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Bayes I2it T E BV FH &t & ML & A
DDS-DNNS k7S it

JRZ A, BAR, &

(BEMZ R R EBe, IR M5 264001)

 E A ATHES LIRS0 5 XA R F4L A 4 (decentralized networked navigation system
based on DDS, DDS-DNNS) 352 45 Sk S5 4F 3 198, 5 8T S AL &4 R A AL B 3538 5 32 1L ) VA Bayes
22 ik R mh X T B A RAUE A R X BLH] (stochastic event-triggered ,SET) #9 DDS-DNNS & /¥ 77 i%
ZRELETE, L, SET Ukl it b 2 T ARl SE AT R 0 )G bt ey £ ¢ Rk 2l 2 A0 &
A2, DA Ak I Wasserstein B B AF 4 2 k& 7 Wbt 69 £ %, IFF) ] Wasserstein 3
B89 R Bayes T FEGER T )G Bkt 2 Gaussian 89, A fF 2] T 4531 23 69 & Kalman 7 )% 3% 3 75 X
B SET ALl a9 2 X Ak X, EY T 463+ B9 FURR £ ¥ 2 A, B LR A= F R3S, FIBT3E
AT FHEEEREATEFRE T LA TR AKX, AR MG AR = T defTidd P 343
Bl B0 R A TR AR BT SET AL F — MM 4E15 B Fo — - 4E45 & 2% SET ALl 69 %
v, ) B RR oA SRR BE T A 4t S 09 A ALk

X $& A :Bayes Pit; MIAUE M AR A ; Kalman JE % ; B I AF 4 39 7 iR 2 R S 4F

RE 4SS .V249.32°9 M ERARERD ;A

DDS-DNNS J&—72 [ 0 & 10 1 [ 4 7 I AL
JREN TR M AL ARG, AE KB4
W& 5% T, DDS-DNNS JIr 1 i (4 205 9 1 g 3 A3
£ 3 A7 1 (DRE A B Y H Tt 45 TC A BL AT I
FEIR e 20 Y @A B AYAT TE 96 TR I % AN
A A% i e i A 3G O e DLW R s T W
>R (BDDS-DNNS {4 kAR B (138 25 3R 1k 5 BUfh
TrHastERE e |

Z BB ZAENL RE T LR 5 L
Z [A) ) B Y 28 2 )3 = 1T R R g, AR S
G BN 28 T o5 B AR (A T g 1 1)
L 5 S AR LA L — 2P0 2 A A Al T
Wt

X F AN E AT A RS TR e, R
ME RN R R AR SR iR T, SCR[ 9]
5 Hh REARAR AR BUAL T8 10 (5 BAG I R RS A A%

I #5 H #1:2025-04-21
EE B RS (1997—) , W0 584
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FRAL AR I TAR TR Ty, R, Al a8 5 20 i 15
W ) 5 2 P RESA T A E R, T Bk
R TR 9 12 B ik % (event-triggered , ET)
HLEDHS %0 2 DDS-DNNS i, ET LA A4 1 2
oL R A SR D M, AT RO AT 1A T A
PEREFMEG AT TAEIR ),

XET ET ML A g ) Do e ) R R
JE, SCHR [ 10-14 ] B3 1 filt A B {6 O 20HY ET AL
il , RV 2 M ET ( deterministic event-triggered , DET)
Pl . DET ML, & B A2 f il e (H 2= A5 T e 24
ELA K fih %2 4% P i 45 2 B, DET AL A A%
I T RIS BAGTHG IR B AL s R (HJ2, SCHRL 10-
1413 71 9 DET MLl & 4% 8 W 17 50 57 51 1
Gaussian Hf %% & R %K ( probability density function,
PDF) , = B0 ME DL 3R e B 19 B /D B 07 iR 22
( minimum mean square error, MMSE ) flii1#5, NI,
SCHR[ 15 33t 7 3 T8 B R DET AL iZpL e
J S P i 1 2 3 A 4 S A 2, BE 9% UE W4 R
MMSE {45 i) E# 1k, H, SOk [ 15 ] 3891/



