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[Abstract]

The runway visual range affected by fog and so on is one of the important indicators to determine whether aircraft can take
off and land at the airport or not. In the case of airports where transportation airplanes are operated, major weather forecasts
including the runway visual range for local area have been released and provided to aviation workers for recognizing that. This
paper proposes a runway visual range estimation model with a deep neural network applied recently to various fields such as
image processing, speech recognition, natural language processing, etc. It is developed and implemented for estimating a runway
visual range of local airport with a deep neural network. It utilizes the past actual weather observation data of the applied airfield
for constituting the learning of the neural network. It can show comparatively the accurate estimation result when it compares the
results with the existing observation data. The proposed model can be used to generate weather information on the airfield for
which no other forecasting function is available.
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Fig. 2. DNN Development procedure.
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Table 1. Weather condition measuring equipment in
Taean airfield.

Equipment Measuring contents

Wind direction / Wind speed
Temperature / Dew point
Humidity

Pressure

Visibility / Runway visual range
Cloud height
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