in traditional license plate recognition and deep learning-based license plate
recognition methods, and applied them to real life to produce a series of reliable products,
accumulating a lot of experience and technical achievements[4]. For example, Hsu et al. proposed an
edge clustering algorithm, which effectively solves the license plate detection problem by detecting
and clustering license plate edges, especially in complex backgrounds. Laxmi et al. utilized the
frequency domain characteristics of images to improve the anti-interference ability of license plate
recognition through frequency domain transformation and filtering methods[5]. In recent years, with
the development of deep learning technology, more and more researchers have begun to apply it to
license plate recognition. Abdullah et al. introduced the YOLO v3 algorithm into license plate
detection, achieving high-accuracy license plate detection by optimizing the network structure and
parameters[6]. Shivakumara et al. also adopted classification algorithms and applied a combination
of convolutional neural networks and recurrent neural networks. In this scheme, CNN has high
recognition ability and is therefore used for feature extraction, while BLSTM has the ability to extract
contextual information based on past information[7]. For classification, the research team proposed
voting based on dense clustering, which separates the foreground and background of the license plate,
thereby successfully detecting the license plate.

Some countries have also successfully applied license plate recognition technology to practical traffic
management systems. For example, the ARGUS system in the UK adopts advanced license plate
recognition technology to realize automatic recording and punishment of illegal vehicles, with a
recognition time of about 100 milliseconds, which effectively improves the efficiency and fairness of
traffic management[8]. The See/Car system of Hi-Tech Company is also a successful example. This
system not only has license plate recognition function but also can realize vehicle tracking, speed
detection and other functions, providing comprehensive technical support for intelligent traffic
systems.

Although the research on license plate recognition technology in China started late, significant
progress has been made in recent years[9]. In the early stage, domestic researchers mainly studied and
improved foreign algorithms to adapt to the actual situation in China. With the rise of deep learning
technology, more and more domestic scholars have begun to apply deep learning models to license
plate recognition. For example, some scholars have proposed license plate localization and character
recognition algorithms based on deep learning for the characteristics of Chinese license plates,
achieving good results[10]. For instance, the license plate detection algorithm based on CNN
(Convolutional Neural Network) described by Li Xingwei et al. is a method combining modern deep
learning technology. This method utilizes the powerful feature extraction ability of CNN to detect
license plates from images faster and more accurately than traditional algorithms[11]. The one-stage
algorithm they proposed, based on YOLO and MobileNetV2, combines the advantages of these two
algorithms to further improve the accuracy and efficiency of license plate detection.

At the same time, many domestic enterprises and research institutions have also made remarkable
progress in the field of license plate recognition[12]. Hanwang Company, affiliated with the Institute
of Automation of the Chinese Academy of Sciences, has accumulated rich experience in the research
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and application of license plate recognition technology, and its launched license plate recognition
products have been widely used in parking lots, road monitoring and other fields. Hong Kong Asia
Vision Technology Co., Ltd. has also made important breakthroughs in the field of license plate
recognition, and its developed license plate recognition system has played an important role in traffic
management in various regions[13].

In summary, the research status of license plate recognition at home and abroad shows that this field
has received extensive attention and active exploration[14]. However, existing systems still have a
series of limitations and challenges. In complex scenes, such as bad weather, insufficient light or
excessive vehicle speed, the recognition rate is generally low[15]. Therefore, the continuous
exploration and application of methods and technologies to improve the performance of license plate
recognition systems will provide important support for the realization of more efficient and accurate
vehicle management and traffic monitoring, and promote the development and improvement of
intelligent transportation systems.

2. Theoretical Basis of Deep Learning

2.1 Artificial Neural Network

The artificial neural network element model (also known as a single-layer perceptron) is a basic
component unit in deep learning, simulating the basic functions and structure of biological
neurons[16]. Its basic principle is to generate an output signal through the weighted sum transmission
of input signals, thereby realizing information processing and transmission. A typical artificial
neuron model includes the following elements:

Input layer: The artificial neuron receives input signals from other neurons or the external
environment, and each input signal has a corresponding weight to adjust its influence within the
neuron.

Weights: Weights are the basic learnable parameters that make up an artificial neural network. Their
main function is to quantify the importance of input signals for network prediction. Through the
training process, the weights are adjusted to optimize the response of the neural network to input data,
thereby improving the prediction accuracy of the model. Each input signal has a corresponding
weight, and a larger weight indicates a greater influence of the corresponding input signal.
Activation function: The activation function is a key component in the neural network for introducing
nonlinearity. It performs a nonlinear transformation on the weighted input signal to generate an
output signal. This nonlinear transformation is the basis for realizing complex data processing
capabilities. Among various activation functions, the sigmoid function and ReLU (Rectified Linear
Unit) function are the most widely used. These activation functions enhance the expressive ability of
the model, enabling it to approximate nonlinear data distributions.

