29 % 4
2019 44 J

HTENMKRSEZR

COMPUTER TECHNOLOGY AND DEVELOPMENT Apr. 2019

EREERBS BEERTR

o 35 45 R, Bl
(A3ME KT, LG & 330063)

7 E TSR PR (LP) BUR AR IR T dUR W IR B 2] AR B B R RSB - e S AR 55 h 4R T
— ST M 25 [ 45 ( CNIN) 1Y) BRI 3 R 26 Rt L1 8 40 R i 4 (SR ) B3 (LPSRCNN) | X ) e 5 4 i 26 42 i R 45 o
FITUAL L, A FH X = YA (R 12 Bicubic X EUG 42 MRS HEAT T SR AE 5 T _LSRAEAS BRI IR MR R /N —RE IR 43 3 %
D RS A'E Sy Do 46 1) s N PRV 3 3o Y g A U 28 P 8% 2 S U B 2 L TR R 1 039 %6 7 R TR 4 22 ) v ke St
RFR IS 56 2 4t T S 00 1 2 B B R A SRR . AR B AT IR 45 2R 5 W = 0 3 A ok R - 2 ] 7 ik AT L
B G R RIS 2 19 VB R T L (PSNR) # 5 T 3X PR ik o Wi 7 ik I FH 300 8 A 42 R R4 R 43 W 38 T e [l R v, 7T
DIARIUCRE =5 i 45 15 B S BT AP B8 RCR SR B T R A 42 R IR (50RR A e i AT 55

KRR EUSB AR ; N RIG TR 2 o s B & M %%
hE 45 %ES.TP301.6 HERFRIRAD A
doi:10.3969/j. issn. 1673 -629X.2019. 04. 039

XEHS1673-629X(2019)04-0195-05

Study on Reconstruction of Overall Image of License Plate

NI Shen-long,ZENG Jie-xian,ZHOU Shi-jian
(Nanchang Aeronautical University ,Nanchang 330063 , China)

Abstract; In order to enhance the overall reconstruction effect of low—resolution license plate (LP) images, applying the idea of deep
learning into the super-resolution reconstruction of license plate images, we propose a super—resolution algorithm based on convolutional
neural network (CNN) for single license plate image, referred to as LPSRCNN. The original high—resolution license plate image is pre-
processed ,and the low-resolution license plate image with the same size as the original image is obtained after the Bicubic interpolation
Bicubic sampling of the original license plate image. The trained convolutional neural network is used to directly learn the mapping rela-
tionship between low-resolution license plate image and high—-resolution license plate image ,and the reconstructed high—resolution over-
all license plate image is output based on the mapping relationship. Compared with the Bicubic interpolation method and the dictionary
learning method, the results show that the PSNR is higher than that of the two methods. The method of deep learning is applied to the
problem of super—resolution reconstruction of overall license plate image, which can obtain more details and better visual effect, achieving
the task of enhancing the super resolution of the overall license plate image.
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