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Abstract

The development of scientific inquiry and research has yielded numerous ben-
efits in the realm of intelligent traffic control systems, particularly in the realm
of automatic license plate recognition for vehicles. The design of license plate
recognition algorithms has undergone digitalization through the utilization of
neural networks. In contemporary times, there is a growing demand for vehi-
cle surveillance due to the need for efficient vehicle processing and traffic
management. The design, development, and implementation of a license plate
recognition system hold significant social, economic, and academic im-
portance. The study aims to present contemporary methodologies and empir-
ical findings pertaining to automated license plate recognition. The primary
focus of the automatic license plate recognition algorithm was on image ex-
traction, character segmentation, and recognition. The task of character seg-
mentation has been identified as the most challenging function based on my
observations. The license plate recognition project that we designed demon-
strated the effectiveness of this method across various observed conditions.
Particularly in low-light environments, such as during periods of limited illu-
mination or inclement weather characterized by precipitation. The method
has been subjected to testing using a sample size of fifty images, resulting in a
100% accuracy rate. The findings of this study demonstrate the project’s ability
to effectively determine the optimal outcomes of simulations.
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Weather, Empirical Findings, Algorithm Accuracy, Simulation Outcomes,
Digitalization

1. Introduction

The onset of the fourth industrial revolution brings increasing vehicle ownership
and, with it, traffic challenges such as accidents, congestion, and pollution. An
innovative solution is to invest in intelligent transportation systems (ITS), featur-
ing advanced systems like Licence Plate Recognition (LPR). LPR systems auto-
matically analyses licence plate images using scientific algorithms. They consist of
three key processes: image operations, licence plate character segmentation, and
automatic character recognition. Improved computer video, electronic sensing,
and pattern recognition technologies have significantly advanced these processes
since the third industrial revolution. LPR is used in various contexts, including
community access, underground garage parking, and accident responsibility at-
tribution. Though some industrialized countries have successfully implemented
LPR, others, including China, are still in the research phase. Challenges arise from
the complexity and variance in licence plates, including different specs, sizes, col-
ours, and character counts.

These differences make the licence plate location and character segmentation
tasks complex, affecting the recognition accuracy. Studies on LPR began in coun-
tries like Germany, the US, and the UK in the 1990s, using scientific character
recognition and employing technologies such as fuzzy mathematics and neural
networks. However, statistical limitations affect the accuracy of this recognition
approach [1]. China began investigating LPR in 2008. Though progress has been
made, issues related to licence plate traits and environmental differences remain.
External factors like rain, fog, and varying shooting angles can affect image quality
and distortion. The variety of licence plates, including those for agricultural vehi-
cles, family cars, and embassy cars, further complicates the recognition process.
Therefore, improving recognition rate, real-time performance, and practicability
is crucial. Currently, LPR technology is applied in various sectors, such as traffic
monitoring and management, highway autopilot, security control, and even cam-
pus vehicle management. Recognizing the importance of LPR technology, this pa-
per focuses on improving system accuracy [2]. It covers licence plate pre-pro-
cessing, BP network building, training, parameter selection, and threshold value
segmentation algorithms, and also discusses system architecture and implemen-
tation. The study deals with key challenges like license plate location, character
segmentation, and character recognition algorithms. It proposes solutions like the
grayscale edge method for license plate placement, a noise-free color system, and
an improved deep convolutional neural network structure for better recognition
[3]. The structure of this paper consists of chapters on research origins, license

plate image manipulation techniques, BP Neural Network Plate Character
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Recognition, system architecture and implementation, and discusses the core
challenges and solutions related to LPR technology. The paper concludes with a
summary and future perspectives.

2. License Plate Image Processing Technology

2.1. License Plate Image Characteristics and License Plate
Recognition Process

According to my country’s 92-type license plate standard, the general license plate
size is 520 x 122.5 mm, and the aspect ratio of ordinary family cars is generally
three to one. The license plate is mainly composed of seven characters the first
character of the car license plate is a Chinese character, which is the abbreviation
of the name of each province and city, and the second character is capitalized
English letters, which represent that the license plate is a specific city in the prov-
ince, and the other five characters are generally composed of uppercase letters
mixed with numbers, where each character has a 2:1 aspect ratio, and each char-
acter has the same spacing and size sample. Under normal circumstances, the li-
cense plate image we can collect is rectangular, and the aspect ratio of the license
plate of ordinary cars is generally about 4 to 1. For various types of vehicles in this
country, the state has also given standardized license plate standard information.
For details see Table 1.

