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Abstract: A new system noise covariance modification algorithm is proposed in order to avoid the problem of degraded
performance of the filter due to the incorrect statistics of the system noise. Combined with the Extended Kalman Filter
(EFK). Unscented Kalman Filter (UKF) and Divided Difference Filter (DDF), adaptive nonlinear Kalman filters are
developed. The algorithm is applied in nonlinear measurement electro-optical tracking system and the performances of the
adaptive nonlinear Kalman filter is compared with the basic nonlinear Kalman filters. The Matlab simulation results show
that the filter can modify system noise covariance in real time, efficiently avoid the above problem and the performance
outperforms the basic nonlinear Kalman filters.
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Fig.1 Diagram for adaptive nonlinear Kalman filter algorithm
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Table 1 Estimation performance comparison of all kinds of filters in CV model

Algorithm  Range RMSE/km Range ME/km  Azimuth RMSE/(®)  Azimuth ME/(°)  Elevation RMSE/(°) Elevation ME/(°)
EKF 0.034 0.030 2.308 2.016 0.151 0.133
AEKF 0.019 0.014 0.157 0.135 0.168 0.139
DDF 0.035 0.029 1.666 1.549 0.130 0.116
ADDF 0.030 0.026 0.160 0.135 0.154 0.131
UKF 0.029 0.025 1.668 1.516 0.127 0.109
AUKF 0.026 0.021 0.157 0.135 0.165 0.138
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Table 2 Estimation performance comparison of all kinds of filters in CA model

Algorithm  Range RMSE/km  Range ME/km  Azimuth RMSE/(°) Azimuth ME/(°) Elevation RMSE/(°) Elevation ME/(°)

EKF 0.038 0.034 1.661 1.505 0.128 0.104
AEKF 0.030 0.023 0.208 0.175 0.165 0.137
DDF 0.053 0.041 1.607 1.449 0.129 0.107
ADDF 0.035 0.031 0.306 0.254 0.155 0.131
UKF 0.026 0.020 1.394 1.256 0.114 0.095
AUKF 0.023 0.018 0.208 0.176 0.165 0.137
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