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ABSTRACT: The work aims to determine the optimal dimension for the dimensionality reduction of metals' atmospheric corro-
sion data. The four methods such as PCA, MDS, Isomap and LLE were used for the dimensionality reduction of atmospheric
corrosion data, and an ensemble learning algorithm was used to establish the prediction model. For different dimensionality re-
duction methods and the calculation of the number of neighbors, the mean absolute percentage error (MAPE) was used to evalu-
ate the prediction results, and the dimension corresponding to the best prediction rate was used as the optimal dimension. Under
the action of different dimensionality reduction methods and the neighbor parameters, the optimal dimension ranged from 2 to 7
dimensions. Manifold learning method was used for the dimensionality reduction of atmospheric corrosion data, and the result-
ing MAPE was less than that of the linear dimensionality reduction method. The optimal dimension for each dimensionality re-
duction method may be different. Finally, the optimal dimension of the atmospheric corrosion data processed by the four dimen-
sionality reduction methods is obtained through the comparison of the MAPE values.
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Tab.1 Display of part of atmospheric corrosion data in Beijing

T Wi i PIM P ke mae BERRE BRI gnk ESHRHRE
W e ‘E;z% RIS R, R TR e ppenpa SOy ~ HCV — HS/mg —MEF/(mg
C EIC C % hPa (mg-em™) (mgem™) 1007 m~d™) 1007 m>d™)
Jesr 1998/11/1 3 21 -10 64 10141 10243 10035 0.0449  0.018 0.0428 0.3062
Jest 1998/12/1 -2 9 -10 45 1018.4 10274 1001.2  0.0456 0 0.0502 0.2562
Jest 199911 -15 8 -10 69 10164 1029.4 1001  0.0448  0.009 0.0429 0.4131
Jemr 199921 18 93 Il 60  1018.8 1029 10014  0.125  0.0042 0.0557 0.8036
Jest 199931 19 26 -10 88 1010 10232 996  0.166  0.0084 0.0558 0.7007
Jesr 1999/4/1 25 33 -1 83 1006.6 1016.7 9964  0.1703  0.0043 0.0636 0.68
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Tab.2 Different dimensionality reduction methods and MAPE values of low dimensional data modeling

) Isomap MDS PCA LLE
¢ 3 4 5 6 7 * * 3 4 5 6 7
2 16.091 16.59 14.63 13.359 19.178 12.775 14.525 14791 15.847 12.511 14.597 13.964
3 12.58 13.464 15912 14995 13.255 16.559 17.304 14.103 16.395 17.53 15.763  16.732
4 15.259 15.145 17.526 15.844 15594 15.178 17.278 15919 14.102 14.41 13.338  14.837
5 13.315 15305 16.513 14.234 15426 18.45 14.828 13.644 12.649 15.605 13.568 17.569
6 13.998 16.338 15.041 16.289 14.891 13.758 16.058 12.375 16.499 13.776  16.156  11.798
7 13.214 14.536 12.415 12.33 16.832 19.78 15.052  14.262 15.578 14389 17.946  16.531
8 14.359 15.409 14.742 14.575 17.315 14327 15.662 12.898 14.502 15.028  14.618  14.646
sum  98.81 106.78 106.77 101.626 112.491 110.827 110.707 97.992 105.572 103.249 105.986 106.077
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Tab.3 Optimal dimensions under different conditions
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