51

JBT5AE , 55 : Bayes BEIG T HLAT BEALI (il & AL DDS-DNNS AR &A1 <113 -

MMSE A8 58 22 BEAR & ME LA FH 3 TR SE et

T fi#Ue DET HLEIAFE R IR, SCHR[ 16 ] 52 1
Tl A S BEHLAR B ) ET LT, BP SET #L
SET HL#I T, fil & B{E ¥ 5 o A AE[ 0,1 ] ERYBE
PR, SET HLHIBEREFHE B SR b 2K LT
Gaussian PDF JE =, I AR 45 571 2 ¥ 91 2 Gaussian
(), SCHR[ 17 18 SCHR[ 16 ] 32 th i SET ML R FH 2=
ARG RL &, JF o TIF R R 2R, Gk
[ 18-20] WLHs SET AL N FH EIA [F] % 2% £k 22 G i AR
B, IR0 T MMSE AT e iR E v, SCilik
[21 ] REET SET HLHIA Bt T — M T2 ER
1% (send on delta, SoD) B SET #Li , X FhAILHI A 54
BEAR TR A B H 2 X AR ML A 5T 1 5 SOk
(16742 H B3T58 B0y SET HLHIAR , A 54 Kal-
man Y8 I %5 0 ST IR | DR DU AR S G T R IR AT
PERE L HE T8 B A SET HLI 25, SCHR[ 22 ] £ X3¢
BRL21 ] Hh Ay Tl B, 4k T — 3ot B koR
T —Fh 3T A5 PR K ¢ B ( finite impulse response,
FIR) i1 SET HLil, X FHLHDS 4 5w TARME B A%
f 2T MMSE flit#s i vERe, (H 2R TR TH A
(4 SET AL 5398 2200, 92 b Semk [ 16]
FETHUE Y SET AL, A 5t - o ) 122 (A S
i 22 S A5 2, )3 SET L F A
—Br AR B H N Bayes FRIE 1 M %5 & J5 Bl
THER2TMEE . B, STk 23 ] &t 17—k
TAF B i SET ALK, LT 5 I8 T Z B (5
BRI % B RE A B 13 25 1R 40, H izl
il A5 2 MMSE Al H a1 8 22 im  JFA
i% FHT DDS-DNNS,

L5 L RTIR AR SCER X B AR IR 3 £ R Y
DDS-DNNS B3¢ {35 5 8l S B A 1T 1T —Fh B AT
SET L i) MMSE ftiits , i fliitae BAT LU R
DSET #L1I A Bayes PRI A H & HEAT DT, 1%L
] A A o I P S R R B T 15 A2 o ) o
(BRI Y IS B A 1T @SET HL 5 MMSE 451 25
B I AESE I T30 SET ML Y e X 3Rk Rk,
IR T A3 19 BE R ROR 5 Al 0 22 5, O
it Bayes & PR 515 2 MMSE Al i1 2% 2% Kalman
UE BB I S, N TIAS 3 SET AL 9 g e =X
MMSE fliit#sAPIRASSe5: PDF Wy A 5%, H LR
R FE Sk, 7E e ah b e A5 20 X (E BAL
i R R AT A R O R R P TS 5 1 B
iR 5 R0 ; @SET ML & — B 5 8 —

Brfs S, ELP 205 AL R B , 1 R e R i)
SET HLi , Bl P2 {5 BAL ARG R, B AR i 32 0
T AN

1 (AR

1.1 REgEE

% T AL IR AT BT 1 25 B AL 9 T, 1% DDS-

DNNS H e o7 19 55 ) sl A
x(B)=Ax(k-1) +w(k-1) (1)
z2(k)=n(k)Cx(k) +v(k)

(1) XK EA Gaussian M5 LR B EL R 4t
WA z(k) K8t SET HURAL H 24k 118, Hod,
x(k) e R WARGRE, z(k) eR" Rl (Y,
w(k) eR" NI ITZREP, > 0 Gaussian FH B |
v(k) e R" 2R P, > 01 Gaussian FH S
n(k) € RASMEn,,n,] LBEHLAS 5,7, ,
m, €[0,1],p(k) 8K, 1IR3 45 R b 2 i
AN B O PIERAS x (0) /& Gaussian 19, HIAE
M x(0[0), 352N P(0]0) > 0;@x(0) ,0(k),
v(k) HHERS ;B (C,A) AT,

1.2 EFFWMHITH SET

X FRFEMN 20k, BEE (k) = TAURERL T TR =
H SRR z (k) IF BAR SRR 2 (k) &5 2451
i, 2 E(k) = 0, M 1 S A T i T F A B4R
D(1: k)N

D(1: k)=1{D(1),D(2),,D(k)}, (2)
D(k)=1{&(k),E(k)z(k) |
R, D(k) NEADREENZ] kLR 2458015
B, AHD(1:0)=0,