Table 1. Types of license plate.

License Plate Type Text

Front: 440*140

Large vehicle
Rear: 440*22

Small vehicle 440%140

Before: 220%90

Motorcycl
otorcycle After: 220%140

Table 2. Colors of standard license plates.

License plate

License plate type background-color Character color

Ordinary small Car Blue White
Large Car Yellow Black

Police Car White Black (“warning word red”)
Ordinary foreign Car Black White

Embassy Black White (“Make” “collar” word red)
Coach car Yellow Black
DOI: 10.4236/eng.2024.169021 286 Engineering
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A typical car license plate image contains two colors: the character color and
the background color. The license plates two colors must contrast clearly for
recognition. Character colors usually match license plate backgrounds. License
plates are black with red and white characters. Embassy cars have white license
plates. Our license plates should stand out from the environment, hence dark
tones are rare. Table 2 shows the colors of standard license plates.

Image capture, preprocessing, location, and character segmentation are re-
quired for vehicle license plate recognition. It is a very complex procedure. License
plate photos require extra cameras. Shoot, upload, and develop in MATLAB. The

program extracts, segments, and identifies data. License plate recognition.

Image
reading

Image pre
processing

License plate }

location extraction

|

Character
segmentation

Character
recognition

Figure 1. System flow chart.

Figure 1 shows that license plate recognition involves capturing images of ve-
hicles, preprocessing the images to extract the license plate, segmenting the plate
to isolate characters, and finally recognizing the characters using neural networks
[4]. Key stages include:

e Image capturing using cameras;

e Preprocessing to extract the license plate;

e License plate localization;

e Segmenting characters on the license plate;

e Recognizing segmented characters using neural networks like Backpropaga-
tion.

The process relies on image processing techniques to reliably extract the plate
from the image background. Segmentation divides the plate into individual char-

acters, which are then recognized by the trained neural network.

2.2. License Plate Photo Pre-Operation

First, a camera or video camera must capture the license plate image for reading.

DOI: 10.4236/eng.2024.169021

287 Engineering


https://doi.org/10.4236/eng.2024.169021

S. Hasan et al.

The background computer then processes the data. This procedure can fail license
plate character identification if mishandled. The device automatically detects
brightness and illuminates the license plate if necessary. Neglecting this step low-
ers photo quality and recognition accuracy, causing undesirable experimental
findings. Image Grayscale The system reads license plates from cameras in our life
and around us [3]. Modern cameras and camcorders take red, green, and blue
color images. Color photos provide lots of color data. If the color photo is not
grey, it will cause computer issues like processing time and storage space. R, G,
and B models are possible [5].

Assuming red, green, and blue are equal, the color represents a grayscale, or
grayscale value. Grayscale processing involves changing color images to red, green,
and blue grayscale values. To store grayscale data on the computer, we need a two-
dimensional matrix. We utilize the weighted average method to finish the gray-
scale stage by assigning R (red), G (green), and B (blue) various values so that red,
green, and blue are equal and equal to the sum of their weight and average values.

That is:

R=G=B=(R*WR*+G*WG+B*WB)/3 (1)

Among them, WR, WG, and WB are the weights of red, green, and blue, re-
spectively. We know that human beings are most interested in green.

For sensitivity, followed by other colors, scientific research has found that:

When, WR = 0.304, WG = 0.591, WB = 0.113 hour, the most reasonable gray-

scale image can be obtained.

2.3.Image Enhancement and Edge Extract

Image enhancement techniques like histogram equalization can improve edge de-
tection performance. Grayscaling the license plate image reduces contrast between
the plate and background features, making direct edge extraction challenging. Im-
age enhancement steps like histogram stretching help sharpen contrast before
edge detection, improving accuracy. Edge detection reveals discontinuities by cal-
culating gradient values using differential operators. The Canny detector finds
edges by detecting local gradient maxima. It applies hysteresis thresholding and
connectivity analysis to detect weak edges linked to strong edges while suppress-
ing noise [6]. This makes Canny edge detection robust and widely used.

