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Abstract: In this paper, the filtering problem of nonlinear networked systems with event-triggered
data transmission tasks is studied. To reduce the transmission of excessive measurement data in
the bandwidth-limited network, a data transmission mechanism with event trigger is introduced
to analyze the error behavior of the extended Kalman filter. We prove that the real estimation error
and error covariance matrices can be determined by restricting the initial conditions appropriately.
Finally, the effectiveness of the filtering algorithm is verified by simulation.
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1. Introduction

In recent years, microelectronics technology, computing technology and wireless
communication technology have developed rapidly. Various integrated microsensors work
together to monitor, perceive and collect information. This wireless sensor network (WSN)
has a very broad application prospect [1-5].

Kalman filter (KF) uses the minimum mean square error (MMSE) criterion to estimate
the state of the system, which is an optimal dynamic estimation algorithm for linear
systems [6,7]. The algorithm of KF is expressed in the form of recursion and has been
studied thoroughly by scholars. However, the nonlinear phenomenon is very common
in practical applications [8,9]. Therefore, extended Kalman filter (EKF) and untraced
Kalman filter (UKF) have been derived for nonlinear systems [10]. For one-step prediction
equations, UKF uses untracked transformation to handle the nonlinear transfer of mean
and covariance. EKF uses Taylor decomposition to linearize the model and then uses
Gauss hypothesis to solve the problem of difficult probability calculation. The application
of EKF further improves the estimation performance of KF for nonlinear systems. The
computational complexity of EKF is less than that of UKF and their performances are
compared in [11,12]. EKF is widely used in control [13], optimization [14], observation [15],
adaptive filtering [16], estimation [17] and neural network [18].

EKEF is the most direct method to solve a nonlinear state estimation problem which
has lower computational complexity and has been successfully applied in many nonlinear
systems. On the other hand, most of the literature working on nonlinear systems uses the
traditional time-triggered sampling method which is easy to implement. However, such
a periodic transmission scheduling will lead to unnecessary transmission and waste of
resources. References [19,20] designed a new event-triggered mechanism based on the
event-triggered control (ETC) strategy and studied the input-to-state stability of nonlinear
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systems. This reduces the burden of system communication and controller updates while
maintaining performance requirements. Therefore, it is of great significance to adopt
appropriate sampling methods [21]. In this case, the event-triggered policies are more
suitable [22-25]. Reference [22] studies the estimation of event triggering in linear systems.
References [23,24] study event-triggered robust estimation problems for hidden Markov
models and linear systems, respectively. Reference [25] presents a MMSE estimator with
an innovation-based event trigger. Based on the event trigger in [25,26] studies the UKF
problem of nonlinear networked system. However, only the boundedness of the estimation
error covariance matrix is analyzed. In addition, to the best of our knowledge, little
attention has been paid to the problem of event-triggered filtering of nonlinear systems.
Therefore, this paper aims to close this gap. The Kalman filter has good results in terms
of convergence when applied to linear systems. However, for nonlinear filtering, it is
difficult to discuss the boundedness of the estimation error and it is even more difficult to
add event-trigger conditions. For example, in [25], the proof of the boundedness of the
estimation error is not given for a linear system with event-triggered condition; however,
we give the sufficient conditions for it.

In this paper, the event-triggered MMSE estimator for a linear system proposed
in [25] is extended to EKF for nonlinear systems and both boundedness conditions of the
real estimation error and estimation error covariance matrix are analyzed. Data are only
transmitted when certain conditions are met, effectively reducing the quantity of executions.
However, such a transmission scheme leads to a complicated state estimation analysis.
The linearization of the event-triggered filtering algorithm in nonlinear EKF systems will
introduce step error and lead to the decrease in filtering accuracy. Therefore, it is difficult
to conduct error analysis and design a stable estimator. At the same time, when the initial
state error is relatively large or the system model is nonlinear, the accuracy of filtering will
be severely affected or even diverged. These are the problems to be solved in this paper.

