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The Attitude Measurement Based on SCKF for Quadrotor UAV

ZHANG Huangjun XU Xuesong" ZHANG Wenging LIU Rui
( School of Electrical and Automation Engineering East China Jiaotong University Nanchang Jiangxi 330013 China)

Abstract: It is very important to get the accurate attitude angle for the control of unmanned aerial vehicle( UAV) .
Considering the square—root cubature Kalman filter ( SCKF) which can overcome the errors caused by the extended
Kalman filter ( EKF) due to linearization and has better nonlinear filtering function. Also the square root technique
is added in the traditional cubature Kalman filtering method which can effectively improve the stability of numerical
calculation and reduce the complexity of the algorithm. So that in this paper SCKF is applied to attitude estimation
of quadrotor UAV a new attitude estimation method for quadrotor UAV is proposed and simulated. The experimental
results show that this method has higher filtering precision than the traditional EKF method. Compared with tradi-
tional cubature Kalman filtering ( CKF) and unscented Kalman filtering ( UKF) the computation time of this meth—
od is shorter.

Key words: square—oot cubature Kalman filter; quadrotor UAV; attitude measurement

( 141 )
The Cognitive Diagnosis of k-Nearest Neighbor Algorithm and Its Application

KANG Chunhua ZHANG Shujun LI Yuanbai ZEBNG Pingfei
( College of Teacher Education Zhejiang Normal University Jinhua Zhejiang 321004 China)

Abstract: In the study the k-Nearest Neighbors cognitive diagnosis method( KNN CDM) is proposed by migrating
the k-Nearest Neighbors algorithm to cognitive diagnosis assessment. Then its effectiveness and characteristic are in—
vestigated by mumerical simulation and empirical study. The results show that the precision of the KNN CDM is
high and is about the same to PNN method as well as MDD-R method. In some situations it’s even higher than the
latter two. Both the sample size and the distribution pattern of the subjects” knowledge state have no effect on the
KNN CDM which reflects the characteristic of nonparametric method. It is proved that the emprical reliability and
validity of the KNN cognitive diagnosis method is good.

Key words: KNN algorithm; KNN CDM; empirical reliability and validity



