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Table 1 The external accuracy statistic results of all models with different window length

m o s RIS CVFW QCFW NFIW
e n =4 n=>35 n==6 n =4 n=>35 n==6 n =4 n=>5 n==6
4t (m) 6.272 2.224 2.388 2.321 2.707 1.551 1.500 1.453 1.480 1.609 1.811
Z< (m) 0.685 0.230 0.290 0.355 0.395 0.224 0.225 0.234 0.221 0.224 0.238
& (m) 11.828 2.629 2.394 2.552 3.010 1.998 1.961 1.969 1.910 2.054 2.334
17 B (m) 13.405 3.451 3.394 3.468 4.067 2.539 2.479 2.458 2.426 2.618 2.964
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Approach for GPS Navigation Basing on Bayesian Theorem

ZHOU Ze-bo', SHEN Yun-zhong'*
(1.Dept. of Surveying and Geo-informatics, Tongji University, Siping Road 1239, Shanghai 200092, China;
2.Key Lab of Advanced Surveying Engineering of SBSM, Siping Road 1239, Shanghai 200092, China)

Abstract: It is difficult to obtain the reliable positioning results when observations are influenced by abnormity or low redun-
dancy. Historical information should be applied to improve the positioning precision and reliability. Basing on Bayesian theorem, a
general recursive algorithm was developed. According to various prior information accessing, the Newton forward interpolation
model, the constant velocity and quadratic curve fitting model were constructed in a chosen time window. Robust estimation for
correlated observations was also introduced in the present epoch. In the end, a real-life example is tested, and the results show
that robust estimation is effective to reduce the influence of outliers; Fitting model can smooth errors, and quadratic curve is superior
to constant velocity; Nevertheless both of them need to compute the fitting coefficients; however, the Newton forward interpolation

model holds a constant coefficient and significantly enhances the precision and reliability .

Key words: GPS; Bayesian estimation; State model; Navigation; Robust estimation
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A Method of Selection Matching Suitability Characteristic Parameter
Based on Rough Set Theory in Geomagnetism Matching Guidance

WANG Zhe, WANG Shi-cheng, ZHANG Jin-sheng, QIAO Yu-kun, CHEN Li-hua
(Guidance and Simulation Center of the Second Artillery Engineering College, Xi’an 710025, China)

Abstract: A method of characteristic parameter selection for geomagnetic matching guidance suitability based on rough sets
theory was introduced to evaluate the influence of the parameter on maiching suitability and attain the most suitable selection. The
process of parameter selection trial was confirmed through the fundamental analysis of rough sets theory. Six representative charac-
teristic parameters were selected as a condition attributes set. The matching simulation trials were implemented in selected 28 areas
using PROD and matching probability was selected as the decision-making attributes. The condition atiributes and decision-making
attributes sets were dispersed since the rough sets theory could only be used to process discrete data. At last, characteristic param-
eters selection trials were implemented in the areas according to the procedure. The data analysis indicates that the new character-
istic parameter selection method can pick-up simple parameters set without any prior information and can effectively eliminate the
interference of redundant information and the most suitable parameters are selected .

Key words: Geomagnetism matching guidance; Matching suitability; Rough set; Geomagnetic field characteristic parameter