Motivated by the above analysis, this paper has proposed an EKF-based nonlinear fil-
tering algorithm for nonlinear networked systems under event-triggered data transmission.
The main contributions are embodied in the following three aspects: (1) An event-triggered
data transmission scheme is introduced to lower the excessive measurement transmis-
sion. (2) An EKF type filtering algorithm is designed under event triggering for nonlinear
system. (3) Sufficient initial conditions are provided to ensure the boundedness of the
real estimation error and the error covariance matrices. The organization of this paper
is as follow. Problem setup is presented in Section 2. Event-triggered EKF is proposed
in Section 3. Boundness of the real estimation error and the error covariance matrices
are discussed in Section 4. Section 5 and Section 6 present the numerical example and
conclusion, respectively.

Notations: The symbols are standard in this paper. R"” and R"*" represent n-dimensional
vector space and set of the m x n matrices, respectively. tr(-) stands for the trace of a matrix.
X’ and X! represent the transpose and inverse of the matrix X, respectively. X > 0
(X > 0) means X is a positive definite (positive semi-definite) matrix. E[-] denotes the
expectation of a random variable. E[x|y] stands for the expectation value of x with y as the
condition. diag(-) denotes a diagonal matrix. || - || and || - ||e stand for the Euclidean norm
and infinity-norm, respectively.

2. System and Problem Description
Consider the system with nonlinear discrete-time represented by:

Xn4+1 = f(xn> + wy, €))]
Yn = h(xn) + vn, ()

where x, € R! and y,, € R are the state vector and the sensor measurement, respectively.
The process noise w;, € R! and the measurement noise v, € R™ are uncorrelated zero-
mean white noises with the covariance matrices Q,, > 0 and R,, > 0. Assume that at
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each x, the nonlinear function f(x) and the measurement function k(x) are continuous
and differentiable.

In Figure 1, the smart sensor consists of the sensor and event-trigger scheduler. Assume
that the wireless network channel is ideal without packet loss and delay. The smart sensor
transmission vy, is first sent to the event-triggered scheduler at each time n. According
to the value of v, which is calculated based on the event-trigger conditions, the sensor
determines whether to transfer v, to the remote nonlinear estimator.

Smart Sensor

Scheduler
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Figure 1. Networked system communication diagram.

We use the event-triggered communication strategy in [25] to reduce excessive mea-
surement traffic. There exists a unitary matrix I', € R"*" satisfying:

r/n(C"Pnhz—lC;: + Rn)rn = Ay, 3)

where A, = diag(AL, ..., Al’) € R™" and the elements A}, ..., A’ on the diagonal are
eigenvalues of C,, Pn‘n,lC,’1 + Ry Py),—1 is the prediction error covariance and C, is a matrix

related to the system, which will be defined later. If we define S, £ T,A, 1/2 ¢ gmxm
the smart sensor calculates the matrix S, at each time. Define z, = vy, — Jnjn—1 and

€n = Sz, where Unjn—1 is the measurement step prediction. The event-trigger mechanism

is as follows:
’)/ — 0/ Hen ”OO S 5/
" 1, others,

4)

where § > 0 is a threshold which can be fixed to achieve a desired compromise. The desired
tradeoff can be achieved by adjusting the threshold appropriately. We let the set of available
information Z,, at instant n as:

o = {yvo0¥0, -+, YuYu} U{Y0, "+, n}- (5)

Define the a priori and a posterior MMSE estimates £,,,,_1 = E[x4|Z,-1] and £, =
E[xu|Zn]. Let prediction error e, 1, = Xy11 — £,41), and estimation error e, 1,41 =
Xut1 = Zusapug1e Pajno1 = E[enm_le;ln_lﬂn,l] and P, = E[en\ne;mnn] represent the
corresponding error covariance matrix. The Taylor expansions of the functions f(x) and
h(x) are expressed as

. d .
flan) = f(xn|n) + Af €yln T 4)(xﬂrxn|n)r (6)
axn|n
. oh .
h(xy) :h(xn\n—l) + % | len\n—l + lp(xn/xn\n—l)/ )
nmn—
where the functions ¢, ¢ represent the remainder. We define ag{\ - = A, and 3’?3\?1 = C,.

