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Abstract: A multi-scale regional attention InfoGAN license plate recognition network is proposed
for difficult recognition of license plate images that are skewed, obscured, distorted, or blurred.
First, a multi-scale regional attention license plate super-resolution module is proposed based on
the InfoGAN framework. Mutual information constraints on color distribution and character
structure features are introduced to improve the network’s discriminant performance in different
feature dimensions. Key character features in distorted and blurred low-resolution license plate
images are reconstructed. Second, in the absence of the location label information of license plate
characters, the license plate characters and background in the global feature map are decoupled by

a multi-scale region attention mechanism to progressively weight different regions of the feature
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map at different scales, improving the network’s performance to focus on the saliency of charac-

ter regions and resist the interference of background noise regions. Finally, a multi-scale semantic

license plate character extraction module is proposed to decode and recognize the character fea-

tures in the reconstructed license plate image. Both the self-built XAUAT-Parking dataset and

the publicly available CCPD dataset are used for license plate recognition accuracy experiments.

The experimental results show that the proposed network has an average recognition rate of 99.
3% for the CCPD dataset and of 99. 2% for the self-built dataset. The research results show that

the network features accurate license plate recognition and great robustness in complex scenes.

Keywords: license plate recognition; attention mechanism; super-resolution; generative

adversarial network
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Fig. 1 Multi-scale regional attention license plate image recognition network
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Fig. 3 License plate generator network based on codec structure
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Fig. 4 Semantic supervision-based multi-dimensional license plate discriminator
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Table 1 Detail of CCPD dataset
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Table 2 Quantitative effect analysis of each module in the license plate recognition network

- WUIME R 2%/ 0%

7 AV ¥ 7 8 fir & (0, % ft 1R 5 7 gt
CFEM 93.6 89.2 91.0
CFEM+ MRA-ISRGAN 98.5 96. 1 97.3
CFEM -+ MRA-ISRGAN+ MSRA1 99.0 97.2 98.1
CFEM+ MRA-ISRGAN-+MSRA1+ MSRA2 99.4 97.9 98.6
CFEM+ MRA-ISRGAN+MSRA1 + ++- +MSRA3 99.6 98.3 99.0
CFEM+ MRA-ISRGAN+ MSRA1+-++- +MSRA4 99.7 98.6 99.2

T 3 OB R B0
*£ 3 JB/8 T fff | CFEM. MRA-ISRGAN,
MSRA X 3 /™5 B 5 B 7E — i 52 AW 42 IR BT 45
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Table 3 Computational complexity of each module and para-
metric number of ablation experiments
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HHER SHE

X% £ P 1) FE Bf
EES PR &

/ms
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Fig. 7 Visualization of MSRA modules at different locations in

license plate images
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Fig. 8 CCPD dataset license plate super-resolution results
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Table 4 Comparison of super-resolution of CCPD Challenge

sub-dataset

o 2% Tpsne /dB Issiv
SRGAN 17.2 0. 84
VDSR 15.6 0.91
REDNet"?*] 22.3 0.96
DPGAN! 16.1 0. 86
AR % 43.2 0.99
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Table 5 License plate recognition accuracy of different networks in CCPD
. PR HERR R/ Y

S Base DB FN Rotate Tilt Weather  Challenge
SCHRL25] /0 4% 87.7 97.2 94. 4 90. 9 82.9 87.3 85.5 76.3
SCHk[26 1R/ 4% 91.6 98.3 96. 6 95.9 88. 4 91.5 87.3 83.8
SCHRLS] R 4% 86.9 97.8 92. 2 91.9 79. 4 85. 8 92.0 69. 8
SCHRC27 109 4% 98.3 99.5 98.1 98.6 98.1 98.6 97.6 86.5
SCHk (28R 4% 95.8 99.3 98.5 98. 6 92.5 96. 4 99. 3 86. 6
SCHRk[29] W 4% 93.6 98.9 96.1 96. 4 91.9 93.7 95. 4 83.1
SCHRL9] M 4% 97. 6 99.5 93.3 93.7 98.2 95.9 98.9 92.9
SCHR[30] M &% 97.0 99.8 99.2 99.1 96. 4 97.6 98.5 88.9
SCHR 317K 4% 87.4 99. 8 97.5 88.3 94.1 83.1 73.2 75.3
SCHKL19] M 2% 97.9 99.7 93.8 94.5 98.9 97.8 99. 4 90. 2
J& MSRA B 1) A< 3C W 2% 98.6 99.7 94. 2 95.6 99.0 98.5 99. 4 92.6
AL 2% 99.3 99.8 94.9 96.3 99.2 98.8 99.5 94.5
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Fig. 9 Comparison results of partial license plate

reconstruction for XAUAT -Parking dataset
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Table 6 Comparison of recognition ratio for XAUAT-Park-

ing dataset
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