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Research on smart unmanned aerial vehicle encoding

Abstract: At present smart unmanned aerial vehicle stays the initial but rapid development step in China. The control to it re—
flects in not only its hardware but also the operation and control skills. The article summarized the smart unmanned aerial vehicle flight
control in the range of “world range” with the basic of Google’ s 3D data based on Google Earth COM API and KML. It mainly de-
scribed the methods and display of airline and airpoint offered convenient “add-edit-modify-delete” functions for airline and truly gave
a well projection for the flight control of present smart unmanned aerial vehicle.

Key words: Google Earth COM; smart unmanned aerial vehicle; airline; flight control; KML API
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Foundation settlement probability analysis and prediction based on Bayes dynamic linear model

Abstract: Taking into account the time—varying characteristics of parameters in foundation settlement prediction model and the re—
liability of prediction result the paper proposed the probability method of foundation settlement predication. State equation and observa—
tion equation of foundation settlement were established by using Bayesian dynamic model. Combining parameters prior information with
the early settlement observation data containing noise the settlement state parameters were deduced with Bayes Posterior Probabili—
ty. Optimal settlement state estimation used continuous Probability Forecast¥'ixed recursion operator to predict the probability of founda—
tion settlement. Numerical example showed that compared with other prediction methods the method of Bayesian dynamic model was
feasible and effective.

Key words: Bayes estimation; prior information; Kalman filter; maximum likelihood estimation; dynamic linear model( DLM) ;
settlement prediction
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