In the calculation of Section 3, we approximate £, by f (J?n|n) + %en‘n and approxi-
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mate /1(xn) by h(xn) = h(2,),—1) + afj‘%en‘n_l, we have §,,_1 = E[h(£,,—1) + Cn(xn —
xAn|n71) +vn] = h<xAn|n71)‘

3. Design of Event-Triggered EKF
Considering the event-triggered transformation, an EKF-type nonlinear filter is proposed:

Je‘rz-&-l\n = f(ﬁn\n)r 8)
Cpin1 = Lngajn T Ynr1Knp1zng1- 9)

Note that when 7,1 = 0, the state estimate £, ), is equal to £, ;- Ky 41 is the
state gain matrix.

Theorem 1. Consider the event-triggered data transmission mechanism (4) under the nonlinear
systems (1) and (2). The error covariance matrices Py 1, Py 1)n41 and the state gain matrix Ky
are given as:

Pn+l|n = Anpn|nA;1 + Qn, (10)
Kyt = Pn+1|nci/1+l (Cn+lpn+1\nc;/1+1 +Rus1) 7 (11)
Pn+l|n+1 = Pn+l\n - [(1 - 'Yn-&-l),B(‘s) + ’Vn-&-l]Kn—l—lCn—i-anJrl\nr (12)

where B(5) = 2-de~ 7 [1-2Q(6)] 1, Q) £ [*T Lo Fdx.

Proof of Theorem 1. We can obtain P, q, = E[enﬂ‘neizﬂ‘nﬂn] = AnPy, A} + Qu by

substitution, which proves (10). We have z,,11 = Cy11€, 11, + Up41 and

E[en+1\n‘z;z+1|zﬂ] = E[en+1\n(cn+1en+l\n +Unt1)] = n+1|ncrl1+1’

E[(Cn+1en+l|n + Un+1)(cn+len+1\n + UnJrl)/‘In} = Cn+1pn+1|nC;1+1 + Ryt1-

Now, from Lemmas 3.3 and 3.4 in [25], one obtains

E[(en-i-l\n - Kn+1zn+1)(en+l|n - K'fl+lzfl+l)/‘jﬂ+1] = Pn+1\n - Kn+1cn+1pn+1|n/ (13)

E[(Enﬂ\n - Kn+1zn+1)zlrl+1K;1+1|jn+l} =0, (14)
Elzy 112y 11(Zus1) = (I = B(6))(Cut1Pus1nCria + Rug1), (15)

where 7,11 = Z, U {741 = 0}. Next, two cases are considered.

(1) vp+1 = 1: Smart sensor sends measurement information to remote estimator in this
case. The estimation error is written as x,, ;1 — 92n+1|n —Kyiizgprand Z, oy = Z, U {yp41 =
1}. Then the estimation error covariance is calculated as follows

Pui1jnr1 = Elen1jnr1€n1pn i1 Znt]
=E[((L - Ky +1Cnv1)eni1pn — Ky 10n41) (I — Ky+1Cnt1)ens1)n
— Ky 1041)' [T 4]
= (I = Kn11Cus1) Puga o (I = K1 Cog1) + K1 Ry 1 Ky g (16)

apn-i—l\n—i—l

= 0. Then,
aKn+1

Take the partial derivative of P, 1, relative to Ky, and let

the filter gain is derived as

Kn+1 = n+1\nciz+1(cn+1pn+l|nciz+l + Rn—«—l)_l‘ (17)
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Substituting (17) into (16) , P, 1),,41 is determined as

