MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2022,31(2):234-240 [doi: 10.15888/j.cnki.csa.008306] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

S LN Y [t
ETREFINEEBHREZEY
AR 35, MRPSF, B, X%

(MR ITYE K5 24P, Bl 528225)

WAE1E# KM, E-mail: panjh82@qq.com

T R R SR RS A IR e R S B AR M T — R T A O
0148 (GAN) I 4 5 7 o R (5 56 S0, S 01 0k S 6 4 /M40 (1) Tl By N, 3 o
N T RS 22 OB s (2) BN T TR 535450045, RS 75 4SR5 I (R, (3) LN HE 2R HEAT I
FE, IR A R, GRS 2 1015 BT (4) 31 AJET PatchGAN Ml 5 B % M0 gl 5 fiTih v
MU, DT 5150 S 47 B R it 4 407 % 9 . St 7E-CCPD MO A b 5 H T BRAR I B AT L
I, I W A S YRR R 2 1 2 R (% LT B 1) PSNRUH SSIML 3B 51 T 26.80 A1 0.7, 17 FLFL 4 8 W2 1076
B IRV T >, A0y 0.06 s, HETTIER T 30411 SEE R0 7T 171

SRV 4 PR s L FROR LR 4 (GAN); 2% 86 4 Wit b R

Sl X R MRAASE, ] A, SOV T IR B % S0 () 2R R oy 3R B BN R 48 H,2022,31(2):234-240. http://www.c-s-a.org.cn/1003-
3254/8306.html

Super-resolution Reconstruction of License Plates Based on Deep Learning

LIU Liang-Xin, LIN Mian-Fen, ZHOU Cheng-Ju, PAN Jia-Hui
(School of Software, South China Normal University, Foshan 528225, China)

Abstract: License plate image reconstruction plays an important role in the intelligent transportation system. After
repeated experiments, a super-resolution image reconstruction method for license plates is prop&sed with the help of
generative adversarial networks (GANSs). The method mainly consists of four parts: (1) pretreatrnenf of the input image,
including image resizing and filtering of images with poor contrast; (2) image featuré extraction using a residual dense
network; (3) introduction of progressive sampling, which can prdyide a larger receptive field and more information
details; (4) introduction of a discriminator based on PatchGAN to make a more accurate judgment, which guides the
generator to reconstruct images with higher quality and more details. The comparison with a current superior algorithm on
the Chinese City Parking Dataset (CCPD) proves that the proposed model has higher PSNR and SSIM (26.80 and 0.77,
respectively) and less time of feconstructing a single-frame image (only 0.06 s), which verifies the feasibility of the
proposed approach in liéense plate image reconstruction.

Key words: super-resolution reconstruction; generative adversarial network (GAN); residual dense network; progressive

upsampling
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