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Abstract

In this paper, we propose a study on the development of deep learning structure to secure visibility of outdoor LED
display board according to weather change. The proposed technique secures the visibility of the outdoor LED display
board by automatically adjusting the LED luminance according to the weather change using deep learning using an
imaging device. In order to automatically adjust the LED luminance according to weather changes, a deep learning model
that can classify the weather is created by learning it using a convolutional network after first going through a
preprocessing process for the flattened background part image data. The applied deep learning network reduces the
difference between the input value and the output value using the Residual learning function, inducing learning while
taking the characteristics of the initial input value. Next, by using a controller that recognizes the weather and adjusts
the luminance of the outdoor LED display board according to the weather change, the luminance is changed so that the
luminance increases when the surrounding environment becomes bright, so that it can be seen clearly. In addition, when
the surrounding environment becomes dark, the visibility is reduced due to scattering of light, so the brightness of the
electronic display board is lowered so that it can be seen clearly. By applying the method proposed in this paper, the
result of the certified measurement test of the luminance measurement according to the weather change of the LED sign
board confirmed that the visibility of the outdoor LED sign board was secured according to the weather change.
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Fig. 1. fish eye image and flattening image.
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Fig. 2. Example image of labeling for weather recognition.
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Fig. 5. Backpropagation process for one node in the layer.
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Fig. 9. The training results obtained by applying the
proposed algorithm.
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