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As deep learning technology grows by leaps and bounds, license plate detection algorithms 

have significantly improved their speed and accuracy. Traditional license plate detection 

generally focuses on the differences in edge, color, or grayscale such simple features. And 

shows the main problems are lack of vehicle specificity and insufficient robustness. But 

during these years, algorithms based on deep learning have solved most of the problems and 

gotten good results. However, because of the changing and complex scenarios in real life, it 

has to deal with challenges like large-angle license plates, poor lighting environments, and 

warping license plates. From these unconstrained scenarios, the detection and recognition 

results are always unsatisfactory. 

In this paper, a complete automatic license plate recognition (ALPR) system for 

unconstrained scenarios is presented, especially focusing on license plates that may be 

severely warping due to tilt views. A convolutional neural network capable of correcting 

warping license plates is introduced and finally put into an optical character recognition 

method to obtain the result. As an additional contribution, separately trained 2 SVMs for 

Chinese license plates to solve the problem of low accuracy in recognizing Chinese 

characters. Also, a separate model for the night vehicle data set was trained to improve the 

accuracy of night vehicle detection. 

The effectiveness of this method was proved by testing data sets from three places, 

between three commercial product with comparing their accuracy and speed. 
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 SYMBOLS AND ABBREVIATIONS  

Abbreviations 

CNN             Convolutional Neural Network 

YOLO           You Only Look Once 

LP                  License Plate    

SVM             Support Vector Machine 

ITS                Intelligence Transportation System 

IOU               Intersection Over Union
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1  Introduction 

1.1  Background 

In 2023, according to forecasts released by automotive research firm Hedges & Company, 

the Global car ownership is expected to be approximately 1.475 billion vehicles.  And most 

of the world's cars are in Asia and Oceania, which is home to more than a third of the cars 

on the planet. When people's demand for vehicles continues to grow and intelligent 

transportation systems (ITS) become a popular development trend in traffic monitoring 

systems, and automatic license plate recognition (ALPR) is particularly a major part in it. 

ITS is a comprehensive transportation system application that uses modern access 

technology, information technology, navigate positioning technology, image analysis 

technology and other technologies. It involves connecting people, vehicles, roads and the 

environment to achieve intelligent operations (Shaheen, 2014). Such intelligent systems can 

better achieve the goals of safe, efficient, and energy-saving transportation. 

ALPR system is widely used in ITS, it uses the photos taken by cameras for digital image 

processing and analysis configuration and comprehensively applies several latest image 

processing results to extract the license plate (LP) area, then achieve correct characters of 

the LP area. (Min, 2016). There are many application scenarios in our daily life, such as 

highway electronic toll stations, illegal vehicle detection, community and parking lot vehicle 

control, etc. Therefore, the research and development on ALPR have important practical 

significance. 

Traditional license plate recognition methods are mostly concentrated on some simple 

features, like edge or color, they have bad robustness and always need highly calculate 

resources. During these years rapid development of deep learning, many algorithm like 

YOLO, SSD have improve the ALPR accuracy and speed, they always have good 

performance in some fixed scenes, especially on the frontal perspective. However, in real 

life, the quality of obtained LP varies due to the equipment and environmental factors, which 

can somewhat impact the precision of LP recognition. In addition, when obtaining LP 

images, problems such as the long shooting distance or the large rotation angle during 
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shooting also bring considerable difficulty to the positioning and recognition of LP. The 

above situation makes it difficult to detect and recognize LP in unconstrained scenarios. 

In this paper, a comprehensive ALPR system which focusing on unconstrained scenarios is 

present. Specifically, solve the problem of scenarios where the LP is captured with a large 

tilt and warping, which leads to inaccurate segmentation of the license recognition. The way 

of improving the accuracy at night is to train a separate model for the night vehicle data set. 

Also proposed a specific method for the recognition in Chinese characters on vehicle LP 

achieving a recognition rate of over 95%. 

