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Heat Map-Based License Plate Detection in Complex Scenes

HAO Chaojie,JIA Zhengtang
(College of Electronics and Information Engineering , Shanghai University of Electric Power, Shanghai 200090, China)

[ Abstract] As the application scenarios of license plate recognition continue to“expand, the complexity of the processed
images is also increasing. Thereforelicense plate detection also faces challenges such as difficulty in locating license platesslow
detection speedand low accuracy.For license plate detection in complex/scenes such as uneven illuminationperspective
distortionrainy and foggy weatherand low resolutiona heat map-based license plate detection NetworkLPHD-Netbased on
the license plate corner heatmap is proposed.This network is different from the rectangular prior frame method in template
matching and target detection in the past. Insteadthe license plate is detected using the license plate corner heat map and license
plate boundary vector field methods.The network is trained and tested using the China Urban Parking Data Set( CDPP)and
the overall performance of the model is evaluated using the average accuracy and recall rate commonly used in target detection
tasks.The experimental results show that the algorithm.’s license plate detection accuracy and speed in complex scenes reaches
99.2% and 78 frame/s, respectively, which are increased by 1.15 percentage points and 14 frame/s compared with LMAFLPD
model.At the same time, it also has a good detection effect for multiple license plate detections in a scene.
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Fig.1 Example diagram of corner connection vector field
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Fig.2 - License plate detection network structure
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Corner heat map and bounding box vector map of a single license plate
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Fig.4 Corner heat map and bounding box vector map of multiple license plates
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Table 2 Detection performance comparison of different models
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