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Abstract

In this paper, we propose a study on the development of deep learning structure for defective pixel detection of
next-generation smart LED display board using imaging device. In this research, a technique utilizing imaging devices
and deep learning is introduced to automatically detect defects in outdoor LED billboards. Through this approach, the
effective management of LED billboards and the resolution of various errors and issues are aimed. The research
process consists of three stages. Firstly, the planarized image data of the billboard is processed through calibration to
completely remove the background and undergo necessary preprocessing to generate a training dataset. Secondly, the
generated dataset is employed to train an object recognition network. This network is composed of a Backbone and
a Head. The Backbone employs CSP-Darknet to extract feature maps, while the Head utilizes extracted feature maps
as the basis for object detection. Throughout this process, the network is adjusted to align the Confidence score and
Intersection over Union (IoU) error, sustaining continuous learning. In the third stage, the created model is employed
to automatically detect defective pixels on actual outdoor LED billboards. The proposed method, applied in this paper,
yielded results from accredited measurement experiments that achieved 100% detection of defective pixels on real LED
billboards. This confirms the improved efficiency in managing and maintaining LED billboards. Such research findings
are anticipated to bring about a revolutionary advancement in the management of LED billboards.
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Fig. 1. fish eye image and flattening image.
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Fig. 2. Labeling example image for error pixel recognition.
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Fig. 3. Learning process of Deep Learning network.
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Fig. 4. Object detection network structure used in this

paper.
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Table 1. Error pixel detection experiment results using
the technique proposed in this paper.
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