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An Efficient License Plate Recognition System Using
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Department of Electrical Engineering
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ABSTRACT

In recent years, license plate recognition system has become a crucial role in the
development of smart cities for vehicle management, investigation of stolen vehicles,
and traffic monitoring and control. License plate recognition system has three stages,
including license plate localization, character segmentation, and character recognition.
Up to now the license plate recognition system has been successfully applied to the
environment-controlled smart parking system, however it still raises many challenges
in the surveillance system such as congested traffic with multiple plates, ambiguous
signs and advertisements, tilting plates, as well as obscure images that are captured
during bad weather and poor light conditions. In this thesis, we propose an efficient
license plate recognition system that first detects vehicles and then retrieves license
plates from the detected vehicles to reduce false positives on plate detection.
Thereafter, the technique of convolution neural networks is applied to improve the
character recognition accuracy from the blurred and obscure images. The experimental
results show the superiority of the performance in the proposed method as compared to

the traditional license plate recognition systems.
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% 46 BHBFY R
Method ofN:arrr:]t;)elgs Pattern of Samples Accuracy
template matching [5] 1,176 various scene and condition 93.1%
template matching [6] 180 N/A 95.7%
template matching [9] 2,340 diffeirﬁza]vi\/ﬁ:ttigir and 98.6%
multi-template matching [11] 400 N/A 97.2%
Kirsch edge detection [15] 2,000 outdoor, Stopped vehicle 92.7%
SVM-binary tree [21] 300 outdoor, Stopped vehicle 95.2%
SVM-OAR + binary tree [22] 260 N/A 91.9%
SVM [23] 1,000 N/A 98.2%
SVM-binary tree [24] 700 N/A 96.0%
K-means + SVM [39] 1,530 roadside, moving vehicle 98.9%
Our proposed CNN model 5,851 roadside, moving vehicle 99.2%

4.5 7 B B
AR RN I MRS LR R RS IR 4
24T s
B im0 R B g i iR F iR
S 774 486 5,851
5. ip] 744 458 5,803
7R 96.12% 94.24% 99.2%
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