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Table 1 Prediction errors of the trainings and fitting on Principal component ANN model for sample I
(%) (mm) (%) (mm)
5000 0. 004077 12. 20 28.01 14.29 47. 11
10000 0. 004050 12.09 27. 86 14. 40 47.25
3 3-1 15000 0. 004033 12.01 27.76 14. 48 47. 34
T 20000 0. 004019 11.95 27.69 14.55 47. 42
25000 0. 004008 11. 90 27.62 14. 61 47.51
30000 0. 003999 11. 85 27.55 14. 67 47.59
12.00 27.75 14. 50 47.37
0.35 0. 46 0.38 0.48
5000 0. 004031 12.07 27.88 14.38 47. 10
10000 0. 004012 12.97 27.75 14.52 47.31
3-7-1 15000 0. 003999 12.90 27.65 14.53 47.30
20000 0. 003988 11. 85 27.53 14. 46 47. 15
25000 0. 003976 11.79 27.41 14. 39 47.95
30000 0. 003962 11. 74 27.30 14.33 47.76
11. 89 27.59 14. 44 47. 10
0.33 0.58 0.20 0.55
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6 ( 4.1
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Table 2  Prediction errors of the trainings and fitting on regression ANN prediction model for sample I
(%) (mm) (%) (mm)
5000 0.003383 11. 06 26. 15 29. 65 84. 54
10000 0. 003296 10. 74 25.62 29.11 83.39
6- 4- 1 15000 0. 002976 9.95 24.13 29.39 84.11
- 20000 0.002331 8 44 20. 88 31.21 88.13
25000 0. 002049 811 19.13 33.24 98. 69
30000 0.001727 7.35 17.09 34. 81 105. 44
9.28 22.17 31.24 90. 72
3.71 9.06 5.70 2.05
5000 0. 003068 10. 59 24.98 30. 83 88.19
10000 0.002414 9.03 21.52 34.86 99. 11
6- 8-1 15000 0.001919 812 18.71 38. 86 115. 15
20000 0.001451 6. 83 16. 06 41.95 122. 61
25000 0.001252 6.38 15. 10 44.01 126. 61
30000 0.001038 5.75 13.74 45.01 128. 29
7.78 18.35 39.25 113.33
4.84 11.24 14. 18 40.10
4.3 2 3 y=— 1568. 88+ 1. 10x3+ 2.49x7— 1.47x 14—
2 8 4.42x 17+ 2.08x 18+ 1.28x 24 (9)
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Table 3 Comparison of the Principal component and regression ANN prediction models for sample 11
(%) (mm) (%) (mm)
5000 0. 003996 17. 04 35.05 14.76 40. 96
10000 0. 003970 17.01 34.99 14. 87 41. 26
3 3 1 15000 0. 003953 16. 96 34.91 14. 89 41. 30
T 20000 0.003939 16.93 34. 86 14.91 41.35
25000 0. 003924 16.92 34.83 14.95 41. 44
30000 0. 003898 16. 93 34. 81 14. 99 41. 49
16.97 34.91 14.90 41. 30
(4) 17.04 35.05 14.99 41. 49
(B) 1692 34.81 14.76 40. 96
A- B 012 0.24 0.23 0.53
5000 0. 003944 16. 28 34.27 14. 07 39.13
10000 0.003877 16.51 34.35 14.56 40. 35
371 15000 0. 003830 16. 63 34.39 14. 81 40. 94
20000 0. 003788 16. 67 34.32 14. 96 41.25
25000 0. 003746 16. 67 34.21 15. 06 41. 40
30000 0. 003702 16. 64 34.07 15.12 41.42
16. 57 34.27 14.76 40.75
(A) 16. 67 34.39 15.12 41. 42
(B) 16.28 34.07 14. 07 39.13
A- B 0.39 0.32 1. 05 2.29
(%) (mm) (%) (mm)

5000 0. 003829 17.20 35.17 21.65 56. 42
10000 0. 003415 16. 61 32.94 20. 67 53.61
6 4- 1 15000 0. 003227 15.92 31.11 20. 01 51. 80
20000 0.003110 15.58 30. 27 19.91 51.37
25000 0. 002985 15.23 29.43 19.78 50. 67
30000 0. 002825 14. 87 28. 65 19.92 50. 18
15.90 31.26 20. 32 52.34
(A) 17. 20 35.17 21.65 56. 42
(B) 14. 87 28. 65 19.78 50. 18
A- B 2.33 6.52 1.87 6.24
5000 0. 003866 17.07 35.08 21.26 55. 65
10000 0.003416 16. 46 32.86 20. 60 53.07
6o 8 1 15000 0. 003084 15. 61 30. 85 20.20 52.19
o 20000 0. 003109 14. 19 29. 88 19. 37 47. 80
25000 0. 002853 13.27 27.93 20. 83 51. 47
30000 0. 002474 12.27 25.19 20.96 52.85
14. 81 30. 29 20. 54 52.17
(A) 17.07 35.08 21.26 55.65
(B) 12.27 25.19 19.37 47. 80
A- B 4. 80 9.89 1.89 7.85




