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SVM Application on Prediction of Runway Visual Range of Airport

ZHU Lei,ZHU Guo—dong

(Air Traffic Management Bureau of Xinjiang, Wulumugi 830016)

Abstract: By using the data from Automatic Weather Observing System in the period from November to the coming February

from 2004 to 2006, the two illation models with Runway Visual Range which are more than 800 meters or less than 800 meters

are developed and the forecast test is made. The test results show that threat score is between 48% and 75%. Higher TS shows

that SVM forecast models have certain forecasting ability and also provide operational reference in forecast on Runway Visual

Range.
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