P11 = Poyajn — K1 Coga Py (18)

(2) Tn+1 = 0: %, 41)p41 is replaced by £, 4}, due to (9). Then, we let ¢, 1,11 =
ni1n — Knt1Zn41 + Kny12n+1, and we can obtain:

Kn1E[zn 112411 Zns1]Kpg = [1 = B(8)] K1 Crri1 P - (19)

Thus, the calculation process of P, 1,41 is as follows:

Pyiinst =El(Cns1pn — Knr1zur1 + Kur1zni1) (€np1n — Kns1zas1 + Kugazag1) | Zosa

=E[(eys1jn — Knt12n41) @ni1jn — Kns12011)' 1 Zns1] + K1 Blzns1241 [ L]
’ K:z+1 + Kn+1E[Zn+1 (en+1\n - Kn+1zn+1),|jn+1] + E[(ewrl\n - Kﬂ+1zn+1)

: Z:HrlK;erl |jn+1]-

Make some substitutions based on (13)-(15) and (19), P, +1|ny1 I8 written in the form as:

Pn+1\n+1 = Pn+l|n - ﬁ(é)Kn+1Cn+1Pn+l|n' (20)
Finally, combine (18) and (20) , one obtains:

Pn+l|n+1 = Pn+1\n - [(1 - ’)/Vl-‘rl)ﬁ((s) + r)'n-&-l]Kn-l-]Cn-i-an—&-l\n' (21)

This completes the proof. [

Remark 1. Exactly as [25], P, ;1,11 is about the function of 7y, 11 and B(5), and both are affected
by the value of 8. It can be adjusted appropriately to achieve an ideal balance between the communi-

cation rate and the estimated performance. The complete algorithm for event triggering is given in
Algorithm 1.

Algorithm 1 Event-triggered EKF scheduler.

1. Prior estimate and error covariance matrix:
£0|0 = 3?0, Po‘o - PO.
2. Time update:
given
Jen\nr P, n|ns
do
J?n—i—l\n = f(£n|n)r Pn—&-l\n = AkPn|nA]z + Q-
Sensor scheduling: Let the scheduling variable be given by:
0, llexlleo <6,
1, others.
Data transmission: If v, = 1, send y,, to the estimator.
3. Measurement update:
let

Tn =

4 Ky = Pn+1|ncg+1(Cn+1Pn+1|nC,f+1 + Rn+l)7l/
o]

Rprins1 = Bagapn + Vo1 Knor Wn1 — Fpgajn),
P11 = Poyapn — (1= 7n11)B(6) + ’Yn+ﬂKn+1Cn+1Pn+1\nr

where f(6) = 2-0e~ % [1-2Q(8)] ", Q(0) £ [ —Le T dx.
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Vi (en-&-l\n)

4. Estimation Error Analysis
4.1. Boundedness of the Estimation Error

According to (3) and (4), we derive the real estimation errors as:

Cnln = (In — r)/nKnCn)en\nfl - ’Ynan(xn/ J?n\nfl) — YnKnUn,
Cutlln = Ap(xn — £n|n) + (P(xnffn\n) + wn
= An(Il - 'YnKnCn)en|n_1 + my + Sy, (22)
where
My = 4’(xn/92n|n) - fYnAnKnl/J(xn/fn\n—l)r (23)
Sn = Wn — YnAnKyUp. (24)

Next, we will prove that under the event-triggered nonlinear filter, the generated
estimation error is bounded if the following hypothesis holds:

Assumption 1. Considering the event-triggered EKF for nonlinear systems, assume that the
linearization of the nonlinear systems (1) and (2) satisfies the uniform observability condition.
There are positive real constants a, ¢, p, p, 4, q, ¥, r such that the various matrices have the
following boundaries -

Al <@,

ICall <,

gl < Qn <41,

rhy < Ry < 7ly,

L < Pyyqjnr < Poyan < PL- (25)

