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Combination forecasting model based on neural network optimized by
particle swarm optimization for groundwater level

CHENG Jia-tang, HUA Jing., Al Li

(Engineering College  Honghe University , Mengzi,Yunnan 661199 ,China)

Abstract: [Objective] The study was to improve the accuracy of groundwater level forecasting by ap-
plying neural network optimized by particle swarm optimization. [Method) In this method, the groundwa-
ter level predictions and the average forecast results of regression analysis, exponential smoothing and grey
model were used as the network inputs,and the actual water level value as the outputs. Then the nonlinear
combination prediction model of water level was established by combining three single models. Application
instance on the prediction of the model results were verified with three single models and the equal weigh-
ted average model predictions were compared. The predicted results of the model was verified and compared
with the results of the 3 single model and weighted average model. [Result] The example shows that the
mean square error,average absolute error are 0. 740 9 and 0. 657 6 of the neural network optimized by par-
ticle swarm optimization combination forecasting method,less than the corresponding prediction error of a
single model and the equal weight method. [Conclusion) The combination forecasting method of neural net-
work optimized by particle swarm optimization is suitable for the prediction of groundwater level.

Key words: groundwater; water level forecasting; forecasting model; neural network; particle swarm

optimization algorithm; combination forecasting
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Table 1 Comparison of different methods of forecasting results for groundwater level
B — A AVTF KA/ m 2 A AL TI K A/ m
Single model prediction Combination model prediction
= 2 BR K R Ty e 2
Serstmumber At vave FURE  SACFAE P

regressiAon exponen.tial GM(L, D Neu;al network combination

analysis smoothing combination method method

1 58. 20 55.710 0 59.359 2 58.200 0 — 57.743 2

2 58.00 57.775 0 58.679 6 57.284 3 - 58.006 4

3 58. 49 59. 840 0 58.584 8 59.218 1 — 59.211 0

4 59.19 61.905 0 58.887 4 61.217 1 — 60. 668 2

5 63. 34 63.970 0 61.113 7 63.283 6 - 62.766 1

6 65. 89 66.035 0 63.501 9 65.419 9 65.342 6 64.985 2

7 67.63 68.100 0 65.565 9 67.628 3 67.867 4 67.097 9

8 71.71 70.165 0 68.638 0 69.911 2 70.937 2 69.571 3

9 74. 37 72.230 0 71.504 0 72.271 3 72.582 7 72.001 7

10 74.70 74.295 0 73.102 0 74.710 9 74.758 1 74.035 9

11 74,87 76.360 0 73.985 9 77.2330 75.412 5 75.859 6
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