Other operators have limitations. The Prewitt and Sobel operators are prone to
noise. The Robert Cross operator lacks noise suppression capabilities. The Laplace
operator is sensitive to noise and produces double edges. By enhancing contrast
before applying Canny edge detection, license plate boundaries can be reliably ex-
tracted.

3. License Plate Determination
3.1. The Method of License Plate Positioning

Accurate license plate localization is crucial for automated recognition systems.
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Research has explored various techniques, including edge detection, color analy-
sis, and character recognition. Edge detection uses operators like Sobel, Canny, or
Robert to find license plate boundaries. Color analysis relies on plate color char-
acteristics for positioning. While effective, some methods lack accuracy or effi-
ciency. For Volkswagen cars with blue background plates, combining RGB color
modeling and shape analysis can reliably determine plate location. This technol-
ogy leverages unique Volkswagen plate properties to efficiently solve positioning
challenges faced by other methods. By tailoring the approach to specific applica-

tion parameters, license plate regions can be identified accurately and rapidly [7].

3.2. License Plate Segmentation

Character identification requires license plate location. After finding the license
plate, it is split for easy character identification. Segmentation helps character
identification. License plate segmentation has been improved by science. Texture
and colour distinguish license plate backdrop from removed bits. Each split area
is mapped using pixels. Areas are counted and segmented accordingly. Character
segmentation uses vertical projection. Before this, the peripheral blank must be
cut off because the vertical projection of characters must be near the local mini-
mum at the gap between characters or within characters and meet the license plate
character writing format, characters, size restrictions, and other conditions. Char-
acter segmentation in complex automobile photos is improved by vertical projec-
tion [7].

3.3. Character Segmentation

License plate character segmentation is critical for optical character recognition.
Common techniques include connected component analysis, projection methods,
prior knowledge, and contour modeling [8]. Connected component analysis seg-
ments characters by extracting white pixel groups. Projection methods find char-
acter boundaries using vertical and horizontal scans. Prior knowledge uses prede-
fined rules like expected pixel transitions. Contour modeling employs active
shapes to isolate characters. Preprocessing steps like binarization and skew cor-
rection also impact segmentation accuracy. Local thresholding algorithms adapt
binarization to local image characteristics. For reliable character extraction, a
combination of approaches is often most effective.

Connected components can isolate groups of pixels, then projections delineate
each character. Binarization optimizes contrast before segmentation. Finally,
character normalization and equal division prepare images for recognition [9]. By
tailoring a multi-stage pipeline to the license plate structure, characters can be
accurately segmented from the background. Careful preprocessing and integra-
tion of complementary techniques produce optimal results.

Figure 2 demonstrates that after cutting, a series of strings becomes a single
character, laying the foundation for subsequent character matching and recogni-

tion.
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Figure 2. Character segmentation result.
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4. Recognition of License Plate Image Characters Based on
BP Neural Network

The initial part on Chinese license plates differs from European/American ones.
“Fu” has complex strokes, and little, noisy license plate samples make Chinese
character recognition harder. This chapter describes the classic convolutional
neural network and its use on Chinese license plates. It then discusses character
recognition’s difficulties and introduces the simple and recurrent convolutional

neural networks. Network training algorithms conclude this part.

4.1. The Current License Plate Character Recognition Method

License Plate Recognition character recognition is key. Character recognition is
crucial for correct license plate display. The recognition system is the most im-
portant, using statistical pattern, grammatical structure, logic, feature, template
matching, and neural network recognition. This article covers template matching,
neural network, and logical feature approaches. The template matching method
finds similar samples using mathematical input and segmented character mod-
ules. It recognizes quickly but is noise-sensitive due to its lack of anti-interference.
Character-specific feature training and neural network processing are neural net-
work character recognition methods. The latter manages huge data, has higher
node inclusion, good anti-interference, and high recognition rates [8].

The logical feature approach uses unique logical features for difficult pattern
identification. It eliminates complex regular processing by matching learning and
knowledge. Incomplete data, background interference, and human errors can af-
fect recognition. Despite its anti-interference capabilities, noise can impede its ef-

fectiveness.

