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Abstract: The robust fusion estimation problem of a multi-sensor system with communication
constraints, random packet drops, d-step state delays, and deterministic control inputs is investigated.
The state augmentation method is used to transform the time delay system into a non-time delay
system, and then a robust fusion estimation algorithm based on sensitivity penalty is proposed and
the pseudo-cross-covariance matrix is updated. An event-triggered robust fusion estimator with
state delay and deterministic control inputs is considered to make the model closer to reality while
effectively reducing network congestion and lowering communication costs. Conditions are given to
ensure that the estimation errors of the robust fusion estimator are uniform boundedness. Two sets of
numerical simulations are provided to illustrate the effectiveness of the derived fusion estimator.

Keywords: multi-sensor systems; robust fusion estimation; event-triggered; random packet drops;
d-step state delay; deterministic control inputs

1. Introduction

In the last decade, multi-sensor systems have been extensively studied in path planning [1],
environmental monitoring [2], and path tracking [3], and so on. In multi-sensor systems, the accuracy
and stability of the system are improved due to the joint data collection by multiple sensors. However,
the impact of sensor failures or network attacks in the channel may lead to data transmission time
delay and random packet drop [4,5]. Therefore, the investigation of multi-sensor systems is of great
importance.

Data processing in multi-sensor systems is performed in the form of fusion, and basic fusion methods
include centralized [6,7] and distributed [8,9]. Centralized is ideally optimal, but when the number of
sensors is large, fusion center data processing may be infeasible [10,11]. In contrast, the suboptimal
distributed structure is more stable. As research goes further, adding an event-triggered policy to the
system can reduce the energy consumption of sensors and decrease the communication burden. [12]
proposed a distributed event-triggered policy in which the subsystem broadcasts state information
to neighboring nodes only when the local state error exceeds a specified threshold. [13] proposed a
data-driven transmission strategy based on the idea of minimizing the volume of the non-transmission
area. [14] proposed a trigger decision based on the estimated variance, where a copy of the Kalman
filter is run at the sensor node, and its measurement is transmitted only when the measurement
prediction variance exceeds a certain threshold. The event-triggered policy in [15] is based on a
threshold-based strategy, where the event generator transmits a state measurement only when a signal
exceeds a threshold value. A stochastic-deterministic dynamic event-triggereed condition is proposed
in [16].

At the same time, the treatment of time delay problems of systems has received much attention [17].
The linear matrix inequality (LMI) [18,19] and partial differential equation (PDE) [20,21] methods are
also commonly used in the time delay treatment of systems . The state augmentation method in [22]
converts time delay systems into non-time delay systems with nice results. The method in [22] was
used in [23] for a multi-sensor system, but random packet drop was not considered.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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In the process of system modelling, modelling errors are inevitable, so it is essential that the
estimator performance has no sudden changes when the system parameters deviate from their nominal
parameters in a reasonable manner [24]. Those with this property are called robust state estimators, and
many research methods are available [25-28]. A framework based on regularized least squares (RLS)
is proposed in [25], but the modelling errors are restricted to a specific form. A filter that compromises
the nominal performance and uncertainty robustness is proposed in [26]. A robust state estimator
based on sensitivity penalty is proposed in [27], which is not limited to structure-specific modelling
errors. In addition, a robust state estimator based on the expectation minimization of estimation
error is proposed in [28]. Therefore, it is of great significance to employ robust state estimators in
multi-sensor systems.

In this paper, we investigated the problem of robust fusion estimation for multi-sensor systems with
uncertainty, restricted communication, random packet drops, state delay, and deterministic control
inputs. A robust state estimator based on state augmentation and sensitivity penalty is used at the local
scale. An analytic expression for the robust fusion estimator is derived based on event-triggered and
the pseudo-cross-covariance matrix of the fusion centers is updated. The consistent boundedness of the
estimation error is proved. The effectiveness of the fusion estimator is verified by several simulations.

The rest of this paper is briefly described below. The problem description and a brief description of
the event-triggered policy are given in Section 2. A robust fusion estimator for multi-sensor systems
with state delays, deterministic control inputs, random packet drops, and communication constraints
is derived in Section 3. The boundedness of the fusion estimator is studied in Section 4. Several sets of
simulations are analyzed in Section 5. Section 6 concludes the paper.

