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License plate recognition method in complex environment
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[ Abstract] License plate recognition is widely used in intelligent transportation system and has important significance. This is an
important and challenging research topic in the field of image recognition. However, many of the current methods can recognize
license plate in specific circumstances. But the robustness is terrible in the real complex scene. This paper presents a robust license
plate recognition method in complex scenes. First, the EfficientDet network detects the car’s location, narrowing the search area for
the license plate location. Then, one or more severely distorted or slanted license plates in the image are detected and corrected
through a license plate detection network with distortion correction. Secondly, the corrected license plate is input into the license
plate recognition neural network combined with the convolutional recursive neural network ( CRNN) and the associative temporal
classification (CTC) to obtain the accurate license plate information. Experimental results show that the accuracy and speed of
detection and recognition are superior to other methods.
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Fig. 1 Network structure of license plate detection
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Fig. 2 License plate correction process
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Fig. 3 Schematic diagram of license plate recognition
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Tab. 1 Structure of license plate recognition Network

HFR (Y= A [EES =)

LRZ 1 96x32x3 0:Conv(In_ch=3,stride=(1,1) ,out_ch=64)) 1:ReLu
2 96x32x64 2. MaxPool2d( stride=2 , dilation=1,0ut_ch=64)
3 48x16x64 3.Conv(In_ch=64, stride=(1,1) ,out_ch=128)4:Relu
4 48x16x128 5: MaxPool2d( stride=2 , dilation=1,0ut_ch=128)
5 24x8x128 6:Conv(In_ch=128,stride=(1,1) ,out_ch=256))7:ReLu
6 24x8x%256 8: MaxPool2d( stride=2 , dilation=1,out_ch=256)
7 24x4x256 9:Conv(In_ch=256,stride=(1,1) ,out_ch=256))10:ReLu
9 24x4%x512 11; MaxPool2d( stride=2 , dilation=1, out_ch=512)
10 25%2%512 12; Conv2(In_ch=512,stride=(1,1) ,out_ch=512)) 13:ReLu
11 25%1x512 14; Map—Sequence

TERZE 12 23%x512 15 Deep—Bidirectional-LSTM

2 13 - 16 Transcription
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Tab. 2 Comparison of models

EHAME KA 4
A

FPS AP Recal FPS AP  Recall

Faster-RCNN 18 932 87.6 15 905 852
YOLOV3 46 93.7 925 44 897 905
RPNet 64 94.1 938 65 803 821
SSD 46 944 886 40 836 82.6
MTLPD 65 96.1 966 65 955 96.1
Our 70 96.6 975 70 966 975

T HEE L ) A A DA R A SR R IE I
LREIREST, O T REAT AR AR IR, AT FH K
FRE AR IR R SR R AR LA R 5 A 1 (IR, 5
JERIER G IAE) T AATHR, LR A5 R i 4

Js . T LATE eGSR B ™ SRt L 28 2 AT
TEAEF BN OL T, AR ST T3 147398 0T LIRS ABTRE AR
TE AR MR e e D JL-F IR T AL T A AR 1E11R
HAER AW REHER L E (07, B UE 1 %07 0 s R RE

4 EpLELHRE

Fig. 4 Result of license plate correction
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Tab. 3 License plate recognition accuracy

LAY FPS AP Recall
Faster—RCNN+HC 15 91.3 86.6
YOLOV3+HC 41 92.9 90.5
RPNet+HC 62 94.2 91.8
SSD+HC 46 94.4 88.6
MTLPD 65 94.9 95.8
Our 68 96.6 97.5
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Fig. 5 License plate recognition results under different conditions
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