Wx(klk - 1) FIPCkE - 1) 28RS E%:
PDF p(x(k) [D(1 : k — 1)) By {E F0 5 2,
x(k|k) M P(klk) 4 9 AR A 5 % PDF
p(x(k) [D(1: k) WM 2 2 (k |k - 1) Al
x(k k) S Ah AR 2 M s Ak TRz, W)
AR R I E
x(klk=1)=E[x(k)|ID(1: k~-1)]
(klk-1)=x(k) —x(klk-1)
P(klk-1)=E[x(klk-1) -

(klk-1)[D(1:k~-1)] (3)
x(k|k) =E[x(k) ID(1: k)]

(klk)=x(k) —x(klk)
P(k|k)=E[x(k|k)x"(k|k) |D(1: k)]
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X x(klk - 1) M T x(k) 89— BUNAH;
x(k k) A5 T x (k) BRRSAGTHE . #5E 017 s
ASSRFEIS 2 B BT A B a9 EAE, S sk Y
PIE x (k) FRZEU 2 P(k k) ATHI(4) ~ (8)
T RPRIE Kalman JE7% ( Kalman filter, KF) 25 .

x(klk-1)=Ax(k - 1]k -1) (4)
P(klk-1)=AP(k -1k - 1)A" +P, (5)
K(k)=n(k)P(klk-1)C" -
(0’ (k)CP(k|k - 1)C" +P,)"" (6)
x(klE)=x(klk-1) + K(k)(z(k) -
2(klk - 1)) (7)
P(klk)y=(I-K(k)n(k)C)P(klk-1) =
(P '(klk = 1) +9*(k)C'P,'C) ™" (8)

i, z(klk-1)=E[z(k) |[D(1: k-1)],

AL S SETHLEI BB 2(k) —z(klk - 1) &
FIWTF 2 5 b & L, T IR BT TR e A
T SET HLHL, % x, (k) IR E(R) = 1 BHRJEEAG
Th,x, (k) R E(k) = 0 BT S fliit, ik d Wik
MR, d(x, (k) ,x, (k) 10K x, (k) 5 x,(k)
ZIRREES o 7 d(xo(k) ,x, (k) ) BER, MARRELN
WU RN 20 kI 2 (k) , FRL
d(xo(k) ,x,(k)) 45 d(x,(k) x, (k) BN, UAEER
T B z(k) , TR AR A, BE AL
T z(k) . ZE L, SET HU A O B
z(k) M EBERERI TR AT x,(k) Flx (k) 1Y
2= SRR R

0, oD (D) 5 o(k),
¢(k) = 1, o200 i (B) o (k) (9)
L, o(k) 7E[0,1] BE¥504, R T HibEE
d, X FREPLAS & x, (k) Flx, (k) , 25 S B Al iy
Wasserstein B & X,

EX 1(JG B AL 1Y Wasserstein #HE) %
xo(k) Fl x (k) ) Wasserstein FE B H @,(x (k) ,
x,(k))o p(xo(k)) FI p(x,(k)) 50510 x,(k) A0
x,(k) f) PDF, )2

(‘T)J(x()’xl) =
(int [ =2, (e degde,) “(10)
X
Y(xo,x1) € {f(xo,x|> \ff(xo,xl)dxo :p(xl) ,

[FCxgx ) e, =pxy) Sy x,) =01,

[ x, - x, ”;:(xo_xl)'l‘J(xo_xl) (11)
A, > 0 IR RE | FH LR RN RS B 1Y
R LA AR BAR A, A5 p(xo(k)) Fp(x,(k)) 2
Gaussian [, 7§ /&

1

/(2m)"det(P,)

1

/(2m)"det(P,))

id p(x,) = N(xo;-fo’PxO) ,p(x,) = N(x,;x,,
P,) W@, (x,(k),x,(k)) BIEBTREA N
Iy(xy,x)=(lx, —x |+

(P, J+P,J-2(J"P JP, J")"))"

Ao, 772 AR T BT R

MR SC 1AL, SR Attt x, (k) Filx (k) IR
M Gaussian 704, (10) EA N (13) B
firpT e o A2 d(xg(k) %, (k) = I} (x,(k),
x,(k)), J 8 A Y d(x,(k) ,x,(k)) =
IP(x,(k) ,x,(k)) B ,x,(k) Flx, (k) R Gaussian
435 IR (9) TR SET LI Bets 8 BT

il PO TERGAERL (1) LA S SET HLHI(9)
Al b ff R [l R

1) 78 d(x,(k) ,x,(k)) = I7(x,(k) ,x,(k)) )
AT UEMH p(x (k) [D(1: k)) ) Gaussian 74, )
TS x (k [k) FIP(k k) i HEf B DL
SET #Liil (9) ) /R F ik