1.2  Goals and Methods 

The ALPR process is mainly divided into 3 subtasks: detecting the vehicle from image, 

cutting out the LP and unwarping it, finally is recognizing characters from LP images. 

The initial step involves determining whether the input image contains vehicles and get the 

bounding box of the vehicle area. Then within each detected vehicle area, WPOD-net is fed 

to determine the LP position and returns a valid transformation for each search, which can 

correct the warping LP into a rectangle image, which is similar to the front view based on 

an affine transformation. Finally, the image is processed through the optical character 

recognition (OCR) network for character recognition. 

The goal is to obtain better recognition and detection results through a new convolutional 

neural network that can correct multiple warping LP from the image and feed it into an OCR 

method to achieve the final outcome, let the accuracy better than traditional methods. 

1.3  Thesis Structure 

This paper is structured in six chapters. The first chapter is the topic introduction, which 

covers the background information of the paper, that is the topic of the research and why the 

research was conducted. It also includes the objectives of the research and the methods used. 

The second chapter discusses related research. In this chapter, four different topics are 

covered, which are closely related to my research. These four topics are related to ALPR 

method and help to establish a framework based on previous research, understand the 
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existing knowledge and results in the field to provide theoretical and practical support for 

the research. 

The third chapter explains the research methodology. Firstly, vehicle detection was 

discussed, and then the method of LP detection and correction was refined in practice, with 

using of WPOD-net model, covering preprocessing, architecture and loss function design. 

Finally, the application of OCR technology in LP recognition is described. 

Chapter four shows the results of the study, compares the vehicle detection results after 

adding the night vehicle data set, compares the model results with commercial methods, and 

provides a multi-faceted performance analysis. It also focuses on the application of SVM 

technology in vehicle LP detection in China and provides specific recognition performance 

data.  

The fifth chapter is the conclusion of the thesis, it also discusses the ethical aspect and the 

future work about the system.  
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2  Related Research 

License plate (LP) recognition has gone through continuous exploration by many researchers 

during its development because of its wide application in the present life, they have made 

various attempts to explore from traditional methods to deep learning techniques.  

The traditional manual feature-based methods have achieved some good results, but they 

face challenges when dealing with complex scenes and unconstrained environments for LP 

recognition tasks. With the fast rise of deep learning technology, the field of ALPR has seen 

new opportunities for development because of the powerful feature learning and 

generalization capabilities of deep learning models, and more and more people work on 

unconstrained scenarios, expanding the applicability of the ALPR system. 

This chapter reviews and summarizes pertinent research in the field of ALPR systems. 

2.1  Traditional license plate recognition method 

License plate positioning is a key step in the license plate recognition system (Chen, 2012), 

which will greatly reduce the difficulty of character segmentation and recognition and has a 

decisive role in the subsequent work. However, due to the shooting angle, lighting 

conditions, weather conditions and other factors, it’s always face some difficulties to 

accurately locate the LP area in these unconstrained environments. 

In the early stage, people just rely on traditional methods for recognition. Traditional 

detection methods are generally built on handcrafted features and shallow trainable 

architectures (Zhao, 2019).  All the traditional method follow the principle, which a LP is a 

rectangle of quiet similar size with relatively fixed characters and colors. They achieve 

recognition of the LP by extracting some low level features like edges, colors, textures or 

characters. 
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2.1.1   Edge-based methods 

Normally, the edges of the LP are areas that the greyscale changes drastically, while the 

greyscale softly changes in the background or inside the LP. The purpose of edge detection 

is to accurately identify these edges while suppressing noise as much as possible. Many edge 

detection methods are there nowaday, including Roberts edge operator, Prewitt operator, 

Sobel operator and Laplacian edge detection, they all rely on sharp changes in the grayscale 

in the LP image to identify edges. 

Different edge detection operators have different sensitivities and effects for edges. For 

example, the Roberts operator uses local variance to find edges, and the separation effect is 

more accurate. The Prewitt operator and the Sobel operator can suppress noise to a certain 

extent but may not completely eliminate falsely identified false edges. As a second-order 

differential operator, the Laplacian operator effectively detects step edges in an image. 

