DOI:10.13878/j.cnki.dgkxxb.2011.05.014

34 5 Vol. 34 No.5
2011 10 Transactions of Atmospheric Sciences Oct. 2011

.2011. J. 34(5) :567-573.
Wang Huizan Zhang Ren Liu Wei et al. 2011. Kriging interpolation method optimized by Support Vector Machine and its application in oceanic data
J . Trans Atmos Sci 34(5) :567-573.

12 1 3 1 2

(1. 211101;
2. 310012;
3. 610031)

— — ( SVM—Kriging)
— ( SVMKriging)
— ( SVMKriging)

- P717; P731 .\ 1 167497097(2011) 05-0567-07

Kriging interpolation method optimized by
Support Vector Machine and its application in oceanic data

WANG Hui<an' > ZHANG Ren' LIU Wei’ LIU Kedeng' WANG Gui-hua’

(1. PLA Research Center of Ocean Environment Numerical Simulation Institute of Meteorology PLA University of Science and
Technology Nanjing 211101 China; 2. State Key Laboratory of Satellite Ocean Environment Dynamics Second Institute of
Oceanography State Oceanic Administration Hangzhou 310012 China; 3. School of Information Science and Technology

Southwest JiaotongUniversity Chengdu 610031 China)

Abstract: The traditional Kriging interpolation method contains only limited types of variogram models to
express the spatial variation of variable which is difficult to depict the distribution of actual data exactly
( especially for the spatial structure of complicated data) . A Support Vector MachineKriging( SVMKrig-
ing) method is proposed in this paper by introducing Least Square Support Vector Machine ( LS-SVM) to
fit the experimental variogram of actual data. The SVM—Kriging method is compared with the traditional
Kringing method and the results show that the variogram of SVM—Kriging method from actual data fields
can avoid the subjectivity and arbitrariness of selecting types of variogram models. The SVM—Kriging meth—
od has good objectivity and adaptability effectively improving the Kriging interpolation results.
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1 2
Table 1 Interpolated quality comparison of sea surface height Table 2 Interpolated quality comparison of sea surface salinity
based on different variogram models m based on different variogram models PSU
1 1
E,/107? E. /1072 B\ 11077 E,/107° E../107° B 11074
-0.986 6 5.603 2 8.057 0 -3.183 0 11.392 0 2.243 7
-0.589 6 3.0390 5.5112 -1.483 1 6.3555 1.390 0
-0.626 5 3.034 4 5.494 6 -1.5149 6.353 6 1.389 1
-0.596 0 3.032 3 5.4929 -1.419 1 6.343 5 1.387 8
-0.507 0 3.026 3" 5.465 0" -1.219 9 6.325 9V 1.385 6"
4 4
E,/107? E,./107? B\ 11077 E,/107° E,./107° By /1074
0.530 4 4.835 1 7.163 7 6.245 1" 10.92 8 1.856 7
3.3320 2.546 5 4.707 3 8.1825 6.710 5 1.426 7
3.236 0" 2.543 6 4.693 2 7.790 5 6.707 1 1.429 9
3.2675 2.543 6 4.693 3 7.785 4 6.692 6 1.426 5
3.238 1 2.536 4" 4. 664 0" 7.128 7 6.649 6" 1.420 6"
7 7
E, /107? E,. /1072 E oy 11072 E,/107° E,. /1073 E oy 11074
1.024 9 5.614 3 8.039 8 3.0329 10.56 8 2.028 1
-1.001 0" 2.629 7 4.758 8 0.094 9 6.479 5 1.436 1
-1.056 6 2.629 5 4.762 4 -0.2326 6.456 6 1.4316
-1.0286 2.626 8" 4.758 21 -0.173 1 6.454 8 1.4306
-1.0159 2.6279 4,758 2V 0.035 3" 6.388 21 1.411 1Y
10 10
E, /1073 E, /1072 By 11077 E,/107° E, /1073 By 11074
-1.0656 5.794 0 8. 446 1 10. 09 2 11.41 0 2.2117
0.5359 2.8382 5.0358 8. 685 2V 6.633 1 1.561 0
0. 465 1Y 2.8382 5.0338 8.713 1 6. 625 4 1.558 5
0.499 3 2.837 5" 5.032 3" 8.7829 6.617 6 1.5573
0.509 5 2.8376 5.033 2 9.2950 6. 616 4V 1.554 0"
E,/107? E,./1072 By /1077 E,/107° E,. /1073 By 11077
0.901 9 5.4617 7.926 6 5.638 2 11.07 5 2.0851
1.364 6 2.763 3 5.003 3 4.6114 6. 544 6 1.453 5
1.346 0 2.761 4 4.996 0 4.562 8 6.535 6 1.452 3
1.347 9 2.760 1 4.994 2 4.540 1 6.527 1 1.450 5
1.317 6" 2.757 0" 4.980 1Y 4.419 7Y 6.495 0V 1.442 8V




573

] 29(4) :467-474.
2004 Cressman G P. 1959. An operational objective analysis system J . Mon
o Wea Rev 87:367374.
47(6) :4047.
. Liu W T Tang W Polito P S.1998. NASA scatterometer provides glob—
i ] al ocean-surface wind fields with more structures than numerical
J. 25(6) :617-623.
o weather prediction J . Geophys Res Lett 25( 6) : 761-764.
.2007.  Kriging
Meclntosh P C. 1990. Oceanographic data interpolation: Objective analy—
I 30(2) :246252.
2006 sis and splines J .J Geophys Res 95( C8) : 13529-43541.
’ ’ I Oliver M A Webster R. 1990. Kriging: A method of interpolation for
14( )+ 384390, ’ geographical in formation system J . Int J Geographical Informa—
tion Systems 4(3) :313-332.
.2009.
Suykens J] A K Vandewalle ] Moor B D.2001. Optimal control by least
I 20( 3) :354359.
squares support vector machine J . Neural Networks 14:2335.
.2010. ARGO
Vapnik V N. 1995. The nature of statistical learning theory M . New
I 33(2):186492.
1996, I York: Springer Verlag.
Wang H Zhang R Liu W et al. 2008. Improved interpolation method
16( 1) :3039.
1991 I based on singular spectrum analysis iteration and its application in
14(4) :.566—5.74. ’ missing data recovery J . Appl Math Mech 29( 10) : 13514361.
.2005. M .

.2000. GIS ( : )