2) BTG TEAS A R I

3) St RME BAR R SRR T R R,
I H AT 5 B Ak 11 SET w4 A~ 41 351 4n e
S SET ML

I T
-5 (x9-x9) Pz 1(xg-%¢)
2 X,
€ 0 s

p(x,) =

P(xl) = e‘%(v‘l‘fl)TP;ll(Xl—il) (12)

(13)

2 MMSE fhitssigit
2.1 MMSE fhit28#92E KF X

5131 & X=0,Y >0,X,Y e RN
X-X(X+Y)'X=Y-Y(X+Y)'Y =0,

EE 1 Y dlx,(k),x, (k) = I7(x,(k),
x,(k)) W, RIS K PDF p(x(k) [D(1: k)) J
Gaussian 1, H J5 %Akt 2E x(k|k) FbhJr 2
P(k|k) it L2 KF Tk e i A5 2

x(klk-1)=Ax(k - 1]k - 1) (14)

P(klk-1)=AP(k - 1|k - 1)A" + P, (15)
K(k)=n(k)P(klk-1)C" -
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(n*(k)CP(k|k -1)C" +P,)" (16)
x(klE)=x(klk-1) +
E(R)K(k) (z(k) —m(k)Cx(k|k-1)) (17)
P(k|E)= (I -K(k)np(k)C)P(k|k-1) +
(1= &(k))K(k)((n*(k)CP(k|k - 1)C" +
P)"' +K'(K)JK(k)) 'K"(k) (18)
IR FIHECHIA A E B 2 B 1, BAA RAE
W Z1, p(x(0)[D(1:0)) = N(x(0);x(0[0),
P(0]0)), & k - 1 RHEBZI, REJ5 4 PDF
Gaussian, HJI
p(x(k=1)[D(1: k=1))=N(x(k~-1);
x(k=11k-1),P(k-1lk-1)) (19)
M) b RAERT ZI AR ZSSE 88 PDF p(x (k) [D(1:
k= 1)) J& Gaussian 1Y, /&
p(x(k)|D(1: k=-1))= (20)
N(x(k);x(klk - 1) ,P(klk-1))
x(klk=1) FMP(k|k-1) a5@it(14) ~ (15)
K152,
HRAE(9) AL E(R) U5 x,(k) Flx, (k) £
5 MG x, (k) Flx, (k) BYE XATHD L& (k) S2hr 1
WHT z(k) FID(1: k=1), FB BT w(k)
v(k) ¥JH Gaussian M | (1) X R RER AL
bR F— A — B2 2l Markov 571 K, 7E45 €
z(k) FID(1: k—1) IO € (k) M52 Fx (k)
g Bayes ERN
p(x,(k)) =Pr(é(k) =1|x(k),z(k),
D(1:k-1))p(x(k)|z(k),D(1: k~-1))/
Pr(é(k)=1|z(k),D(1: k-1)) (21)
p(xy(k)) =p(x(k)[é(k)=0,D(1: k~-1))=
Pr(é(k)=0|x(k),D(1:k~-1)) -
p(x(k) ID(1: k= 1))/Pr(é(k) =
0D(1:k-1)) (22)
EbniE KF 26000, (21) Xy p(x, (k) ) W2
p(x,(k))=N(x(k);x,(klk) P (k[k))
x,(klk)=x(klk-1) +
K(k)(z(k) = n(k)Cx(klk-1))
P (klk)=-K(k)n(k)C)P(klk-1)
A K (k) it (16) 2R3,
¥ (22) PR Pr(€(k)=0x(k),D(1: k -
1)) MR A X 15
Pr(&(k)=0|x(k),D(1: k-1)) =

[Pr(e k) = 0lw(k) x(k),D(1: k- 1)) -

(23)

N(v(k);0,P,)dv(k) (24)
T d(x,(k) ,x,(k)) = I} (x,(k) ,x,(k)) R
P5(9),(13) M (23) X5
Pr(é(k)=0|v(k),x(k),D(1: k—-1))=
e(k)e’%”"““)”(“"’“” I, (25)
(k) = o2 POCH VTP CH )T =2(JV2P (KD IP (K )JV2) /2)
o(k)=x,(klk) —x(klk-1) -
n(k)K(k) (Cx(k) - Cx(k|k - 1))
x,(k|k)=E[x(k) ID(1: k= 1),6(k)=0]
Py(k|k) =E[ (x(k) - x,(k[k)) -
(x(k) = x,(k[k))"[D(1: k= 1) ,&(k)=0]
(26)
FER x (k) Sz(k) NEHEAEX v(k) 19224k
NG x,(k k) APk k), BRI, #45(25) ~
(26) i (24) Kt
Pr(é(k)=0x(k),D(1: k-1))=