68

14.8% 41.0 ( 4), ,

mm, 6 6a 3

19. 8%  51.3 mm

3, 8 ( 1,
2)8 ,
1 2 ,
, 1 2
4 3

Table 4 Comparison of the Principal component and regression ANN prediction models for sample III

(%) (mm) (%) (mm)
5000 0. 0024335 14.02 23.18 14.70 2.92
10000 0. 0024276 13.94 23.06 15.09 27.30
15000 0. 0024222 13. 86 22.96 15. 43 27. 65
3-3-1 20000 0. 0024158 13. 80 22.87 15.54 27.75
25000 0. 0024058 13.74 22.78 15.51 27. 66
30000 0. 0023946 13.67 22.69 15. 40 27. 46
13.84 22.92 15.28 27. 46
(A) 14.02 23.18 15.54 27.75
(B) 13.67 22.69 14.70 26.92
A- B 0.35 0. 49 0. 84 0.83
5000 0. 0024289 13.90 23.29 14.71 26.79
10000 0. 0024191 13.87 23. 14 15. 14 27.24
37y 15000 0. 0024004 13.83 23.01 15.54 27. 63
20000 0. 0023606 13.77 22.79 15.62 27. 44
25000 0. 0022998 13.70 22.44 14.95 25. 88
30000 0. 0022451 13. 68 22.16 14.96 25.49
13.79 22.81 15.15 2%.75
(A) 13.90 23.29 15.62 27. 63
(B) 13.68 22.16 14.71 25.49
A- B 0.22 1.13 0.91 2. 14
(%) (mm) (%) (mm)
5000 0. 0029440 16. 80 25.27 28.08 46.99
10000 0. 0027887 16.56 24.72 27.00 M. 14
6 41 15000 0. 0026915 16.28 24.07 27.04 4.50
20000 0. 0025728 15. 88 23.29 27.84 47.03
25000 0. 0024624 15.54 22.57 28.41 49.09
30000 0. 0023293 15.26 21.96 28.32 49. 68
16.05 23.65 27.78 46.91
(A) 16. 80 25.27 28.41 49. 68
(B) 15.26 21.96 27.00 M. 14
A- B 1.54 3.31 1.41 5.54
5000 0. 0029265 16.54 25.17 28.33 47.23
10000 0. 0027937 16. 38 24.71 28.18 46. 62
15000 0. 0025467 15.27 24.32 30.15 49. 66
6- 8-1 20000 0. 0018686 13.71 21.37 34.34 59.70
25000 0.0014712 12.27 18.52 36.73 66. 50
30000 0. 0011961 11.17 16. 68 38.71 70. 91
14.22 21.79 32.72 56.77
(A) 16. 54 25.17 38.71 70. 91
(B) 11.27 16. 68 28.18 46. 62
A- B 5.37 8.49 10.53 %.29
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Abstract

With the application of the artificial neural network (ANN) in the field of Atmospheric Science, a“bottle
— neck” was found while the artificial neural network model was applied for weather forecast: the fitting precr
sion of training sample could not be definitely determined to make the model show ing its best forecasting capabil
ity. It was a key problem to be solved on the overfitting and generation capability of the ANN application theory
area. Study on this problem is necessary for the further operating application of ANN in the field of Atmospheric
Science. A new forecasting model has been proposed for model establishment by means of making a low — dimerr
sion ANN learing matrix through principal component analysis (PCA— ANN). The monthly rainfall of June Ju
ly and August were forecasted by using PCA— ANN, R— ANN( regression artificial neural network model) and
SR(stepwise regression model) respectively. The results showed as follow es:

(1) The matrix built with active method, which could really reflect the internal relationship between the
input and output, is a new method to develop the quality of generation capability and avoid or decrease the over
fitting in ANN model. It also could be applied in other fields.

(2) The PCA-— ANN model could distill the main information of many factorials and remarkably decrease
the dimension size of matrix. The noisy and overlap inform ation of the inputting factorials were also reduced be
cause of the orthogonality of each principal component.

(3) The forecasting accuracy of PCA— ANN model was obviously higher than that of R— ANN model and
SR model. Moreover, the PCA— ANN model needs not to test the best network structure and training precr
sion. So it showed remarkable superiority compare with the method of finding suitable hidden nodes and the
training course of network structure.

Key words: Artificial neural network, Generalization capability, Overfitting, Establishment of a forecasting
model.