For all ey, ey > 0 there are 74,17y > 0, such that for all [|x, — £,,,[| < 774 and [|x, —
2yjn—1ll < 17y, there hold

||‘P(xn/ £n|n)|| < £¢||x71 - fn\nHz/ (26)
||1p(xn/56n\n71)” < elPHxi’l - xAn\nHZ' (27)

Theorem 2. Under Assumption 1, there is a constant x > 0, the random noise covariance matrix
has a bound ¢ > 0, i.e., Elw,w)] < €21, E[v,v),] < €1y, and a bound 1 > 0 for the initial
estimation error, i.e., K[|[ey|ol|] < #, so that the estimation error e, 1), is bounded and satisfies the
following inequality

Ellleniapall] < . (28)

Proof of Theorem 2. Define V;,(e,,—1) = e;z|n—1pn_|rlz—1€”‘n*1’ one obtains

_ -1
- €ﬂ+1\npn+1\ne”+l|”

= enq (I — 7nKnCn)’A;Pnj:1‘nAn(Il — ¥uKuC)epjn_1 + m;P;jun[zAn(Il

— ’Y'rlKi’lCTl)ei’llTlfl + mn} + 2S;Pn__&1‘n[An(Il - ')’nKnCn)en‘n,1 + mn]

!/ p—1
+ Snpn+1|n5”' (29)
Next, we will prove that there exist constants d, 1, « such that the following inequality
is satisfied

E[Vn+1(en+l|n” < (1 - d)]E[VYl (en|n71)] + K1 ”en\nfl ||3 + Koe. (30)
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First of all, let us prove:

(I, — Ky Cy) Al P

n|

An(l — 14K, Cy) < (1 —d)P; ! (31)

1
n—1 njn—1°

Under the Assumption 1, one obtains:

q
Pyiipn = AnPynAl +Qu > (1+ %)AnPnMAn. (32)

Then, by using (12) and (17), we have:
(1) When 7, = 1, it can be noted that P, _1C;; = Ky (CyP,|,_1C}, + Rn), one has

Pn\n = Tnln—-1— KnCnPn\nfl + Pn\nflczK; - Pn‘n,1C;K;
= Pn|n—1 - Kncnpn\n—l + Kﬂ(cnpnhz—lcél + RH)K; - Pn|n—1C£lK:l
= (I — KnCn)Pn|n_1(Il — K, Cp)' + Ky R, K],
(2) When 7, = 0, Py, = Pyjy—1 — B(6)KnCuPy|,—1. Notice that B(6) € (0,1) leads to
B(8)% < B(4), then it follows:

Pyjn = Paju—1 — B(6)KnCrPyy—1 + B(6) Pyj—1 CrK5y — B(6) Pyj—1 Cr K3y
= Pyju—1 — B()KnCuPyjn—1 + BO)KnCrPyjy—1(KnCn)' — B(8) Py 1ChKs,
+ /3((5)KHRHK;
> Pyjy—1 — P(O)KnCn Py + 5(‘5)2Kncnpn\n—l(KnCn>/ — B(0)Pyju_1CrKy,
+ ﬁ(&)KHRnK;
= (Il - .B(é)KnCn)anfl(Il - ﬁ(é)KnCn), + ,B(‘S)KanK;
> (I = KnC) Py (I = Ku ).

According to the results of the above two cases and the validity of (32), the desired
inequality relation is obtained as:

q
Pypqpn > (1+ %)Anul — KnCp) Py (I — KyCy)' Ay,

Setting A, (I, — K,Cp) = A, (1+ %)Pmn,1 =B, Py}, = C. From Lemma 6.1 in [15],

suppose that C — ABA’ > 0, then B! — A’C™1A > 0. We have (1 + %)—1 =1- Ezgﬂ

1, one can letd = %, further we can obtain (31).

