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Abstract

Recognizing car license plates in images of natural scenes is an important and challenging task.
Many existing methods perform well for license plates collected in fixed scenes, but their perfor-
mance degrades significantly in complex environments such as tilted license plate angles, too
bright or too dark light intensities, and blurred images. In this paper, we propose an improved
convolutional recurrent neural network license plate recognition model by adding Ghost Block
and Convolutional Block Attention Module (CBAM) module to the network, which can improve the
richness of license plate character feature extraction while weighting the license plate character
features in channel and spatial direction to improve the accuracy of the model for license plate
character recognition. Finally, the effectiveness of the model proposed in this paper is verified by
experimental evidence.
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Figure 1. The general framework of license plate recognition model in this paper
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Figure 2. LSTM model framework structure
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Table 1. The situation of each sub-dataset in the dataset CCPD
= 1. BHEE CCPD hEFHIBEIBERE

TR A4 R Eitipuy P S
CCPD-Base Fm R R 200 k
CCPD-FN TR R B AR SK AT TR B A e s i 20k
CCPD-DB X E BT B s AR5 20k
CCPD-Rotate FEWUKPFRE 20 B 50 &, BEEBUR-10 F) 10 & 10k
CCPD-Tilt AR 15 31 45 B2, B EMIARL 15 3] 45 FF 10k
CCPD-Weather EEW S Z RIPESE 3 10k
CCPD-Challenge TE 2R ARSI R AT 55 F s oA Bt vy s Ay 10k
CCPD-Blur I TSRV Kl BRI 2 i P 5k
CCPD-NP B 2R R E AR By 5k
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Table 2. Software and hardware parameters of the experimental platform

=2 IR FENREHRSHR

T H ZH
BIERSR Ubuntu 18.04.6 Linux
GPU NAVIDA GTX 2080Ti
RAM 16 G
TREE S SIHESR Keras + Cudall.0
FEES Python3.6
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Figure 3. Loss curve during model training process
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3.5. {EBGRFIBCREIE

N T IGIEA IR ) LSTM-Ghost-CBAM FERUIPERE, AT 3.1 715 b ik i Bt e x i A kAT
MR, 5 LSTM. LSTM-Ghost. LSTM-CBAM =FpEEMR BT, HA LM ERIFTE 77/ (8
FEDLFYHABET RIS, RN S5 R A AR IETRR, SRIR I alas Rk 3 fos.

Table 3. Experimental results of different license plate recognition models on a subset of CCPD data

= 3. FREIFRIRFIEEE CCPD HEFE LKA R %

o — DB Tilt Challenge YRS
LST™M \ 65.5 64.7 45.0 60.2
LSTM-Ghost 74.8 68.7 58.4 69.2
LSTM-CBAM 80.8 71.5 65.0 76.0
LSTM-Ghost-CBAM 82.5 79.0 65.3 77.3

%3 R sLIR S R RN, A LSTM AL CCPD g 5 b A IRRS 5 (KT LSTM-Ghost A5 %4 1
LSTM-CBAM 8 (ARG FE, 1% 2 K124 Ghost BEH AT LASE i RFAE B A0 58 884, CBAM BB n] DLTE
A TE 7 1) A1) ) K S AR O IR A EAT AL, DAL E R 4R v B 2R 1) BN AR U ME R, A
T3 1 25 R AR I B AR B . ] LSTM-Ghost-CBAM A4 7E CCPD $#i 4 b i ks /5 B T HAh =
AR RS FE, IX P0H] Ghost BRI CBAM 1k 5 N4 F A8 1% 2 35 14 1) 2 1S 200 22 R 1)y (1R
R FE o
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SEEG, MR T YRS FE 20 59 82.5% 79.0%F1 65.3%. SZE&LE B R BIA ST IR R A S R I, AE
S8 RAE IR B 2437 B (R ORI 55 o (B il PSR A I BAE S b b Se o i R8540, “ie” 53
96%, 1M MAREHE 4 IE A I AR £ B I SO R/, SEIRERAR R S I EIh X ER, ¥
e RS 52 o BRI, R SR T DI I SR AR B 22 1 4 IR 1T 45 31 SCH A e s BRI m R
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