Output signal: The artificial neuron model calculates an output signal according to the input signal
and the corresponding weight through the activation function, which is used to transmit to other
neurons or as the output of the entire model.

The artificial neuron model simulates the basic principle of biological neurons, and realizes complex
nonlinear function fitting and pattern recognition tasks through weight adjustment and activation
function action[17]. In the field of deep learning, multi-layer neural networks built by numerous
artificial neurons are trained using the backpropagation algorithm, which can effectively process and
learn complex datasets. During training, the parameters of the network are gradually adjusted using
optimization algorithms to minimize the difference between the network's predicted values and the
target values. This process includes forward propagation to calculate the output, calculation of errors,
backpropagation to calculate gradients, and parameter update according to the gradients, iterating
repeatedly until the desired accuracy is achieved or the number of iterations is reached[18]. To
improve training efficiency and stability, techniques and strategies such as batch training and learning
rate scheduling are often adopted. These methods help the network converge faster during training
and improve generalization ability, thereby better adapting to various complex data and tasks.
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2.2 Forward and Backward Propagation Algorithms

The forward propagation algorithm is the process by which information propagates from the input
layer to the output layer in the neural network[19]. In this process, input data passes through various
layers in the network and undergoes nonlinear transformation through activation functions to finally
obtain the output result of the network.

The backpropagation algorithm is one of the core concepts in deep learning[20]. Its process includes
forward propagation, loss calculation, backpropagation, and parameter update. First, through forward
propagation, the neural network transmits the input data and calculates the output of each layer. Then,
the loss function is used to measure the gap between the network output and the actual target. After
backpropagation, the gradient of the loss function with respect to each parameter (weight and bias) is
calculated using the chain rule, and propagated forward layer by layer until reaching the input layer.
Finally, the parameters in the network can be updated according to optimization algorithms such as
gradient descent to gradually reduce the loss function. During training, termination conditions are
usually set, such as stopping when the preset number of iterations is reached or the loss function
converges to a certain extent. This process enables the neural network to automatically learn and
continuously optimize parameters, thereby improving performance on given tasks.

Assume that the existing weight value in the neural network is W, the value of the bias is b, and the
calculated loss function is J. Then, on the basis of W and b, take the partial derivative of the loss
function.

Where @ in the above two equations is the learning rate, which is used to control the rate of gradient
iteration.

The backpropagation algorithm mainly focuses on the loss value. Therefore, let 5 be the loss value
generated by the j-th neuron in the L-th layer of the network.

To further show the derivation process of the backpropagation algorithm, it is assumed that the loss
function adopts the mean square error loss function, and the true target value is set as Y. Then,
according to the definition of the mean square error loss function, there is the following formula:
According to the loss of each layer, the bias gradient and weight gradient of this layer are derived, and
then the weight and bias of each layer are updated by vectorization, so as to realize the parameter
optimization of the neural network.

we deeply explored the theoretical basis of deep learning, focusing on artificial neural networks and
their core algorithms, and then gave a basic explanation of the classic convolutional neural
network[26]. First, we introduced the concept and basic structure of artificial neural networks, as well
as their importance in deep learning. Subsequently, when delving into the training mechanism of
neural networks, we focused on their core components—the forward propagation and
backpropagation algorithms. These two algorithms not only form the basic framework of the neural
network learning process but also play a crucial role in practical applications[27]. In the forward
propagation process, input data is gradually transmitted to the output layer through network layers,
and the final output result is obtained. The backpropagation algorithm calculates the gradient of the
loss function to update network parameters, enabling the network to gradually optimize the fit to the
target[28]. On this basis, we introduced the convolutional neural network, a neural network
architecture that has achieved great success in fields such as image recognition[29]. We detailed each
component of CNN, including the input layer, convolutional layer, pooling layer, and fully connected
layer, and elaborated on their roles and principles in image processing, facilitating readers to have a
basic understanding of the content of subsequent chapters.

3. License Plate Localization Algorithm

3.1 YOLO v8 Network Introduction

YOLO is an object detection model[30]. Traditional object detection methods are usually based on
sliding windows and manually designed feature extractors. These methods often require complex
processes and a lot of computing resources, resulting in slow detection speed and limited accuracy.
To solve these problems, YOLO (You Only Look Once), as an innovative object detection algorithm,
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has emerged. Its unique feature is that it can recognize the category and position of objects in an
image with only one scan, and its effect is fast and good.