However, it might not retain certain edge directional information and is prone to noise 

sensitivity. Therefore, according to different application environments and special needs, the 

most appropriate operator is selected for image edge detection. 

2.1.2  Color-based approach 

For the color-based approach, the location of the LP is detected using color pixels. In 2010, 

Tan introduced a LP localization algorithm that combines color edge detection, directional 

region distance measurement, and morphological closure operation. This technique is based 

on the background of the LP and has fixed color match with the characters (Tan, 2010). 

Edge-based and color-based approaches always be very simple, and usually provide 

sufficient speed for ALPR system. However, in unconstrained scenes, edge and color 

features are vulnerable to lighting variations or shooting angle. For instance, edge details can 

be unclear and colors can shift under intense lighting or side view. The generalizability is 

low and susceptible to lighting and complex scenes. 
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2.1.3  Texture-based methods 

It primarily depends on the textural attributes of the license plate area, including the contrast 

created by the background and font colors of the LP, etc. There is a function for the LP 

localization based on grayscale texture analysis, and a processing function is designed to 

amplify the contrasting features formed by the base color and font color of the LP, which 

lays the foundation of the LP extraction. In the processed image, the maximum variance 

method is used to select the binarization threshold to improve the recognition accuracy of 

the LP (Liu, 2000).  

Compared to edge-based and color-based methods, texture-based approach can ease some 

problems due to lighting variations and complicated views. However, this is accomplished 

through the use of a processing module that requires more time. 

2.1.4  Direct Localization of Alphanumeric Characters  

There is a method that the LP is decomposed into several constituent characters and then 

features are extracted and constructed using Conditional Random Fields (CRF) and 

Maximum Stable Extreme Region (MSER) for direct localization through character features 

(Li, 2013). Feature-based methods can be adapted to a certain extent to various 

environmental factors, but their drawback is that they are easily influenced by the character 

backgrounds. 

To summarize, traditional ALPR functions mainly based on low-level, manual features that 

offer limited representation capability, and always need additional steps to process. Although 

various complicated idea designed to solve the unconstrained scnarious problem, the 

performance is still rarely matches methods based on deep learning. 

2.2  License plate recognition based on deep learning 

2012, AlexNet (Krizhevsky, 2012) which is based on deep convolutional neural networks 

(CNNs) won the ImageNet image recognition by a significant margin.  Since then, deep 

learning has begun to receive widespread attention (LeCun, 2015).  After a variety of deep 
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learning methods and frameworks has appeared, such as Faster R-CNN (region-based 

convolutional neural network), YOLO (You Only Look Once), SSD (Single Shot MultiBox 

Detector), etc. 

Recently, with the ongoing advancements in deep learning technology, the current ALPR 

method has evolved from traditional manual design features and machine learning classifiers 

to locate license plates, to the deep learning related method, which has greatly improved the 

accuracy and speed.  

Chaudhary et al. introduced a LP detection and recognition method which based on  two 

independent CNN (Chaudhary 2023). The first CNN in the model will be able to detect the 

bounding boxes for license plate detection using non-maximal suppression (NMS) to find 

the most probable bounding regions. And the second CNN takes these bounding boxes and 

uses a spatial decay network and character recognition model to get the LP position. They 

used the China Parking Lot Dataset (CCPD) and achieved a good accuracy as 89%. 

In 2022, El-Shal et al put forward a detection method for LP based on a Generalized 

Adversarial Network (GAN) (El-Shal 2022). This method employs GAN to improve the 

low-resolution input image and put the obtaining a realistic super-resolution image, finally 

the LP is recognized using YOLOv5. After testing on AOLP, it achieved more than 95% 

accuracy.  

