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Detecting Numeric and Character Areas of Low-quality License Plate Images
using YOLOv4 Algorithm

Lee, Jeonghwan

{Abstract)

Recently, research on license plate recognition, which is a core technology of an intelligent
transportation system(ITS), is being actively conducted. In this paper, we propose a method
to extract numbers and characters from low-quality license plate images by applying the
YOLOV#4 algorithm. YOLOv4 is a one-stage object detection method using convolution neural
network including BACKBONE, NECK, and HEAD parts. It is a method of detecting objects
in real time rather than the previous two-stage object detection method such as the faster
R-CNN. In this paper, we studied a method to directly extract number and character regions
from low-quality license plate images without additional edge detection and image
segmentation processes. In order to evaluate the performance of the proposed method we
experimented with 500 license plate images. In this experiment, 350 images were used for
training and the remaining 150 images were used for the testing process. Computer
simulations show that the mean average precision of detecting number and character regions
on vehicle license plates was about 93.8%.

Key Words : Deep Learning, YOLOv4, Convolution Neural Network(CNN), Vehicle License Plate,
Image Recognition
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