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M
∑i=1 p̂i (mk)r̂i(k),P̂k =

M
∑i=1 p̂i (mk) [P̂i(k) + (r̂i(k) − r̂k) (·)T ]

.TPM update
Π̂(k − 1) Jilkov and Li (2004)
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mbmag ,kpngps,kvngps,khnalt,k 









=











(C bn,k(qbn,k ))T mnE + ǫmpnk + ǫpvnk + ǫvznk + ǫh 







y2(k) =











mbfault,kpngps,kvngps,khnalt,k 









=









0 + ǫfaultpnk + ǫpvnk + ǫvznk + ǫh 
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