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Nonlinear state estimation for unmanned aerial vehicles: extended
exactly Gaussian variational inference learning method

LIU Jiufu", Elishahidi S. B. Mvungi, WANG Hengyu, XIE Hui, LIU Xiangwu, WANG Zhisheng
(College of Automation Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: Aiming at the problems of large estimation error and poor anti-interference ability in state estimation and parameter learning of time-
varying nonlinear systems, a batch state estimation and parameter learning method for accurate sparse Gaussian variational inference for nonlinear
systems was proposed. A loss function was proposed based on Gaussian variational reasoning, and the state estimation problem was transformed into
an approximation problem to the true posterior, and parameters that need to be learned were introduced. The parameters of the state probability
distribution were iteratively updated using the Gauss-Newton optimizer method, and a complete state estimation iterative scheme was obtained by
using Stein’s lemma, the sparsity of the covariance matrix and the Gaussian volume method. The noise parameters of the measurement model were
learned through expectation maximization, and the inverse Wishart prior was introduced to reduce the influence of measurement noise and outliers on
parameter learning and state estimation results. The simulation experiment was carried out on the UAV simulation model, and the UAV trajectory
can be accurately estimated without adding the UAV movement and the real value of the measurement noise, and the impact of measurement noise
and measurement outliers on trajectory estimation accuracy is effectively suppressed.
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6 0.114 6 0.1155 0.211 6
7 0.132 4 0.136 5 0.226 6
8 0.097 9 0.099 7 0.133 6
9 0.199 6 0.2115 0.372°5
10 0.155 6 0.1650 0.3355

H1Z% 1 Al JCE SR A T 00 78 1 F 1
RZEH 0. 153 8 m A H AT AL 2 1 -2
R7E 0. 158 6 m, GV Jrik bl -F#8 1 -F- 24
R0 0.261 4 m, ASCHTHIA ESGVIARZ Al i1
2RI REE A A B SE TS O R 13
A LSRR BN AR R SE TERE

TNV A5 EAR A I AL SAE I ZR Al
TR & BN y 37 1) b AR R 22 LA K AR A A
RN 3 o

K 3 AN A SAE I GR Al T A B A « il
EAIRESIRFFAE £0. 1 m A,y Bl EAYERZZE IR
FHAE £0.06 m P, ELh /0N i At A 12 22 e 2l
FAR HAORFFAE 69N ] 3 A [A] I 25 Hi R A
GVI TRkt ATt i s e gl 2R, LU sl
iR 225 ESCVI JiE M ZE A K, (B AE « Al y il
ELCRRIRZER A T 0. 15 mo 458K ESGIV
JTERETEA A FLELE RS DL T X RESHUET T
ARG S T ANUE A TR AT, B2
R ERRETHRCR I GVI 7k 28hs
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Fig.3 UAV trajectory error analysis

3.4 MERAXSHZFINZM
HRAEAR S5 % T LA 0 A e 7 AT
G, AR Goad At Apopg i RS ST AU B
AR, I BAE I R A EN e R 22 . TE
(VA SN 4E 9 eE N S

T =exp(£") T,

&is
¢= [ 0 ]
§1;3 ’”‘/\’(0,0'21)

Hrp T, KR FERE, T, 25 W HOR S
SIS, E RS 1] B, & o TR R S A TR
Ja FR MR ) PR A AR £

P o R 0.25 ~1 m, KR 0.2 m, 7E
D N it P AR S AT PR R
ZEMGET A RN 2 FR.

(64)

M2 Rl L, 2 o Y, I R 2
BG4 B8 1R 22 5 AR PR FEAE O ~
0.5 mZ Mo 4 REN, AT LB AR A K
SRR R M P o R A B R X R G S Rt A T A
21, PR B T AW RO RS A T

R2 EMNERSMNOPTMGITERIRE
Tab.2 Trajectory estimation translation error when

adding measurement noise

I PR 7%/ m PR R 22/m
0.113 3 0.165 3
0.306 9 0.274'5
0.534 1 0.301 6
0.971 6 0.365 1
1.3842 0.412 6
1.653 0 0.467 9
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3.5 NEBEHBHEXPITHITARN
AR SRR TN A DL 5% A3 N
K IABHER, LA TW 26 56 e 15 A 504 1 125
R PR TG EE 2 o K LR it sl i
)5 PR A 2SI
A
{Toutlicr = eXp(f )T e (65)
£eR°® ~au( -200,200)
He T, Fm BHEHENRE, € WA
BI5) 00 A M RAE BN Sy my RN R B U7 22
WA S8 2] B it Uy 2548 A b
PLAZ T LAXE IW Je30 24k Wik ir2E2d
A S I 26 08 I PR AR K RSN
V(g'|W,00) =E,[¢"(x]Qc)] +¢" (x| W) +
oIz (66)

IW 556 00 8 P13 5 2 XF o7 A 2 RS -
V'Y, w,00) =E,[¢/ (x|Q) ] +¢" (x| V) +

¢“’(Y\tp)+%ln(\2"\) (67)
To AMUVFGEAG 05 B, ZE I 204 Fn i 4

A B ), 2 B 1A IW SEe i s 4l it
FREIREMNZK 3 PR,

R3 MABBERHHNTMEITTBIRE
Tab.3 Trajectory estimation translation error

after adding outliers

FFEl AT IW BRI FIAIW SE5

i PR IRZE/m PR iR/ m
1 6.259 3 0.1336
2 7.156 6 0.178 9
3 5.5535 0.096 2
4 5.994 9 0.146 6
5 6.561 3 0.186 4
6 6.3380 0.153 6
7 6.854 3 0.199 2
8 5.9576 0.086 1
9 6.812 2 0.201 6
10 5.364 1 0.1139

F3 AT IW S5 A il Bl - B R
FEFI{EIAE 6. 285 2 m, G| A IW Jol i3t
BB R iR 22 0. 149 6 mo R, eI 25
A IW SE6 REA R ) B AR (ED 2 s > LA
IAGTHEE = AR I, 32 71 2 8~ UL R Bl
FETT IR R o

4 ZHig
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b5 2 B 21 7 i F R R a2 R 2
AR I3 A AT 25 AR I, {5 3 B T 4R
IR FE S ERT B U R C2S - N R PR R
ISR AT ) SRS A T IR W K
SR T I AN HURE L A B3 A 31, 45 2R 3R 1T
ARICTT 1 B AL T BI0 of wf PE B, O BAE S
2 2] BN R A A TS A HILIR 25 32 5 (g 5
BRI B0 AL T 5 8 N g 38 00 00 M RS ) 19 B0
B AR WA A 2 B ) I A S /N
Mg P 2 SR 114 32 WD 5 76 DI 5 LA R i S i A
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