Je(k)é(k)é(k)e'% (k) ~H= 1R KT (R Jo(k) I dv(k) =

0(k)O(k)YO(k) (2m)"*det(H "(k))"* (27)
H(k)=K"(k)JK(k) + P,
1

0(k)=————-—
(&) (2m)"*detP)”

(28)

9(]‘2) - e-%(ﬂ'T(/f)Jﬂ'(/f)-”T(k)JK(k)H’](/f)KT(li)Jfr(k))
B (27) ~ (28) s (20) :AUA(22) AR
p(xy(k)) = ﬁ(k)a(k)e-zi(x(k) (k) TQ(k) (x(k) (k) )
(29)
A
(k) =0(k)0(k)/(Pr(£(k) =0[D(1: k- 1)) -
det(H(K)P(k |k - 1))"%)

9(k) = o3 (a0 =) (J=JKGD H= (KT ) aCh) ~b(8)

a(k) =p' (k) Q(k)m (k)
b(k)=x"(k|k - DP'"(k|k - Dx(k|k-1)
a(k)=x,(klk) —x(klk-1) +
n(BYK(E)YCx(k |k = 1)
(k) =07"(k) (R(k)a(k) +
P '(klk-1Dx(klk-1)
Q(k)=n"(k)C'K'(k) (J - JK(k) -
H' (K () KE)C + P (k|k - 1)
R(k)=n(k)C'K'(k)(J - JK(k)H "(k)K'(k)J)
(30)
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2, FIFH Bayes € BRHETAFH] p(xo(k) )
Mr# i (29) X, i (29) =X AT s,
p(x,(k)) J& Gaussian [, XARYE (30) AT 9 (k)
k) BIh5 x (k) MM, BT (29) R4E
KA1
1

H(k)I(k) = - (31)
(2m)2det(Q ' (k)"
454 (31) X M(29) XAl
p(xo(k)) =N(x(k);p(k),Q7'(k)) =
N(x (k) ;x,(k k) ,Py(k[k)) (32)

g b, AR E (23), (32) AT H p(x,(k)) H
p(x,(k)) /& Gaussian [, K I, & RAEERS ZI RS 5
B PDF p(x(k) [D(1: k)) /& Gaussian i, il 1 £
F 4N 36 A, 2 d(x, (k) ,x, (k) = I (x,(k),
x,(k)) B, ARAEJG % PDF p(x(k) [D(1: k)) &
Gaussian [,

MR (32) a1 x,(k [k) = (k) B8 (30) 20
m (k) KA (32) L] 1

Q'(k) (R(k) = Q(k))x,(k|k) =
Q' (B)R(k) (x(klk-1) -
n(k)K(k)Cx(klk 1)) -

Q' ()P '(klk - Dx(klk-1) (33)
XT(33) XAk Al 45
(R(k) = Q(k))x,(klk) =
(R(k) —R(k)n(k)K(k)C -
P '(klk-1))x(klk-1)=
(R(k) = Q(k))x(klk-1) (34)
ES]id
x,(klk) = (k) =x(klk - 1) (35)

XFEG(35) AN (17) K01 x, (K k) W62 (17)
LR, #(23) L Pk k) BRL(8) X iyIE
L, IFRA (30) Ky Q(k), a5 B 1 A Hf
O (k) ffaihy

Q(k) =P (klk) -

n'(k)C'P, (K'(k)JK(k) +P,")"'P,' C
(36)
MiE i (32) AT H Py (k) = Q7' (k) Itk
P,(k|k) =P (k|k) +
K(E) ((*(k)CP(k|k - 1)C" +P,)" +
K'(k)JK(k)) 'K'(k) (37)
XFH(37) 2R (18) AT Po(k k) T /2 (18)

v
Zi Lk e B 1 EEE
AR 14 %, (k) X, (k) P, (k),P, (k) fQ
A(13) 3 WHLEHF(23) , (35), (37) SUTA(13)
2, S BHUR n A2 TR B Al 3100 SET ML Br
0, e 2150 nmn ) = (k)

fw>=1’ (38)

o 2B 1 2, e w(B) o (k)
X8 (k) IHE 6 (k) =z(k) —z(klk=1);p(k)
p(k) =t(P(klk)J + Py(klk)J - (39)
2<Jl/2P0(k ‘k)JP|<k‘k>Jl/2)l/2