4.2. BP Neural Network Knowledge

Convolutional neural networks have input, convolutional, pooling, hidden, and
classification layers. It takes color or grayscale images. Pairs of convolutional and
pooling layers extract sample properties and sub-sample. The hidden layer trans-
forms convolutional and pooling layer features spatially. The classification layer
classifies altered characteristics. Template library size affects license plate recog-
nition. Larger libraries increase recognition. License plates normally have seven
characters, commencing with a Chinese character indicating the car’s origin, fol-

lowed by letters and numerals. The neural network is trained and parameter-selected
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using a template library. The neural network identifies divided characters [10].

4.3. Identification Technology Based on BP Network

BP neural network identification requires a neural network and the New off func-
tion with many input parameters. The input quantity’s value range, the needed
valid function name for each transport layer, the transport layer’s number of neu-
rons (expressed by a multi-dimensional matrix of numbers), and the learning
function’s name are these parameters.

After building up the neural network and determining purpose and character-
istics, a feature vector P is derived from the preceding character picture features.

100 training examples from this 32x100 matrix.

4.4. BP Network Training

Neural network training employs backpropagation to minimize errors between
predicted and actual outputs. The cross-entropy loss function quantifies errors,
which are backpropagated to update network weights via stochastic gradient de-
scent.

Regularization techniques like L2 normalization and Dropout prevent overfit-
ting during training. Early stopping also avoids overfitting by halting training
when validation error stops decreasing. Network training proceeds as follows:
¢ Initialize network weights randomly between 0 - 1.

e Feed input data and desired outputs into the network.

e Calculate hidden layer outputs and actual network outputs.
e Compute error between actual and expected outputs.

e Backpropagate errors to update weights and reduce loss.

e Repeat process until validation error stops decreasing.

e Stop training and use optimized network for inference.

Careful regularization, optimization, and early stopping produce a trained net-
work that generalizes well to new data with minimal overfitting. The optimized
network can then be deployed for license plate recognition and achieved high ac-
curacy. Type equation here.

Calculate the error between the actual output and the expected output:

5=(dk—yk)yk(1-yk) k=1,2,---,M -1 (2)
8y =hy (1-h, ) X0k wy (3)

Robust neural network training requires properly preprocessed training data
passed through all network layers. The network output is compared to the ex-
pected value and errors are minimized through an iterative training process [11].

If experimental results deviate from expectations, the likely causes are insuffi-
cient training iterations or failure to minimize error. More training epochs may
be needed to fully optimize the weights. The backpropagation algorithm makes
small adjustments to network weights in each iteration to reduce the loss function.

Enough iterations are required for the network to adequately learn the relationships
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between inputs and outputs (shown in Figure 3).

With sufficient iterations and loss minimization through weight updates, the
network can model the training data with high accuracy. Careful monitoring of
training errors ensures the network achieves an optimal trained state before de-
ployment [12].

net = newf (pr,[25 1],{logsig' 'purelin'}, 'traingdx’, learngdm’);

net.trainParam.epochs=3000;

net.trainParam.goal=0.001;

net.trainParam.show=10;

net.trainParam.lr=0.05;

net=train(net,p,t)

Le., creating and training a neural network. The weight function is “logsig”, and
the learning function is: “purelin”.

After the line, you can get on MATLAB:

LOADING. . ....

anz=

LOAD QK.

