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Transfer Interacting Multiple Model State Estimator for Markovian Jump

Linear Systems With Multi-rate Measurements

GAO Shuang' LUAN Xiao-Li' ZHAO Shun-Yi' LIU Fei!

Abstract In industrial processes some measurements are sampled frequently while other measurements are avail-
able infrequently and often slow rate. To utilize the slow rate measurements better for improving the accuracy of
online estimation, this paper proposes a powerful transfer interacting multiple model state estimator (IMM-TF) for
Markovian jump linear systems with multi-rate measurements based on the transfer learning strategy. First, the
form of knowledge to be transferred to the Bayesian posterior distribution is designated as the observation predict-
or derived by using the slow rate measurements. We define universal evaluation of relatedness between the distribu-
tion transferred knowledge and ideal posterior distribution from the perspective of Kullback-Leibler (KL) diver-
gence to obtain the optimal Bayesian transfer state estimator. Integrated with the slow rate measurements, the
smoothing strategy is then proposed to obtain the transferred estimates for solving the difficult problem of transfer
state estimator facing multi-rate measurements. Furthermore, the influence function is defined to construct the ana-
lytical relationship between the slow rate measurements and the estimation performance, so as to quantitatively
evaluate the transfer effect. Finally, the effectiveness and superiority of the proposed method are illustrated by an
example of target tracking.
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Fig.1  Multiple source measurements of the process with
different sampling rates (Solid lines are true states,
and dashed lines represent target measurements.
Dots denote source measurements, whose sample
time may be irregular)
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Hrr, co= /Ps(ykh“j;;, Ys, k1) Inps(yrlry, Ys, k—1)dys, /&
5 &), LRI

B3k B. #ES (13). I (14)

58 SUUGARIE I 35 J5 50 40 A0 ps (x|, Yo, 1) = N(zy; mi,
D). ARHE S A o A 5B, 2y Ry (TRCG 43 A A EH
TR

ps(@y, Tp_1lr], Yo k1) =

ps(xkler_1, r],)ps (@K 1175, Yo, k1) =

N( mk1:|
T

mi, 131> (B1)

Hop, 151:|: Pg—1 Pli—lF]T :|7 1’h1:|:a:k_1:|.
F;P]_, FjP]_\F] +Qy Fidj,_,
GRS/ =BT i TR B I s e W N =
ps(@p_1l@k, 4, Yo, 1) = N(@p_13m2, Pp)  (B2)
Hrr,
Lj =P, F](F;P,_1F] + Q)" (B3)

S 49 %
mo =&, + Lj(xy — Fj&_1) (B4)
Py =P, — Lj(F;P,_1F] + Q)L] (B5)

BR300 ps (ep—1, 2xlr], Ys, i) AT FTHE
ps(@r—1, ®klr], Y i) =
ps(@r_1l@k, 17, Y5, k_1)ps(@k|ri, Ys, k) =

N(zp_1; 12, Po)N(zy;m), D)) =

Ty - ~
N ms3, Pj (B6)
LTr—1
I S [ ™ } P
E ; 3 = X 3 3 =
&1 + Lj(mj, — Fjdg_1)
D! DLt
" P | B, TR P T 4 4 A 7
L;D] L;D|L} + P,

wp WIBLG D AN ps(@r_1lr], Ys 1) = N(@p_1;m0),_,,
D] ), H,md A DI Hha (13) Al (14) Fon.

Fisk C. #F3 (20) ~ X (23)
FRIE (9) WTHn
ps(xrlri, Fs, Yi_1) o

exp(E (Inp(yk|zs, 7"{.))) X

ps(yklry, Ys, k1)
p(alr], Yio1) (C1)
Hlt, Epy () (F() = [ F()ps (-)dyx. XF30 (C1) PILIRK In, A4S
FEPEN(@p; @0, Ag) oc [Ag| 700 exp(—0.5(zy — ) AL (2 —
&), FJ LA 3|
Inps (@], Fs, Ye_1) o

) J
EPS(?Jk‘Ti»» Ys, kil)(lnp(yklmk: T‘k)) +

Inp(ag|r], Yi1) (C2)
AR T B 52 19 90 A1 ps (welr, Vs, k1) = Nl wl .
Ui ), ATLARAS

Inps(ay|rl, Fs, Yi_1)

L — )P - a0 -

2
Lo i T 10
5(“3719 7Hjmk) (Ry) (us,kajmk) -
1 j 1
gtr(US,kRk ) (C3)

I a, BRI, ps(zxlry, Fs, Yi—1) Y5 B 175 A
ps(zxlr], Fs, Yi_1) = N(zx; &, P)), Hh, @] FlP] 55
B (20) A1 (21) Fow. FREHE, op B3 H T
THE

Inp(zx |7, Yi) o< Inp(yy|ek, ) +

Inps(xi|r], Fs, Yi_1) (C4)

Feal(20) Ak (21) AN (C4), X (C4) 45T
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. 1 i _ s
Inp(xy|r], Yi) o< — 5(% —z)"(P]) (xp — @) —
1 Tp—1
i(yk — Hjxy) R, (yx — Hjzy) (C5)

E I a, LRI K (C5) IR KA, 7T AT 3]

N(ay; &1, PJ), Hort, &) fl pJ fiat (22) Rt (23) .
Mi® D. S (33)

WEsZm sk (30), #E— R

aF(:ﬁk(az 9)7 y]g)T

L) = =
) 90 o
OF (&1 (e, 0), y)T Oy (e, 0) _
8:i:k(57 Q) 0=0 69 0=0
OF (zy, y?)T 0?F (), y?)T o
Oxy, ep=dp OTKOYL |z, —a,
-1
82F(wk7 y]g)T (Dl)
&%wy, o=@

Hof, LOT = L@k, o), yp)", K3 (29) AN (D1) B
A HES S R RIE S (33).
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