The principle of YOLO is very ingenious, and its core idea is to only require the center point of the
object to be located in a specific frame[31]. This means that we do not need to design a very large
frame to cover the entire object, but only need the center point of the object to fall within the frame. In
the implementation of YOLO, the image is divided into grid cells, and each cell predicts multiple
bounding boxes and their category probabilities. Through the method of Non-Maximum Suppression
(NMS), the system finally determines the detection result. This end-to-end detection method makes
YOLO have significant advantages in speed and accuracy.

YOLO allows 5 grids to each predict B bounding boxes. Each bounding box has five parameters,
namely the center position (x,y) of the object, its height (h) and width (w), and the confidence of this
prediction[32]. The function of the bounding box is to determine the spatial position of the object,
which usually requires it to provide four key position parameters: x-coordinate, y-coordinate, height h,
and width w. We want the size of the input image to be arbitrary, which is not too difficult for the
convolutional neural network. However, if the output position coordinates are arbitrary positive real
numbers, the model's generalization ability on objects of different sizes may vary greatly. Therefore,
normalize the data to make the value of continuous data between 0 and 1. For x and y, x and y are the
center positions of the object. The real x divided by the width of the grid and the real y divided by the
height of the grid can achieve the operation. Considering that an object may be much larger than the
size of the grid, the predicted height and width of the object may be larger than the height and width of
the bounding box.

After understanding the above indicators, we can understand that because our bounding boxes are
represented by midpoint coordinates + width and height, each bounding box predicted by the grid
requires its center to be within this grid[34]. Therefore, if it is not the middle grid, the loU of other
grids will naturally be relatively low, so the corresponding confidence will decrease. Therefore, the
confidence of the really middle grid is often relatively large. In this way, we only need the center of
this object to fall within this frame, and we can identify the category and position of the object in the
figure with only one browse.

Anchor box
Length:L1

- Anchor box
S2 —| Bounding box

Anchor box
Wigth:H1

Bounding box
Width:HD

S2

Bounding box
Length:LO

Figure 1. 10U

Another important technology of the YOLO network is introduced here, which is the technology of
Non-Maximum Suppression (NMS)[35]. NMS is based on the intersection over union to solve the
problem that a small object may be identified by multiple boxes during the recognition process. In
plain language, what we do is first judge whether the categories of these grids are the same. Assuming
that B1, B2, B3, and B4 (prediction boxes) in the above all identify dogs, then proceed to the next step.
We keep B1, and then judge whether B2, B3, and B4 should be deleted[36]. We call B1 the maximum
bounding box, calculate the loU between the maximum bounding box and several other bounding
boxes, and if it exceeds a threshold, such as 0.5, we consider that these two bounding boxes actually
predict the same object, and delete the one with the smaller confidence[37].
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The main network layer of YOLO v8 is divided into four parts[38]. First, the input layer responsible
for inputting feature data; then the Backbone layer responsible for feature extraction, which is the
core part of the entire network; then the Neck layer, responsible for pooling and feature fusion of the
feature information extracted by the network, and its structure includes three types of networks:
SSPNet, FPNet, and PANet; finally, the output layer Head, used to finally output the prediction result
of the model.

Backbone plays the role of feature extraction in YOLOVS, usually adopting a deep convolutional
neural network (CNN) architecture such as ResNet or Darknet[39]. The input image processed by
Backbone is converted into feature maps, which contain rich semantic information and reveal the
visual features of different levels in the image.

The role of FPN is to realize multi-scale fusion of features on the basis of the feature maps generated
by Backbone to integrate feature information of different scales[40]. In the FPN stage, the feature
layers obtained from Backbone are fused through upsampling and downsampling processes,
enhancing the model's detection performance for multi-scale targets.

Yolo Head is responsible for the final object detection of the feature maps output by FPN, including
classification and bounding box regression[41]. The feature map is regarded as a series of feature
points at this stage, and each feature point is associated with a potential object position. Yolo Head
analyzes these feature points to predict the existence and category of the object and its position.
Through the feature extraction of Backbone, the feature fusion and enhancement of FPN, and the
accurate detection and localization of Yolo Head, YOLOV8 can effectively perform end-to-end object
detection tasks.