In the next part, let us show that

mlnp,;:”n[zAn(Il - 'YnKnCn)enm—l + 1] < KlH%\n—lHB' (33)

We know that (17) holds, we derive || K, || < @ under hypothetical conditions. Setting

[lxn—2%

i =0, according to (26) and (27), notice that (23) leads to

Hxn*fnhl—ll

. apc R
Il < G )+ 70 N, o)

apc
< (0%ep + T boey)llen |
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Let k' = o2y —l—'ynTE y, thus [|m,| < K’Henm_le. Since |le,,—1]l < 77y, further

calculation as follows -
! 21 = o1
Pn—&-l\n[ZAﬂ(Il - ’YﬂK"Cﬂ)en\n—l + mi’l] <K ||en\n—l” ?[2{1(1 + PC; Hen\n 1||
+K/771P|‘en|nflmr

take k1 = ' [211(1 + pey 18) + x'17y] one can obtain (33).

The last part we have to prove

Els), Pnjunsn} < Kge. (34)

Since wy, and v, are uncorrelated, the expectation value of the crossterms containing
both will vanish. Using (24), we have:

E[s;Ple‘ns | =E[w), Pn+1\n — Ynwi, P +1‘nAnKnvn — v, K}, Al Pn+11\n
+ VRO ALK, P Ky Antn]
=E[w),, Pnj” wy + Y, ALKYP +1‘ KnAnvy]
1 1 ape
<iE[w§lwn} + E(%)ZE[U;UA.
Let xp = g + %(ﬁlé )2, one can obtain (34). Finally, it follows with (31), (33) and
(34) that (30) holds, which further implies that (28) is satisfied. To sum up, complete the
proof. O

Remark 2. By Theorem 2, the initial error and noise terms are bounded, then the estimation error
remains bounded. The error bounds are quantified in the proof. State estimation is reliable if the
numerically calculated values satisfy the required boundaries.

4.2. Boundedness of the Error Covariance Matrices

We present the following theorem to discuss the bounds of the error covariance
matrices:

Theorem 3. Assume that m = n, for all n, C,, is invertible and its inverse satisfies ||C, || < ¢~
the arrival probability satisfies 0 > 1 — a~2, there are constants p, p > 0, such that

/

EII < Pn—&-l\n—i—l <P n+1|ns (35)
E[Pn+1|n+1] < E[Pn+1\n] < pl. (36)

Proof of Theorem 3. From (11)—(13), let (1 — v,)B8(8) + vn = an(7yu,d), then
Puiajn = AnPujn—1A% — an(n, 6) AnKnCnPyj—1 Ay + Qn

= AnP, \nflA:z - “71(771/5)Anpn\nflczl1(cnpn|nflc‘:z + Rn)_lcﬂpn\nflA:z + Qn
= An[ nn—1 " D‘n(ryn/&)Pn\nflC; (Cﬂpn|n71C;1 + RH)_lcnPn\nfl]A;z + Qn.
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Let CyPy,—1 = M and R, = N, on the basis of Lemma 6.3 in [15], (M + N7t >
M1 — M~INM~1, we obtain:
Pn+1\n < AH{Pn|n71 - "‘n(’ynr5)Pn|nflcr,1[(Cnpn\nflc':l)_l
- (C”Pn|n71C;t>_1Rﬂ(Cﬂpn\nflci/’l)_l]cnpn\nfl}A;l +Qn
<Q1- “Vl(’)’nlé)]AﬂPn\n—lA/n + "‘n('Yn/‘S)An(CanC;)ilA;q + Q.

Observing that C; 'R,,C,; T < 7C;;1C; T < 7c~2I;, Q, < gl then:

Puiajn < [1 = an(yn, 6)|AnPyjy_1 Ay + n (yn, 6)TC 2 An Al + Gl

n .
We now show that for all 1, one has E[P,, 1),] < p ¥ [(1 - 0)a*]/ 1. We prove it by
j=0
mathematical induction. First, notice that (1 — 0)a> < 1 leads to 8 > 1 —a 2, setting

p = max{ || Pypll, 9?—52 + 7}, it follows:
E[Py1] < E{[1 - ao(70,8)] AoP1oAp + a0 (0, 8)7c > Ag Ay + 71}

< (1-0)a*Py + 07c 221 + 71,
(1—6)a*pl, + pl,.

