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Forecasting of Medium and Long Term Precipitation Based on Hybrid Model
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Abstract Accurate estimation of precipitation is an important issue in water resources engineering, management and
planning. In order to improve the accuracy of medium and long term precipitation forecasting,a hybrid forecasting model
based on modified ensemble empirical mode decomposition,least squares method, kernel extreme learning machine and
modified fruit fly optimization algorithm was presented. By using modified ensemble empirical mode decomposition,non-
stationary precipitation time series is decomposed into many terms. Then the decomposed terms are predicted by the
least square method or the kernel extreme learning machine according to its characteristics. Because the kernel extreme
learning machine has some characteristics of parameter sensibility, the modified fruit fly optimization algorithm is used
to search the optimal parameters to improve the forecasting accuracy. Finally,forecast results of each decomposed term
are added together to obtain the final forecasting results. The method was tested by using annual precipitation data from
seven cities in China’s Guangdong province between 1951 and 2015. Results show that compared with the auto-regres-
sive moving average model and kernel extreme learning machine model, the mixed model has higher prediction accuracy.
Keywords Prediction. Hybrid model, Modified ensemble empirical mode decomposition, Least squares method, Kernel

extreme learning machine, Modified fruit fly optimization algorithm
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Decomposition results of original precipitation MEEMD(Guangzhou)
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Table 2 LSM prediction results
A I IR e EES i iz i
o FLIR 5.9, 8,11, 9,12, 6,12, 5,11, 5,9,12, 8,12,
45 13,16 13,15 15 14 15 14,15 13

3.4.3 KELM #al
X TR B T LSM B A 43 i 5T f5 R T KELM
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Table 3 Phase space reconstruction information
Jrpe I R il sk RS H £ [ 3T T
P HE R BN HE R 9N HE R 9N FEIR BN FEIR EON E R N #E IR BN
At [8] 4 4 #} [7] % # it J8] £ | E34 B[] % % it [8] % it JE] 34
1 3 8 2 7 2 12 2 11 2 18 2 18 2 12
2 2 12 2 11 2 13 2 13 2 18 2 11 2 10
3 4 9 2 8 4 11 2 10 5 12 3 10 5 10
4 5 8 8 6 8 6 4 7 7 4 8 8 7
5 LSM 3 9 2 15 5 7 LSM LSM 2 11
6 2 12 2 8 2 11 LSM 2 11 3 11 4 6
7 2 14 8 7 3 6 2 12 4 11 3 12 4 11
8 4 7 LSM 8 6 5 6 3 20 3 11 LSM
9 LSM 3 8 LSM 3 9 3 7 LSM 3 19
10 3 10 6 8 4 12 3 11 7 7 3 10 6 9
11 2 14 LSM 2 11 2 6 LSM 4 11 6 8
12 2 14 4 6 LSM LSM 6 7 LSM LSM
13 LSM LSM 4 12 3 10 3 8 5 10 LSM
14 2 14 2 20 3 14 LSM 3 16 LSM 2 17
15 6 8 LSM LSM 4 11 LSM LSM N/A
16 LSM N/A N/A N/A N/A 4 13 N/A

T« LSM K7 % 2 5 40 il 100l 1 19 2 e/ —
P 2R A2 824 T 4 5 3 A L R b T R B A S i R A 2
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Fig. 4 Parameter optimization of MFFOA
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Table 4 Forecasting results of each decomposition item (Guangzhou)
P Sl FE
w5 ik 2011 2012 2013 2014 2015
1 KELM —322.09 331.31 331.99 —306. 35 484.23
2 KELM  —18.53 —5.95 13.95 29. 60 28.19
3 KELM —10.04 1.23 9. 84 13.55 10. 96
4 KELM  —95.49 —79.16 —62.33 —42. 34 —23.88
5 LSM 103. 59 87.41 69. 04 48.40 25.41
6 KELM —76.50 —23.53 21.96 19.61 —54. 80
7 KELM 40. 56 —35.29 —89.65 —108.88 —84.37
8 KELM —7.91 —10. 64 —11.57 —10.67 —7.98
9 LSM —101.85 —85.67 —67.46 —47.16 —24.70
10 KELM 97.12 146. 48 204.23 280.13 363. 83
11 KELM  —99.62 —83.94 —66.81 —46. 74 —25.62
12 KELM 42.91 44,07 46. 65 50.59 55.84
13 LSM 35.78 30.13 23.75 16.62 8.71
14 KELM 5.44 4,26 2.95 1.51 —0.04
15 KELM  1256.42 1355. 60 1441.61 1556.47 1630. 69
16 LSM 413. 30 334.16 253.22 170.52 86.09
iR 1263.09 2010. 46 2121.37 1624. 85 2472.58
3.4.5 TRM LR IFN S 5
2 A A AL RZ E AR R A & X
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Fig. 5 Comparison between forecasting values and actual

values of rainfall
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Table 5 Forecasting error statistics

(AT %)

M I i 3k RS b33 iz b
2011 1.48 1.37 1.15 0.35 0.72 0. 49 0.53
2012 0. 86 0.83 1.15 0.29 0.46 0.71 0.51
2013 1.51 1.28 1.39 0.52 0.91 0.91 0.67
2014 0.56 0.45 1.02 0.08 0.34 0.29 0. 36
2015 2.27 1.49 2.23 0.68 1.51 1.71 1.02
MAPE  1.34 1.09 1.39 0.38 0.79 0.82 0.62

N Tk — AP WA SORE R B AT AR R AR SO 5 TR

V33T 3 F #4857 ( Auto-Regressive and Moving Average Mo-

del, ARMA) Pz KELM iyl 455 750 fi T ) 2%
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LK 6 ras ., BE 6 T L E WA 1,

AR SCRE R 1 FIUI 2 2R 0T ek B, W R IR AR A
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M 6 TT LA IR A SR FE X 4 T B IT 4 5 4n 1 B A
T AT FIABEAL i) G, o] Y5 3l o5 IR B8R AL ) MAPE ,RMSE
i ARMA # %I f5 18. 03%, 353. 26 LI K¢ KELM # %I i
9.26%,193. 22 FEIEH] 1. 09%,23. 73; 3 H R* IR K
3 H ARMA # B f40. 255, 60. 00% LA K KELM # %
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Fig. 6 Time-series plots for predicting annual precipitation

by multiple models
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Table 6 Comparision of predictive performance of models
B K HA MAPE/%  RMSE R? A HE/%

ARMA 20. 80 536.47  —0.552 60. 00

I KELM 6.40 157.10 0. 867 100. 00
A A 1.34 31.97 0.995 100. 00

ARMA 18.03 353.26 0. 255 60. 00

I KELM 9.26 193.22 0.777 80. 00
A A 1.09 23.73 0.997 100. 00

ARMA 18.95 292. 88 0.109 60. 00

sk KELM 22.07 339.75  —0.198 60. 00
BeHA 1.39 22.14 0.995 100. 00

ARMA 13.93 353.50  —0.315 60. 00

1 KELM 13.54 272.08 0.221 100. 00
BaHA 0.38 8.41 0.999 100. 00

ARMA 20. 81 329, 44 0.048 60. 00

e KELM 11.96 201. 52 0. 644 80. 00
A A 0.79 15.61 0.998 100. 00

ARMA 15.47 415.41  —0.084 80. 00

T KELM 11. 28 293. 87 0.457 80. 00
A A 0.82 23.47 0.997 100. 00

ARMA 16. 20 352.18  —0.233 60. 00

T KELM 14.99 262. 44 0.315 80. 00
A A 0.62 10.96 0.999 100. 00
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