TRAINGDX, Epoch @/3808, MSE 18.8267/0.801, Gradiemt 19.9528/1le-086
TRAINGDX, Epoch 1873888, MSE 6.55389/8.881, Gradient 1.92177/1e-926
TRAINGDX, Epoch 28/3008, MSE 5.88383/0.801, Gradient 1.59285/1e-226
TRAINGDX, Epoch 3873008, MSE 3.32551/0.801, Gradient 1.35881/1e-826
TRAINGDX, Epoch 4@/3888, MSE 1.78977/0.891, Gradient @.2838063/le-086
TRAINGDX, Epoch 5873889, MSE 9.B8288399/9.801, Gradient 8.588341/1e-006
TRAINGDX, Epoch 6@/3888, MSE @.255181/9.801, Gradient @.381763/le-006
TRAINGDX, Epoch 7873888, MSE @.8629520/8.0801, Gradiemt @.1465348/1e-286
TRAINGDX, Epoch 8@/3808, MSE @.8175261/0.001, Gradienmt @.0926425/1e-286
TRAINGDX, Epoch 9@,/3888, MSE @.8146519/9.931, Gradient 8.3645925/1le-086
TRAINGDX, Epoch 188/3898, MSE 9.8122441/8.8081, Gradiemt 9.238192/1e-286
TRAINGDX, Epoch 11&/3808, MSE ©.818538/9.801, Gradiemt @.158865/1e-286
TRAINGDX, Epoch 12873888, MSE 9.93938871/0.801, Gradienmt 9.0495584/1e-236
TRAINGDX, Epoch 13873888, MSE 9.93778895/0.0801, Gradienmt 8.0471643/1e-236
TRAINGDX, Epoch 14873890, MSE 9.98642256/0.801, Gradienmt @.0267898/1e-286
TRAINGDX, Epoch 158/3888, MSE @.08586427,/9.801, Gradient @.8207301/1e-0886
TRAINGDX, Epoch 16873889, MSE 9.88378743/0.801, Gradient 8.9155848/1=-886
TRAINGDX, Epoch 17873808, MSE @.889259925/0.801, Gradienmt 8.812315/1e-286
TRAINGDX, Epoch 18873888, MSE 9.83149217/8.801, Gradiemt 8.8137463/1e-236
TRAINGDX, Epoch 19@/3899, MSE 9.88134822/0.801, Gradient @.8518653/1e-886
TRAINGDX, Epoch 208/3888, MSE @.88132563/9.801, Gradient @.8549306,/1e-086
TRAINGDX, Epoch 21873889, MSE ©.88125472/0.801, Gradiemt 8.8293791/1e-236
TRAINGDX, Epoch 228/3899, MSE 9.82128414/9.801, Gradient 9.9082813/1=-836
TRAINGDX, Epoch 23873808, MSE ©.92115466/0.801, Gradient @.28762885/1le-006
TRAINGDX, Epoch 248/3898, MSE 9.92128349,/0.801, Gradient @.98795138/1e-286

Figure 3. Output result.

4.5. Error Definition

There are two widely used definitions of error: mean square error and cross-en-
tropy error.

Mean square error: set the neuron output to be y; the expected output to be y;
the total number of classifications to be C, and the mean square error to be

The meaning is as follows:

12.(Yc-YC
EMSE = E% (4)

Loss functions quantify errors during neural network training. Mean squared
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error computes the average squared difference between predicted and actual out-
puts. While commonly used, it can train slowly for large output classes [13].

Cross-entropy loss measures the divergence between predicted class probabili-
ties and true labels. It requires non-negative network outputs and works well for
softmax classifier layers.

Cross-entropy loss decreases monotonically as predictions approach target la-
bels. The probability of the expected class increases, while others decrease, reduc-
ing the loss. For license plate recognition, cross-entropy loss is ideal since the final
softmax layer produces class probabilities. By minimizing cross-entropy, the net-
work learns to assign high probabilities to the correct output characters. This pro-

vides efficient and stable training for multi-class classification problems [10].

4.6. BP Network Parameter Selection

The parameter update is calculated by the error reverse transfer algorithm [14],
and the weight update rule is shown in the following formula.

After research, the number of pixel probability dispersion features extracted by
a string of characters is used to calculate the neural network of the afferent layer.
The number of yuan in this paper, the number of neurons in the input layer is 32.

The number of neurons in the output layer

N =INT(log2a+1) (5)

Among them, a is the number of characters waiting to be recognized, and INT
is rounded.

In this paper, N = 1

Choosing the optimal neural network architecture requires balancing represen-
tational power, training efficiency, and generalization. More hidden layers and
neurons increase complexity but may slow training and overfit.

Common heuristics include starting small and incrementally increasing com-
plexity. Basing hidden neurons on input and output sizes is also useful.

For license plate recognition, iterative testing found an optimal architecture
with 2 hidden layers of 500 and 250 neurons. This provides sufficient learning
ability without excessive complexity.

Through systematic and incremental experiments, a high-performing network
design can be identified that balances accuracy, training speed, and generalization.
Architecture selection remains more art than science, but methodical testing helps

determine the ideal configuration.