2. Problem formulation and some preliminaries

Consider the following discrete-time uncertain linear stochastic system with deterministic inputs
and d-steps state delay

, ) ‘ (1)
Vi=Crler)x+8,1<i<Lk>0,

{xk+1 = Avk (ex) Xk + Ak (k) Xx—a + Buk (€x) i + Bo (k) wi,
where k represents the discrete time and i represents the sensor label. Furthermore, x; is the state, v} is
the measurement, wy represents the process noise, 1 is the deterministic control input, and g}; is the
compound effect of measurement and communication errors.

To guarantee the fitness of the state estimation problem, the following assumptions need to be made.
(a) wy and g;'( are normally distributed with white noise, xg, wy, and g;; are mutually independent
random variables.

E(wy) =0,E(g}) =0,
xg — E (x0) I
E Wy 7| = Qe ,
8k Rydxj

where Iy, Qy, and R}; are known positive definite matrices and J; denotes the Kronecker symbolic
function.

(b) The elements in the matrices Aqy (ex), Azk (€k), Bik (ek), Box (k) and C]i( (er) are known
differentiable functions of the modelling errors, and the modelling errors &; consist of I mutually
independent real-valued scalar bounded uncertainties & kjs i=1,..1

In the process of transmitting the measurement value Y from the sensor node to the fusion center,
the channel may experience packet drops. A random variable  is defined to indicate the success failure
of the communication between the sensor node and the fusion center, taking the value of 1 for the
successful transmission and 0 when the communication channel fails.
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The aim of this paper is to develop a fusion algorithm based on local estimates from each sensor
node for multi-sensor systems with parameter uncertainty, state delay, random packet drops, and
communication rate limitations. To balance communication cost and estimation performance, an
event-triggered policy like in [13] is used in this paper.

Consider the following measurement channel

Y=H¢+g

where Y € R" is the measurement output, 1 € R"™*" is the measurement matrix of the system, ¢ € R"
represents the state, and g € R™ represents the measurement noise. A binary variable is denoted by ¢,
and when t = 1 indicates that the sensor node sends a measurement Y and the other way around. The
specific form of the event-triggered policy is as follows

ti _ OIY - Y S \E/
k— 1, others,

in which Y € R” and & € R" are measurable sets. Generally, the center of mass of E is at the origin,
thatis, [z ¢d¢ = 0. Note that the decision transmission in the event-triggered policy is actually when
the difference between the measured value and the determined measured value is greater than a
threshold value.

The transmission rate, a' € (0,1), for each sensor is derived by lim:_, %Z,f:lE {t}c} = 4. In
addition, for any given desired transmission rate 4’, a threshold = can be easily determined.

Based on Lemma 1 in [13], a virtual measure Y = Y = He + ¢ — v is now defined, where is uniformly
distributed over, and independent of X and g. Suppose, fy(x) = N (x;%,Oy), fc(g) = N (£0,Qy),
fr(y) = N (y; Hx, Q) where Q, = Q¢ + HQ,H. Thus, the optimal transmission strategy is derived
as

v — Hzl2 . > 6,

where 6 = 7,,' (1 — a). The random variable ||Y — Hx||%,, obeys chi-square distribution with degree
of freedom m where 7, is the chi-square distribution function with degree of freedom m.

3. The robust fusion estimation procedure

Considering the effects of state delay and modelling errors on the estimation performance, a robust
state estimation algorithm based on sensitivity penalty in [27] is used to obtain local estimates for
multi-sensor systems. This robust state estimator is derived on the basis of the Kalman filter, based on a
sensitivity penalty to the estimation error of the model uncertainty. A design parameter 7,0 < 71 < 1,
is defined to compromise between nominal estimation performance and performance deterioration
due to modelling errors.

By introducing the augmentation matrix X and augmenting the original system (1) with states, the
system becomes

{Xk+1 = Ay (ex) Xk + By (ex) ux + By (ex) wy, @

yi = Cl(ep) Xp +0,1<i<Lk>0,
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in which,
Al,k (Sk) Onxn Onxn A2,k (Sk)
In 0n><n
Ak (gk) = I, Onxn ,
Il’l OHXH
Bue(er) = | (Bue(ex))” 004 |

Bas () = [ (Bax o)’ 00y |
Cier) = | Ch(er) Ouan |-

As can be seen from the above transformation, the re-modeled system is a discrete linear uncertain
system without state delay. Following the transformation of the system model from (1) to (2), it is
evident that the system matrix dimension changes from n to n (d + 1).