Li et al. proposed a detection network with Faster R-CNN. In this system, a regional 

suggestion network is tasked with identifying potential LP areas (Li 2017). These candidates 

are then processed by the network's final stage, which evaluates their likelihood of being LP 

and uses recurrent neural network for character segmentation and recognition. Although the 

performance is good in common situations, the authors present an evaluation that shows that 

the method still lacks performance in most challenging scenarios that include skewed 

situations. 

2.3  Research on license plate recognition for unconstrained scenarios 

Most existing ALPR systems can only work under fixed image capture systems or specific 

viewpoints, such as parking lot tolls or surveillance capture scenes. However, for more 
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flexible image acquisition scenarios, the recognition accuracy may be reduced due to view 

warping. 

During the years of working on unconstrained scenes, the following attempts have been 

previously proposed for unconstrained scenes. 

Saini uses a new transformation analysis method for ALPR (Saini, 2017). It used the multi-

wavelet transform and empirical mode decomposition (EMD) to locate the LP on the vehicle. 

Firstly is image enhancement preprocessing is performed to increase the effectiveness of LP 

detection algorithm. Following this, the image is decomposed using multi-wavelet 

transformation, put the image to EMD, and used to find the actual wave peak from projection 

information of the previous decomposed image. Through pre-processing and post-

processing, the license plate positioning method achieves an accuracy of 88.36%. 

Gu Liyun made quite similar improvements to LP recognition in 2018 (Gu, 2018). In the 

image preprocessing stage, Gaussian filtering and median filtering are applied to improve 

the shortcomings of traditional algorithms in processing low-light images. In the license 

plate positioning and extraction stage, an edge extraction algorithm based on Mallat wavelet 

transform is proposed. This algorithm can extract the captured area more completely than 

the traditional edge extraction algorithm using Sobel operator. The license plate positioning 

achieved an accuracy of more than 90% on the testing set. 

Rizwan Asif et al. gave a solution to solve the issue of complex backgrounds for LP 

recognition in 2017 (Asif, 2017). Rear headlights are used to define regions of interest (ROI), 

reduce the image processing scope and eliminate complex backgrounds, and heuristic energy 

maps (HEM) of vertical edges and a unique histogram method are used to identify license 

plates. The framework detects 855 different license plates and the image was tested and the 

accuracy reached 90.4%. In a more complex background, this ALPR system average real-

time response speed is 0.25s. 

2.4 Research on license plate recognition in specific areas and scenes 

License plates basically consist of numbers and letters, but license plate fonts and locations 

vary from region to region, and some maps also have specific symbols, so license plate 

recognition technology faces unique challenges when applied in different jurisdictions. 
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In the European Union, LPs usually include the letter of country abbreviation with a blue 

background, and then with a combination of letters and numbers, there also may be some 

differences in arrangement and font style between countries. 

 

Figure 1. EU license plate example (World License Plate, n.d.)  

In China, license plate recognition faces special challenges due to it have a unique 

characteristics as the 34 Chinese provinces. For example, as the Fig2 shows, a standard 

Chinese license plate consists of a single Chinese character representing a province, followed 

by a letter and a string of numbers or letters. So the ALPR for Chinese license plate always 

require specialized recognition systems. 

 

Figure 2. China license plate example (World License Plate, n.d.)  

In addition, there are some special types of license plates which also bring difficulties for 

ALPR. Such as those used on government vehicles or police car, they may contain specific 

symbols or color schemes ,distinguish them from standard private car. Also the license plate 

color of new energy vehicles is different as green, while the license plate color of traditional 

cars is blue. 

License plates around the world can contain special characters, symbols and color. This 

diversity requires special considerations that can effectively handle such changes. 
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3  Research Method 

The proposed methodology comprises three primary stages: vehicle detection, license plate 

detection, and optical character recognition (OCR), which depicted in Fig. 1.  

