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Table 6 EMD reconstruction auxiliary index values

of CWC information entropy
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*8 BIATV/RATIN FREMERERE
Table 8 Stationarity test and white noise test of high- and low-frequency sequences
kv M
£zt UNIE ] EMD # f4 UNIE K] EMD 4
(=L (&7 [ i [ i [ R
ADF Ff AR <0.05 0.08 <0.05 0.02 <0.05 0.02 <0.05 0.38
Box. test [l <0.05 <0.05 <0.05 <0.05 <0. 05 <0.05 <0.05 <0.05
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Table 9  Prediction models for high- and low-frequency sequences
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Table 10  Error evaluation index 0.01,ADF St P KT 0.05, i dt
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Table 11  Evaluation indexes of different prediction models
F LR R*  MAPE  RMSE
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Information entropy time series of CWC based on
Holt-ARIMA -Lagrange Multiplier

ZHANG Xian' WU Qiong CHEN Yigi® LI Yashao® WANG Weiwei’
1 Meteorological Center of Air Traffic Regulation of Civil Aviation in North China,Beijing 100621
2 School of Mathematics and Statistics , Nanjing University of Information Science & Technology, Nanjing 210044
3 Experimental Teaching Center for Meteorology and Environment, Nanjing University of
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Abstract The development process and characteristic analysis of precipitation cloud system is an important issue
in the field of cloud precipitation physics.Here ,the 700 hPa Cloud Water Content (CWC) and the 1h value of air-
flow velocity (omega, OMG) in the vertical direction of the atmosphere are used to measure the chaos degree of
CWC distribution via the information entropy and judge the cloud development via OMG time series, hence a com-
bined prediction model is proposed based on hybrid multi-scale decomposition, Holt model, Autoregressive
Integrated Moving Average model ( ARIMA) and Lagrange Multiplier.The results show that,the CWC entropy has
nonlinear and non-stationary characteristics ;the clouds over the north have smaller means of the CWC entropy se-
quence and larger variance compared with those over the south regardless of the cloud development stage;a good
temporal corresponding relationship is found between the regional average OMG and the extreme point reconstructed
by the wavelet low-frequency of the CWC entropy, and close extreme value points account for 50% in clouds over
the south and 83.3% in clouds over the north, showing that CWC entropy can somehow reflect the cloud develop-
ment ; the multiple timescale features of CWC entropy sequences make the multi-scale decomposed Holt-ARIMA-La-
grange Multiplier model more accurate than the single prediction method and single-layer decomposed prediction
model , with accuracy improvement of more than 3%.

Key words cloud water content ( CWC ) ; information entropy; wavelet decomposition; empirical mode
decomposition ( EMD) ; autoregressive integrated moving average ( ARIMA) ; Holt two-parameter exponential smoot-

hing