3.2 Experimental Results and Analysis

Due to the complexity and large computational requirements of the YOLO v8 network model, the
number of parameters of the model is also considerable, which leads to strict requirements on the
training hardware[46]. We will train the model according to the existing resource equipment.
Dataset Introduction: The CCPD dataset is a large-scale open-source image collection designed
specifically for Chinese urban license plate recognition[47]. It contains license plate images taken in
various complex environments and has been carefully annotated. The dataset is divided into two
subsets: CCPD2019 and CCPD2020, corresponding to images of traditional energy vehicles (blue
license plates) and new energy vehicles (green license plates), respectively. The images in the
CCPD2019 subset were mainly collected from parking lots in Hefei City, starting at 7:30 in the
morning and continuing until 22:00 in the evening[48]. During the data collection process, the staff
used Android POS devices for handheld shooting to obtain vehicle images. These images reflect a
variety of complex environmental conditions, such as image blur, license plate tilt, and different
weather conditions (including rainy and snowy days). The original intention of designing the CCPD
dataset is to provide a resource containing a variety of license plate images to support the research and
development of license plate recognition technology[49]. By including license plate images captured
under various environmental conditions, the CCPD dataset aims to assist researchers and developers
in more in-depth testing and optimization of their license plate recognition algorithms to improve the
robustness and recognition accuracy of the algorithms.

The CCPD dataset does not have special annotation files. The annotations of the dataset are directly
presented in the form of image file names, containing rich information such as the proportion of the
license plate area, the angle of the license plate, the coordinates of the annotation frame, and the
mapping relationship of the license plate number[50].

In addition to using the open-source dataset CCPD from the University of Science and Technology of
China, this paper also collected images on the campus of Xiangtan University and obtained more than
500 license plate images from other open-source datasets on the Internet[51]. For these license plate
images, we used the labelimg tool to label the files to be annotated, selected the yolo annotation
format, marked the labels, and obtained real data. The pictures also include sample data under
different shooting angles and different light conditions. The composition of the license plate
localization dataset used in this paper is shown in Table 2:
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First, it is necessary to select a pre-trained model. Referring to the official comparison of the
performance of YOLO v8 models of different sizes on the COCO dataset and the conclusions
obtained by others on the CCPD detection dataset through comparative experiments on the five
different sizes of YOLOv8n/s/m/l/x: in comparison, the effect of the n series model is the lowest, the
s series model is the next, the m series model is in the middle, and the effects of the | and x series
models are close[52]. Considering the parameter level and inference speed, we finally selected the s
series model as the inference model.

As two key adjustable parameters in the training of deep learning models, the reasonable selection of
batch size and training epoch can improve the efficiency and performance of model training[53]. We
need to conduct multiple experimental comparisons according to the number of our own datasets and
the computer environment to confirm the parameters, so as to ensure that the model achieves the
expected classification effect. The batch size determines the number of samples received by the
model in each iteration, and the training epoch represents the number of times the entire dataset is
traversed.

The selection of batch size directly affects the speed and stability of training. Usually, the number of
times needs to be selected considering the performance of the own GPU and the ability of the trained
model[54]. A smaller batch size may lead to more noise during the training process, making the
model converge slower and may make the model fall into a local optimal solution. On the contrary, a
larger batch size may increase memory requirements, leading to problems such as insufficient
memory or insufficient computing resources during training. In model training, an appropriate batch
size should be selected according to the actual situation so that the model can learn efficiently and
maintain stability.

The number of training epochs should be sufficient to enable the model to fully learn the features of
the dataset, but overfitting should also be avoided[55]. Determining the number of training epochs
usually depends on monitoring the performance of the model on the validation set. Training should be
terminated when the error rate on the validation set first rises to avoid overfitting. The following is the
flow chart of the training process:

The following explains the specific indicator concepts involved in the YOLO visualization results:
Precision refers to the ratio of the number of samples correctly identified as positive classes by the
classifier to the total number of samples classified as positive classes[56]. In academic writing, it is
used to measure the accuracy of the classifier when determining positive classes. Specifically,
precision indicates the reliability of the classifier in identifying positive classes, that is, the proportion
of the positive classes identified by the classifier that are actually positive classes;

Recall represents the ratio of the number of samples correctly identified as positive classes by the
classifier to the total number of samples actually positive classes[57]. In academic papers, recall is
used to measure the ability of the classifier to correctly identify all positive samples. In other words,
recall describes the ability of the classifier to find samples that are actually positive classes, that is, the
recall rate of the classifier for all positive samples;

MAP: Abbreviation of Mean Average Precision, that is, mean average precision;

GloU: It is the mean value of the GloU loss function. As the number of training iterations increases, it
is observed that the mean value gradually decreases, which indicates that the positioning accuracy of
the detection box is continuously improving;

Objectness: It is the mean value of the object detection loss. The decrease of the mean value with
training indicates that the object detection is more accurate;

Classification: It is the mean value of the classification loss. The decrease of the loss mean value
means the improvement of classification performance;