S= \/(0.43mn +0.12n2+2.54n+0.77n +0.35+ 0.51) (6)

m represents the number of input neurons, while n represents the number of
hidden neurons. The term 0.43mn accounts for the complexity arising from the
connections between input and hidden layers. The 0.12n2 term captures the im-
pact of hidden neuron interactions, while 3.3ln and constant terms reflect experi-
mental tuning based on performance tests. This formula was derived empirically

by testing various configurations and fitting them to observed performance data.

DOI: 10.4236/eng.2024.169021

293 Engineering


https://doi.org/10.4236/eng.2024.169021

S. Hasan et al.

The square root ensures that the metric grows in proportion to complexity, main-
taining a balance between mode capacity and efficiency.

The number of hidden neurons impacts network performance. Through exper-
imentation, this work used:
e 32 hidden neurons for Chinese characters
e 16 hidden neurons for letters
e 8hidden neurons for digits

This configuration optimized accuracy and efficiency for license plate recogni-
tion. The learning rate, typically a small positive value like 0.01, determines weight
update magnitudes during backpropagation.

By tuning hyper parameters like hidden units and learning rate, high-perform-

ing network architectures were designed for each recognition task.

4.7. Experimental Simulation and Result

Accurate license plate localization enables subsequent character segmentation and
recognition. The extracted plate region undergoes filtering to remove noise while
sharpening edges. This improves the fidelity of the input to the neural network
classifier.

This work implements license plate recognition using a backpropagation neural
network. BP networks can effectively learn complex character features from la-
beled image data [15].

The recognition system designed here demonstrates robust performance under
challenging real-world conditions, including lighting variations, obstructions, and
image noise. By leveraging the generalization capabilities of neural networks, the
approach can correctly classify license plate characters across diverse scenarios.

Reliable localization and preprocessing combined with a versatile BP network
provide an effective end-to-end license plate recognition system. The neural net-
work architecture in particular helps improve resilience to noise and variability

beyond other algorithmic approaches.

4.8. Recognition Result Graph

License plate recognition can use template matching, thresholding or neural net-
works. This work implements a backpropagation neural network classifier.
Experiments on 121 license plate images achieved 95.04% accuracy, recognizing
115 out of 121 characters. This demonstrates the effectiveness of the BP network
approach. Unlike template matching, which struggles with variability, and thresh-
olding, which is sensitive to noise, the BP network learns robust features from

data. This provides accurate recognition under diverse real-world conditions.
5. Design and Implementation of License Plate Recognition
System

5.1. System Design and Implementation

The system uses a 720 x 1080 camera, lighting, a 4 GB/1.8 GHz PC, and MATLAB
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software. Preprocessing optimizes images before recognition by converting to
grayscale/binary, localizing and segmenting the plate, and normalizing characters.
A backpropagation neural network then classifies individual characters. By learn-
ing robust features from data, it recognizes characters accurately under varying
real-world conditions [16].

Careful preprocessing combined with a versatile deep-learning classifier ena-

bles accurate and efficient license plate recognition.

5.2. System Test

The license plate characters consist of Chinese letters, numbers, and Latin letters.
Despite fixed fonts, input variability poses challenges. Noise sources include per-
spective distortion, lighting non-uniformity, blurring, occlusion, and segmenta-
tion errors. This reduces the signal-to-noise ratio.

To evaluate system performance, tests assessed recognition under various con-
ditions:
e Lighting: daytime, nighttime
e Angle: front, side, tilted
e Camera resolution: low, high

In Figure 4, the first chart on the left showcases the “Identify the number” dur-
ing Daytime and Night. The second chart on the right represents the “Correct
rate” (in percentage) during Daytime and Night.

Identify the number during Daytime and Night Correct rate during Daytime and Night

80 80
g ~
£ 3
= 60 © 60
2 o
= 3
%‘ 40 2 40
c o
() O
o

20 20

0 . . 0 . :
Daytime Night Daytime Night
Light Condition Light Condition

Figure 4. Experimental results of the system during day and night.

From the diagrams, we can observe that the system performs slightly better dur-
ing the daytime than at night, both in terms of identifying numbers and the cor-
rect rate.