 

 

 

 

 

 

 

Figure 3. Workflow of the ALPR system 

Upon receiving an input image the initial phase involves identifying vehicles within this 

scene. Subsequently, in each identified vehicle area, use Warped Planar Object Detection 

Network (WPOD-net) to employed to locate license plates and compute an affine 

transformation for each detection. This enables the unwarping of the LP , transforming it to 

the frontal view as a rectangle. These accurately identified and corrected LP detections are 

then forwarded to an OCR system to get the character recognition, and out put the final result. 

3.1  Vehicle detection 

For the vehicle detection, using the YOLO (You Only Look Once) for vehicle detection. The 

YOLO algorithm is widely popular in the field of object detection, and its performance 

evaluation usually relies on various classic data sets, such as PASCAL-VOC (Smith et 

al.,2012) ImageNet (Jones et al.,2009) and COCO (Lin et al., 2014). These datasets usually 

cover some common object recognition, usually a vehicle is one of the base objects. With 

this in mind, we chose non-trained detector from scratch and used existing pre-trained 

models, allowing us to achieve efficient and accurate vehicle detection faster. 
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However, during testing we found that the detection effect of COCO dataset's basic car 

object was not ideal in night scenes. For solving this problem, I try to add annotations use 

labelling tools and built a dataset specifically for nighttime license plate detection, then 

combined it with the COCO data set to expand the original training data. The image data of 

this nighttime license plate data set comes from the Peking University database (Ofeeler, 

n.d.). The total training dataset has a total of 860 images, and the ratio of training set and 

testing set is 8:2. 

 

 

 

 

 

 

 

Figure 4. Partial night vehicle database 

3.2  License plate detection and unwarping 

In this module, a CNN called Warping Planer Object Detection Network (WPOD-Net) is 

implemented. This network can effectively detect objects when the input LP image have 

warping, or the image has a high slope. 

Sergio et al. designed WPOD-Net in 2018, which is based on the ideas of YOLO and SSD 

(Sergio et al., 2018). In contrast, YOLO and SSD algorithm merely provide the bounding 

box for LP without considering the surrounding background and space. SSD can be used to 

detect non-rectangular objects, but it struggles with handling multiple objects 

simultaneously, instead applying a single spatial transformation on the entire input. For 

WPOD-Net, it detects multiple LP in the image at the same time, and unwarping LP, returns 

the corrected rectangular LP. 
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3.2.1  Preprocessing-resize image 

Before entering the WPOD-Net processing flow, resize preprocessing can be performed.  

Under normal viewing conditions, when the LP is not deformed, the LP tends to have enough 

pixels for license plate recognition.  However, when the vehicle image is distorted and 

warping, the ratio of the license plate to the vehicle will be greatly changed, which is not 

conducive to license plate extraction. 

Here we propose a simple solution based on the vehicle bounding box (BB) aspect ratio to 

enlarge the license plate pixels by enlarging the image when the vehicle photo is tilted.  As 

the aspect ratio approaches 1, smaller dimensions can be used, and the dimensions must 

increase as the aspect ratio increases. 

When the vehicle photo is angled, zoom in on the image to enlarge the license plate pixels. 

When the pixels of vehicle photos are already very large, Max=608 is used to reduce them 

accordingly. 

𝑓𝑠𝑐 =
1

min{𝑊𝑣,𝐻𝑢}
min {

𝐷𝑚𝑖𝑛

min(𝑊𝑣,𝐻𝑢)
, 𝐷𝑚𝑎𝑥}  ,                                   (1) 

According to the formula it is implemented in the code in the following way. 

 

 

 

 

 

 

 

Figure 5. Code implementation of resize image 
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3.2.2  WPOD-net architecture 

The detection process for WPOD-net is shown in Figure 6. The network inputs the vehicle 

image resized by the vehicle detection module. The feed-forward network will obtain 8-

channel feature maps, and calculate the target/non-target probability (2 feature maps) and 

the regression affine transformation parameters (6 feature maps). 

