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Application of Artificial Neural Networks on the Prediction of Surface Ozone

Concentrations
SHEN Ludu WANG Yu=xuan DUAN Lei

( Department of Environmental Science and Engineering Tsinghua University Beijing 100084 China)

Abstract: Ozone is an important secondary air pollutant in the lower atmosphere. In order to predict the hourly maximum ozone one day
in advance based on the meteorological variables for the Wanqingsha site in Guangzhou Guangdong province a neural network model
( MultiLayer Perceptron) and a multiple linear regression model were used and compared. Model inputs are meteorological parameters
( wind speed wind direction air temperature relative humidity barometric pressure and solar radiation) of the next day and hourly
maximum ozone concentration of the previous day. The OBS ( optimal brain surgeon) was adopted to prune the neutral work to reduce
its complexity and to improve its generalization ability. We find that the pruned neural network has the capacity to predict the peak
ozone with an agreement index of 92.3% the root mean square error of 0.042 8 mg/m’ the R-square of 0.737 and the success
index of threshold exceedance 77. 0% ( the threshold O, mixing ratio of 0.20 mg/m’) . When the neural classifier was added to the
neural network model the success index of threshold exceedance increased to 83. 6% . Through comparison of the performance indices
between the multiple linear regression model and the neural network model we conclud that that neural network is a better choice to
predict peak ozone from meteorological forecast which may be applied to practical prediction of ozone concentration.
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