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A NOTE ON IMPROVEMENT OF PARKED VEHICLE DETECTION BY
ENHANCING IMAGE CLARITY UNDER LOW ILLUMINANCE CONDITION

Koji SAITO, Sho TAKAHASHI and Toru HAGIWARA

For detecting parked vehicles in a parking lot, infrared or ultrasonic sensors are installed
in each vehicle compartment, which are used in some parking lots. Also, the method of
object detection by deep learning from images of a parking lot enables to detect a wide
range of parked vehicles with a small number of sensors. However, the accuracy of this
method deteriorates significantly in low illuminance conditions. This is due to the de-
crease in contrast and the noise generated by the image sensor. In low illuminance condi-
tions, low quality images containing these factors are accumulated. In this paper, we pro-
pose a method for object detection using deep learning on preprocessed images to im-
prove the detection accuracy of parked vehicles under low illuminance conditions. At first,
we apply denoising and contrast enhancement to images captured under low-light condi-
tions to obtain several distinct images. Then, we apply deep learning to these images for

object detection.