 

Figure 6. WPOT-net detection process 

In order to correctly identify and unwarping LPs, a hypothetical square area of fixed size 

centered on the cell center (m, n) is first defined. If the probability of detecting a LP within 

this cell exceeds a preset threshold, some regression parameters are employed to create an 

affine transformation matrix that maps the hypothetical square to the four corner points of 

the LP. This mapped LP area can then be adjusted to a frontal perspective by applying a 

perspective transformation. The detailed architecture is shown in the Figure 7 below. 

 

Figure 7. Detailed WPOD-NET architecture 
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It consists of a total of 21 convolutional layers, 14 convolutional layers in RESblock, and all 

convolution kernels are 3x3. The action function of the entire network i, only in the layer 

used for detection contains a linear activation function (f(x)=x). This function is mainly used 

to output affine transformation parameters, direct regression of the license plate’s position 

and shape.  

There are 4 max-pooling layers included in the network, which help to gradually decrease 

the spatial dimensions of the feature map. Typically, each pooling operation halves the width 

and height of the feature map. After a total of four pooling operations, the dimensions of the 

input image is reduced to 1/16 of the original size. 

For an input image of height H and width W, and the network stride size of Ns=2^4, the 

network output feature map size is M*N*8, where M= H/Ns, ,N=W/Ns. 

Within each unit grid (m, n) of the feature map, 8 values are estimated. The initial two values 

(v1 and v2) represent probabilities for target/non-target, while the subsequent six values (v3 

to v8) are utilized to construct an affine transformation matrix. 

This following formula is for the affine matrix. In this setup, the max function is applied to 

values v3 and v6 to guarantee that the diagonals remain positive, thereby preventing 

unwanted mirroring or excessive rotation. 

𝑇𝑚𝑛(𝑞) = [
𝑚𝑎𝑥(𝑣3, 0) 𝑣4

𝑣5 𝑚𝑎𝑥(𝑣6, 0)
]𝑞 + [

𝑣7

𝑣8
],                      (2) 

Then standardize the images. 

 

Figure 8. Standardize process 1 
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The blue box shows the relative position of the real license LP. Take the point in the red area 

as the center point, and tl-br as w and h. Calculate the Intersection Over Union (IOU) with 

the red box. The point greater than 0.5 is a positive sample, that is, the point is the center 

point of a LP. In the example, m is 3 and n is 3. 

 

Figure 9. Standardize process 2 

Amn(p) represents the marked license plate position p, perform the following steps 

1. Divide by network stride Ns 

2. Subtract (m,n) centralization 

3. Finally divide by the average size α 

What is obtained is a rectangular box with the center at the origin and the length and width 

close to 1, completing the process. It can be shown as this formula. 

Amn(p) =
1

α
(

1

Ns
p − [

n
m

]),                                        (3) 

3.2.3  WPOD-net Loss function 

The global loss consists of two parts, whether there is object confidence loss and affine 

transformation parameter loss. This design allows the model to not only learn how to 

correctly adjust the LP image to a standard shape during training, but also accurately 

determine the presence or absence of the license plate. 
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The first part of the loss function is the sum of errors between the unit square transformed 

into a distorted version and the normalized annotation points of the LP, which can be 

described as follows. 

 𝑓𝑎𝑓𝑓𝑖𝑛𝑒(𝑚, 𝑛) = ∑ ∥ 𝑇𝑚𝑛(𝑞𝑖) − 𝐴𝑚𝑛(𝑝𝑖) ∥1
4
𝑖=1 ,                         (4) 

The second part is responsible to handle the probability of the presence or absence of a target 

at (m,n), expressed as fprobs(m,n), and the final loss function is the sum of the losses of the 

above two parts, express as followed. 

loss = ∑ ∑ [𝐼obj𝑓probs(𝑚, 𝑛) + 𝑓probs(𝑚, 𝑛)]𝑁
𝑛=1

𝑀
𝑚=1 ,                       (5) 

3.3  OCR 

In this part, the improved YOLOv7 is used for OCR, and the training set comes from the 

network, including vehicle information from 7 regions in the world. But still because the 

dataset is still small compared to commercial solutions, we extend the training dataset by 

using image augmentation. Random angle rotation, mirroring, and cropping into squares are 

used for image enhancement to cope with the LP characteristics from various global regions 

and improve network generalization capabilities. 