IN

Assume that E[P,, 4] satisfies the inequality E[P,,_1] < p ’io[(l — 0)a?)/I;, next we
calculate E[P,,1,], "
E[Pyiqpn) < {[1 - D‘n(’an‘S)]AnPnM—lA; + ap(yn, 6)Fc 2 A Ay + 41}
< (1= 0)E[@*P,,_q] + 67c @l +q1,
< (-0 L[ - 0@+ pl
n -
=p) [1-0)7)1,
j=0

which completes the proof. [

5. Numerical Simulation

A nonlinear system is shown below:
X0 = X1+ X2 1 + Win-1,
X = —10tsinxy 1 + (1 —#)x2,1 + wp -1,
. X1n
Y1, = 2sin - + U1,

X1,n

Yon = > + V2,1,

where x;, is the state and vy, is the observation , w;, and v, are noises. Covariance matrices
Q = diag(0.01,0.0001) and R = diag(0.1,0.1). Let Py = diag(1,1) and the initial state be
[1,0], filtering cycle t = 0.05s, and take 6 = 1.70. In Figure 2, we can see the results of the
estimation by the Theorem 1 and the event trigger time, and the estimation value is closer
to the real value than the measurement value. Compared with the measurement value, the
estimation value result is more accurate. We trigger 43 times out of 200 moments, saving
the communication energy. In the upper part of Figure 3, we use the Monte Carlo method
to obtain the mean of the results of 10,000 runs. Traces of P,|,_; and P, are shown in the
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middle part of Figure 3. It shows the boundedness of the estimation error covariance and
real estimation error, which verifies the effectiveness of Theorem 1 in this paper. It can
be seen from the above simulation results that the designed nonlinear filter has a better
estimation effect on nonlinear systems.

— truevalue
— measurement value
2 ‘ ‘ — estimation value
©
(o))
>
©
>
~ 0 20 40 60 80 100 120 140 160 180 200
>< T T T T T T T T T
§ oo N e A
o 0
>
©
> _5 ! ! ! ! ! ! ! ! !
1(2- () 0) Qo0 ('n'r» @ 0 o)en 8 100 (0) @ 160 180 200
=ost [N L0 IO L T
O D {82018 S]U IS S}/ S 38 SIe} S 3L RO RO Gy O rireay
0 20 40 60 80 100 12 140 160 180 200

Time, n

Figure 2. The actual state, estimation and event trigger time.

20 T T T T T T T T — average Xl
() ——average x
& gex,
5 O
>
<
-20 1 1 1 1 1 1 1 1 1
> 0 20 40 60 80 100 120 140 160 180 200
8 - trPnln_1
S 1 o tr PnIn -
—
0 1 1 1 1 1 1 1 1 1

0 20 40 60 80 100 120 140 160 180 200
Time, n

Figure 3. The boundedness of the estimation error and covariance matrix.

6. Conclusions

Aiming at the event-triggered mechanism in a nonlinear networked system, a nonlin-
ear filtering algorithm based on EKF is proposed. The event-triggered data transmission
scheme reduces the quantity of measurement transmissions on the bandwidth-limited
network. The convergence of the designed filter is also analyzed, and sufficient conditions
are established to ensure the convergence of the nonlinear filter. Finally, an example is
given to illustrate the feasibility of the method.
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Abbreviations

The following abbreviations are used in this manuscript:

WSN wireless sensor network

KF Kalman filter

MMSE minimum mean square error
EKF extended Kalman filter

UKF untraced Kalman filter

ETC event-triggered control
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