HH (38) AT, FE T oAl i) SET AL 52 bR
L%ﬁﬁ%ﬁﬁj\ ®—KJ/I\%E1§E\ || 5(k> || ?("‘(k)]l((k) H
Q@ ZWMHER p (k). Hh, a5 THE
E5E SET HLIIZEAL, 55 &R WA R AE 58 SET #l
Ml IR R B E R, (k) MENTIE XAF
4 Bayes #it, BV5 50 /5 B2 e m i E R .
2.2 MMSE fhitss$aE o

& X ESHL Riccati T2
R, (X)=AXA" + P, - AXC"(CXC" +Y) 'CXA"
X, X = 0,Y = 0,R"(X) = R(RUX)), H
RY(X)=X. bR Riccati HFEHEY X, =X, =0
IR, (X)) = Ry(X,)™, F it i B 2 iE 1
(15) i P(klk - 1) A 5IF H B FRT Y
g8

EIE2  XFFHEAW(38) AR SET ALl HY
ARG (1) A CATilk, M (15) Xy P(k [k -
1) % Yk e N" W2

0 < P(k) <P(klk-1) <P(k) (40)

K
P(k) =R, '(AP(0]0)A" +P,)
P(k) =Ry .y (P(R) (k = 1))
U(k)=2A,,(J)/A,,(C'C) - I+ 1/7(k) -

(CP(kK)C")(CP(k)C")™" +P,P, +7(k) -

P,(CP(k)C") (CP(k)C")'P,)"

(k)= (tr((CB(k)CT)'](CIj(k)CT)"))%/
(u(P(CP(K)C)(CP(K)C")'P,))"”

P(1)=AP(0|0)A" + P, (41)
AL, FEREFB P (k) | A P(k) | 53500
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SCFP P, HP FP 535 (42) RBFR K 2 4

Riccati J7 & (1M — TF & fi% .

R, (X)=X

Rp .y-1(X) =X

U=2A,.,(J)/A(CC) - (I+1/7-
(CPC")™(CPC")" +PP, +7 - (42)
P,(CPC")(CPC)'P,)"

7= (wr((CPC")'(CPC") "))/

(r(P,(CPC")'(CPC")"'P,))"

iEBA k=1H},P(1/0)=AP(0[0)A" +P,, %
SRIGIEP(1) = Ry (AP(0]0)A" + P,) < P(1]0),
B Ry '(AP(0[0)A" +P,) < P(k|k—-1) M4z
EM 1 H(15),(18) K A5

P(k+1|k)=AP(k|k - 1)A" + P, -

AP(k|lk-1)C'(CcP(klk-1)C" +P,)" -
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State estimation of DDS-DNNS with stochastic event-triggered
mechanism under Bayes theory

Gu Haolun, Dai Shaowu, Wan Bing

(Coast Guard Academy, Naval Aviation University, Yantai 264001, China)

Abstract; Addressing the state estimation problem of a single positioning node in a decentralized networked naviga-
tion system based on data distribution service ( DDS-DNNS) , considering node energy constraints and sensor gain
degradation, a minimum mean square error( MMSE) state estimator for DDS-DNNS with a stochastic event-triggered
(SET) mechanism is designed based on Bayesian theory. The SET mechanism determines the importance of meas-
urement values by comparing the differences in posterior estimates corresponding to the transmitted measurement
values. Based on this, the Wasserstein distance is selected as a metric to represent the difference in posterior esti-
mates. The properties of the Wasserstein distance and Bayes’ theorem are utilized to prove that the posterior estimate
is Gaussian, thereby obtaining the Kalman-like filter recursive form of the estimator and the explicit expression of
the SET mechanism. Subsequently, it is proven that the prediction error covariance of the estimator is bounded, and
both the upper and lower bounds converge. Meanwhile, it is demonstrated that the average information transmission
rate is bounded, and the expressions for the upper and lower bounds are derived. Finally, a numerical simulation is
conducted to illustrate how to determine the adjustment matrix through the upper and lower bounds of the average
information transmission rate. The impact of first-order moment information and second-order moment information on

the SET mechanism is simulated, and the effectiveness of the estimator is verified through comparative experiments.

Keywords: Bayes theory; stochastic event-triggered; Kalman filter; posterior estimation; minimum mean square

error state estimation
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