After the dataset preparation is completed, download the selected pre-trained model, set the indicators
BatchSize and epoch to 16 and 100 respectively. After obtaining the trained weights, we can test the
model with the test set[58]. The detection result graph is as follows:

The upper left of Fig. 7 is a network license plate picture, taken from the front with bright light[59].
The recognition result of the license plate is shown in the figure, marked with a red box, the category
is car, the confidence is 0.72, and the recognition is accurate;
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Figure 2. Vehicle Detection

The upper right of Fig. 7 is a network license plate picture, taken by downward shooting 30 “from the
front of the vehicle with a dark light environment[60]. The recognition result of the license plate is
shown in the figure, marked with a red box, the category is car, the confidence is 0.81, and the
recognition is accurate;

The lower left of Fig. 7 is a self-made license plate picture, taken by downward shooting 15“from the
left front of the vehicle with very bright light[61]. The recognition result of the license plate is shown
in the figure, marked with a red box, the category is car, the confidence is 0.92, and the recognition is
accurate;

The lower right of Fig. 7 is a network license plate picture, taken by tilting 30 <from the right side of
the vehicle with a dark light environment[62]. The recognition result of the license plate is shown in
the figure, marked with a red box, the category is car, the confidence is 0.84, and the recognition is
accurate.

This chapter mainly introduces the license plate localization algorithm, focusing on the basic
characteristics of domestic license plates and a commonly used localization algorithm—the YOLO
v8 network[63]. First, we deeply explored the basic characteristics of domestic license plates,
including size, shape, color, etc., laying a foundation for the subsequent localization algorithm. We
then elaborated on the YOLO v8 network, getting a preliminary understanding from three aspects:
basic idea, network structure, and loss function[64]. YOLO v8 is an object detection algorithm with
high efficiency and accuracy, suitable for license plate localization tasks. In the experimental part, we
first described the experimental environment and dataset preparation process, then showed the
experimental process and result analysis[65]. Through the detailed analysis of the experimental
results, we can evaluate the performance of the algorithm and further optimize the algorithm
parameters to improve the accuracy and robustness of license plate localization[66]. The content of
this chapter comprehensively introduces the theoretical basis and experimental verification of the
license plate localization algorithm adopted, laying a foundation for subsequent character
recognition.

4. License Plate Recognition Based on CRNN Network

After successfully obtaining and segmenting the license plate image through the license plate
localization link, the subsequent character recognition process is one of the key links in license plate
recognition, which is crucial to the reliability and accuracy of the entire system[67]. In this section,
we focus on the topic of scene text recognition, which is the most common task in the field of
image-based sequence recognition. It can be applied to people's daily lives and is a problem that
machine vision has intended to solve since its birth[68]. Current license plate character recognition
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methods are mainly divided into two directions: traditional methods based on character segmentation
and then recognition, and recognition technologies without segmentation.

Traditional license plate recognition usually consists of two steps: character segmentation and
character recognition[69]. Character segmentation algorithms include methods based on template
matching, vertical projection, connected domains, and cluster analysis. Through these methods, the
license plate is segmented into individual characters before recognition. Traditional character
recognition algorithms include methods based on template matching, feature statistics, and machine
learning[70].

However, these traditional methods are usually complex and cumbersome[71]. The traditional
character segmentation and recognition algorithm has the problem of strong correlation between front
and back links. Any error in any link will directly affect the final recognition accuracy[72]. Especially
when the license plate image is irregular, such as large-angle tilt, traditional character segmentation
often leads to serious compression or deformation of the character image, which poses challenges to
the subsequent recognition process[73].

Therefore, the traditional algorithm based on character segmentation and then recognition has been
difficult to meet the actual needs[74]. This project adopts the CRNN neural network, which has the
following characteristics: 1) Combining character segmentation and recognition into one step,
effectively simplifying the recognition process[75]. 2) It can naturally handle license plates of any
length, including blue plates and green plates[76]. 3) It can quickly and accurately output the license
plate frame position information and license plate number[77]. Through this method, we can reduce
the parking waiting time in practical applications, effectively improve the recognition accuracy, and
avoid economic losses caused by recognition errors[78].

In the process of license plate recognition, large-angle license plates are often encountered;
large-angle license plates generally refer to license plates with a horizontal tilt angle greater than 30
degrees and less than 60 degrees[79]. The correction method for large-angle license plates is a
difficult problem that has plagued the industry for a long time. Traditional license plate tilt correction
methods, such as straight line fitting, horizontal projection, and radon transformation, can usually
only solve license plate tilt within 30 degrees, and are very dependent on accurate license plate
localization and license plate binarization algorithms[80]. To solve the problem that the detected
license plate has a certain inclination angle, which is not conducive
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