However, I found that Chinese license plates faced unique challenges and have bad result 

with previous model, mainly because Chinese LP not only contain numbers, letters, and dots, 

but also Chinese character. So I separately trained a machine learning model for LP 

recognition.  

A total of 2 SVMs were trained here. One SVM is used to recognize the province 

abbreviation of Chinese characters, and the other SVM is used to recognize letters and 

numbers. The specific implementation in the code is as follows. A total of two SVM-

generated models are returned, one for detecting the Chinese character of the first character, 

and one SVM for detecting subsequent numbers and letters. 
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Figure 10. Code implementation of two SVM-generated model 
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4  Result 

The experimental environment and parameters of this article are as follows: 

Window11 system, 16 GB memory, NVIDIA GeForce RTX 4050 GP, 8 GB video memory, 

using CUDA 11.8 and PyTorch 2.0.0. 

The detection results are shown as followed, which shows the detection results of LP in three 

different regions. Every ALPR process are divided into three parts, first line is original image, 

then is the corrected LP image after unwarping and last is the recognition result of LP content.  

Among them, to better demonstrate the LP detection effect, the picture is cut into partial 

photos of the vehicle that only include the LP. In the original test set, they are complete cars 

and scenes. 

 

Figure 11. License plate detection renderings 
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4.1  Comparison of vehicle detection results after add the night vehicle dataset 

The testing dataset is divided into three groups, all from the Peking University image data 

set. Each group has 160 pictures and the size is 1080*680. 

The confidence score in the YOLO method is used to measure the model's confidence in the 

detection results, it’s between 0 and 1, only bounding boxes with confidence levels higher 

than the set threshold will be considered valid detection results. The statistical value in the 

table is the proportion of data with a confidence level above 90% in all testing sets. 

 Daytime vehicle  Night vehicle 1 Night vehicle 2 

COCO 98.75% 87.5% 91.25% 

COCO (after added) 98.75% 97.5% 98.13% 

Table 1. Result of vehicle detection 

After experimental verification, we found that by expanding the COCO data set, the accuracy 

of nighttime LP recognition have been significantly improved, allowing the model to better 

adapt to various lighting conditions in the night environment. It provides strong support for 

nighttime LP recognition in practical applications. 

4.2  Evaluation method results and comparison with commercial methods 

This part presents an experimental analysis of the comprehensive ALPR system, comparing 

it with two popular commercial solutions. In this study, employing three testing sets which 

for three diffenet places, to assess the accuracy of our proposed method with unconstrained 

scenarios and spatial configurations. 

The regions focused on by the three data sets are the European Union, Mainland China and 

Taiwan. The EU vehicle image data comes from OpenALPR-EU dataset(OpenALPR, n.d.), 

the Chinese mainland data set comes from Peking univerisity vehicle data set, and the 

Chinese Taiwan data set comes from ALOP(ALOP Dataset, n.d.). It is worth mentioning 

that when training the vehicle model at night, the Peking university vehicle data set is also 

used, but the data set is very large. There are five small data sets in total and night mode is 

only one of them, so it will not appear overfitting problem. 
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For the comparisons with two commercial products (OpenALPR, Sighthound) that provide 

complete ALPR systems, I test OpenALPR and sighthound both with it free testing version, 

and for OpenALPR clone opensource code directly so do not have the GUI. 

 

Figure 13. Comparison of ALPR commercial product 

And the accuracy result is shown below. 

Dataset\model Our OpenALPR Sighthound 

EU  91.75% 84.51% 87.23% 

China Mainland 84.25% 57.53% 63.35% 

China Taiwan  89.93% 64.63% 82.87% 

Table 2. Method results and comparison with commercial methods 

4.3  Chinese vehicle license plate detection results based on SVM 

Examples of methods based on SVM in detecting and identifying LP are as follows. 