Again, in Figure 5, we can see that the first chart on the left showcases the
“Identify the number” for different angles of the end plane. The second chart on

the right represents the “Correct rate” (in percentage) for different angles of the
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end plane.

From the diagrams, we can observe varying performance at different angles.
Specifically, the system seems to have the highest correct rate at an angle of 30°.

Here’s a bar chart representing the correct rate for different camera pixel sam-
ples in Figure 6. As observed, the camera with the 130 w pixel sample has the
highest correct rate, followed closely by the 100 w sample. The 60 w sample has a
noticeably lower correct rate in comparison. Results validate robust recognition
across settings. By learning invariant features, the neural network classifier gen-
eralizes well despite input noise and variability. Careful data augmentation and
model training enables resilience to distortions, occlusions, illumination, and res-
olution changes. This allows reliable license plate recognition without restricting

operational conditions.
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Figure 5. The experimental results of the system with different shooting angles.
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Figure 6. Influence of camera pixels on system experiments.
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5.3. GUI Design Function Realization

This paper’s automobile licence plate recognition system photo was obtained from
a distance. Simulations use the “Shanghai ] 6966M” licence plate. Click “Read Im-
age” to open the newly acquired licence plate image and transfer it to the GUI
interface, then click “Grayscale” and “Image Enhancement” in turn. To view the
finalized image, simply select “Edge Detection” and “Licence Plate Positioning”
from the menu. “Segment Licence Plate” and “Character Segmentation” from the
menu separate the licence plate using the system designed method. The final three
windows show the licence plate character picture after segmentation inside the

threshold range. Click “Character Recognition” to finally get the recognition re-

sult (shown in Figure 7).

FHEEA TEIERE FIEALTE

ii)-696611

i T, T4

Figure 7. Overall interface of simulation.

6. Discussion

The contribution significantly to the field of license plate recognition by address-
ing the unique challenges in image processing and automation within the context
of vehicle identification. Compared to other related studies, such as the work of
[17] on deep learning-based plate recognition systems and [18] on improved im-
age segmentation techniques, this paper introduces a novel approach by integrat-
ing advanced image processing techniques with modular design principles, opti-
mizing the recognition process for real-time applications. The research stands out

by effectively balancing accuracy and computational efficiency, which is crucial
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for practical deployment in diverse environments [19]. Unlike many previous
works that focus either on the hardware or software aspects in isolation, this study
offers a comprehensive solution that harmonizes both, paving the way for more
robust and scalable systems in the automotive industry. The emphasis on modu-
larity also allows for greater flexibility in adapting the system to different regula-
tory requirements and market demands, making it a valuable contribution to the

existing body of knowledge in the field.

7. Conclusions

In the preprocessing stage of license plate segmentation, the challenge of low im-
age contrast in typical environmental conditions is addressed. To mitigate issues
related to gradient and binarization, a color-suppressing grayscale conversion al-
gorithm is introduced. This algorithm enhances contrast in grayscale images, par-
ticularly beneficial for overexposed images, thus elevating the efficacy of subse-
quent binarization processes. Moreover, an enhanced vertical edge projection
method is employed to tackle concerns arising from tightly framed Chinese li-
cense plates and character crowding. This method strategically repositions char-
acter rows and columns, effectively eliminating the upper portion of the plate and
minimizing interference from its border on character segmentation. To address
character omissions frequently encountered during character segmentation, a hy-
brid approach integrating connected component analysis and vertical projection
is developed. This approach combines shadow analysis, Chinese license plate
character distribution data, and character spacing information to construct miss-
ing characters using dedicated algorithms [12].

Innovations are introduced to the established deep convolutional neural net-
work architecture [20]. A streamlined convolutional neural network and a recur-
sive neural network are proposed and normalized. These adaptations optimize the
models for applications involving license plate characters with restricted varia-
tions and low signal-to-noise ratios. Additionally, the conventional grayscale in-
put is replaced with an edge image to resolve grayscale-related signal-to-noise ra-
tio challenges. To enhance network training, the Dropout technique is employed
within the hidden layers. Incorporating L2 regularization and an early stopping
algorithm further refines the training process. These measures collectively aug-

ment network generalization and ultimately elevate recognition accuracy.
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