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Blurred License Plate Character Recognition Algorithm Based on
Deep Learning
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School of Electronics and Information Engineering, Lanzhou Jiaotong University, Lanzhow, Ganswu 730073, China

Abstract With the construction of urban smart parking lots and the popularization of automatic toll collection
systems at high-speed intersections, license plate recognition technology based on deep learning has been widely
used. In order to solve a large number of blurred license plate character recognition in reality, a character free
segmentation license plate character recognition algorithm based on improved CRNN + CTC (Recurrent Neural
Network/Convolutional Neural Network-Connectionist Temporal Classification) is proposed. Firstly, the standard
CNN in CRNN is changed into a micro-modified model of deeply separable convolutional network. Bi-directional
long-term and short-term memory network is adopted in RNN, and CTC loss is introduced to train it. Secondly, in
order to avoid the overfitting phenomenon in the training process, 1.2 regular term is added into the loss function and
the training dataset is added. Finally, a batch normalization algorithm is introduced to accelerate the learning speed
in the training process. Experimental results show that the proposed algorithm is applied to three experimental test
sets. Experimental results show that compared with other methods based on complex environment, the proposed
algorithm improves the average license plate recognition accuracy, recognition accuracy and speed on the three
experimental test sets, and the robustness and generalization ability of the network are also stronger.
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Fig. 1 CNN configuration diagram. (a) Depthwise separable convolution bolck; (b) CNN structure
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Dateset Training set Validation set Test set
GAN-LP 12200 980 7406
Reldvl 2500 0 500
CCPDv1 3000 0 1000
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Fig. 4 Sample dataset example. (a) Samples of GAN_

LP ; (b) samples of Reldvl; (c¢) samples of CCPDv1
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Table 2 Hyper parameters setting
Parameter Setting
Base_Ir 0.001
4 0.1
Lr_policy Multistep
Active_fun RelLU
Iterations 2x10"
Type SGD
Weight_decay 0. 0005
Momentum 0.8
BN Yes
Batch_size 64
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Table 3 Comprehensive experimental results of improved

CRNN+CTC network unit: %
Dataset GAN-LP CCPDv1 Reldvl
ACRR 97.6 97. 8 98.2
CCRR 95.1 93.3 95.7
S ra 96. 8 96. 9 97.8
Sera 97.1 97.2 98. 4

M 3T LIEF],ACRR #F GAN-LP izt 4
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Table 4 Experimental comparison results
GAN_LP CCPDv1 Reldvl
Method
RAY CRAY% T /ms RAY CRAY% T /ms RA% CRAY% T /ms
Traditional™'"! 84.2 77.3 25 83.4 74. 2 31 85.5 75.7 32
LPR-Net-"™ 94. 3 92.7 62 87. 4 86. 6 72 88.5 86.3 46
CRNN+CTCH 96.9 96. 2 416 97.1 96. 3 48 96. 4 97.0 44
Ours 96. 8 97.1 29 96.9 97.2 33 97.8 98. 4 37

M 4 AT LAE B, 3 T 545 20 BB AL 58 4 R
55 R LPR-Net! ™ 55 9k S A5 508 7 4 1) 42 it
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