Representative images from the dataset showing the initial raw input followed by the 

detected and segmented license plates.  

For example, the example input image features a typical sedan in a moderately lit urban 

environment. The output of the recognition phase shows correctly recognized Chinese 

characters and other alphanumeric characters. 
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Figure 14. Test data for Chinese LP detection 

From left to right they are blue.jpg, yellow.jpg, green.jpg, and the result are as followed. 

 

Figure 15. Result of detect Chinese LP Test data 

Its accuracy for Chinese character detection can reach more than 95%, but its accuracy for 

similar letters and numbers is not high, such as "D" and "O". Maybe for the future work can 

expand the training set or change the model with more complicated ones, for example as 

some machine learning models as LightGBM and XGBoost. 

5  Conclusion 

5.1  Summary of System Implementation 

The ALPR System uses a comprehensive approach for differnt part to achieve a good result. 

In the vechile detection, YOLOv7 was selected because of its high accuracy and speed, using 

the default COCO dataset. Additionaly, supplemented by a manually annotation nighttime 

dataset to improve recognition accuray in low-light scenarios.  

For the LP detection and unwarping, WPOD-net is used. It combines the advantages of 

YOLO and SSD to achieve fast multi-object detection and correction. It accurately detects 
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LP and unwarping to the front view, ensuring the plate is straightened into a rectangular 

shape for further analysis.  

Optical character recognition (OCR) is also implemented with a YOLO. For the training 

data, extends the dataset using image augmentation, the goal is to improve the robustness of 

the system in different areas. Then, two specialized SVM models are designed to recognize 

provincial abbreviations and alphanumeric characters unique to Chinese LP. This 

combination of deep learning models and traditional machine learning expands the 

application range and accuracy of LP recognition. The ALPR System uses a comprehensive 

approach to achieve its goals. Initially, YOLOv7 was selected for vehicle detection due to 

its high accuracy and speed, using the default COCO dataset supplemented by a manually 

labeled nighttime dataset to improve recognition capabilities in low-light scenarios. 

5.2  About the ethics of License plate recognition 

Although the ALPR system has broad application prospects in parking management, traffic 

management, safety monitoring, etc., its ethical issues are also worth pondering. This 

technology involves gathering, handling, and large volumes of personal data, and can even 

be understood as "tracking the location and movement of people, vehicles, goods and 

services, and monitoring interactions across space." (Kitchin, 2018) 

If the user data not been properly protected, may arise privacy leaks. Therefore, it becomes 

very important to ensure this technology legal, reasonable, and ethical. 

5.3  Future Work 

Although the ALPR in this article has achieved certain research results, there are still the 

following aspects that require further in-depth research in the future: 

The design idea of the LP positioning system in this article starts from solving the problem 

of large-angle LP detection, and effectively solves the problem of LP positioning in 

unrestricted scenarios. However, the special types and functions of motor vehicle LP 

mentioned have not been processed, such as double-row yellow-bottom LP, black-white 

background LP, and there is no detection accuracy for the dots and horizontal bars in LP. In 



29 
 

subsequent experiments, the model will be improved so that the LP positioning system in 

this article can handle more types of  more accurately. 

The testing sets are all very clear pictures, and this system can achieve higher accuracy. 

However, in daily life, the application scenario of ALPR is often to capture a car that is 

moving at high speed. It may not be possible to capture a clear image that meets the needs 

of this system, and the LP recognition part will be difficult to carry out. In the related work 

part, there are many precedents that have done image preprocessing and achieved good 

results. In the future, more effective preprocessing will be carried out on this LP image 

system to improve the accuracy of detection and recognition. 

And during the test process, the predetermined scene has captured images from the 

surveillance, so the input and output are single frames. In the future, we hope to implement 

video surveillance or mobile input so that this system can be applied in more scenes. 
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