To obtain the locally robust state estimate for the i—th sensor node, we first define several important
matrices S;(, Ti - and T, i, which play a key role in the parameter modification process, as follows:

= [(5:00) " (s5,00)) ]

[(lel (0,0) )

Té,k = {(Tzkl (0,0) )

T

,(T{'kl(O,O))T} ,
<T2kl 010))1

Tl,k =

9C; 44 (ex11) k+1)
i T Oggi1i
Spj(€rrren) = | TFY
Ck+1 (Sk+1
3Ck+1(€k+1)B e ( T
i oe
T . . (ex, € = k+1f ,
L (Ekr E1) Ci (e )aBl,k(Sk)
L k+1 k+1 aSk,]'
ac}i+1(€k+1)B (8) 1
Ti .(Ek € 1) = a€k+1'f 2{( k
2kj \TRr Sied Ci,. (e )aBz,k(Sk) g
L k41 kL) e

ji=12--,1

19l . - S . I
Let . = 7—7" The detailed realization of the robust state estimation algorithm based on sensitivity
k
penalty is given in Algorithm 1.
Here P K and P | , are the pseudo-covariance matrices because ]i| L F E{ (X

%0}

and Pk\k # E{( k k\k) (X — k|k) }
Based on the event-triggered policy in the second part, whether each sensor node sends a local state
estimate to the fusion center is determined by #,. The transmission strategy mentioned above can be

A T
X11<|k) (Xk—

expressed as

&l i
0/ ]| Xige — k\kHQ, <0,

t = ®)

1, others .
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Algorithm 1: The local robust state estimation based on sensitivity penalty

T, \-1_. -1
; Ci(o R Ci(0 . . T, N—1 . . .
1 Inltlallzatlonzpéloz ( ( 0(0 ))1( 0) 0(0) ) X;)\O 6‘0 <C6(0)> (Rf)) yh, in which
2 Set design parameters 7;; ;

+(I1)
(Chteo)" ( aChteo) B
~ - _ . i(g
Iy = <H0 T+ Mo 2§=1 ( ao ) ( 8080,/'0 ) ) ’
80:0
3 fork=1—ndo '
4 a) Replace T1 k' T2 k’ Al 1(0), B} k(O) B (0), Pli|k’ Qx by:

Aoy —1 . 1 . NT .
(Pl ™" = (Pl ™ +uk (S4) sk
. i icini (ci\T i
T = To = MiSiFye (Sk) By%
B3,(0) = Box(0) — i Ax(0)Bl, (51) Thy,

-1

. 1 g AT ,
(Qh) " = (Q0) "+ (Té,k) (I+Vk5k |k (5;«) ) Toxs

fi i i pi i (i T i ini (ci\! qi
A3 (0) = { Ak(0) — 1By (0) Q% (Tz,k) Sk ) \ I — Py (Sk) Sk ) -
i 5 iz ovpi (< ai e (i D 7
By £(0) = B1x(0) — py | Ak(0) Py (Sk) + By (0)Qx (Tz,k) By
5 b) Update the priori pseudo-covariance and pseudo-covariance matrix:

, I . o T

Pl = A0 B AT(0) + B (0)04 (Bix(0))T
P =P P (G (@) (Riy 4+ Cloy (0P, (Cly () B
k1lk+1 T k1l T k+1|k( ke ( )) k1 + G (0) k+1\k( ke ))

X Crp1(0) Py

6 ¢) Update the state of the local estimation:
oi ANl pi i ~i Troi 71
Xk+1|k+1 :Ak(O)Xk‘k + By 1 (0)uy + Pk+1|k+1 (Ck+1(0)) <Rk+1)

x [y;chl = G (0) (A (0) Xy + Bi,k(o)uk)} -

In order to guarantee the transmission rate a', the vector X’il I the positive definite weight coefficient

matrix Q}, and the positive real numbers ' must be chosen appropriately. )A(]i(‘ i 1s the local state
estimate.

Notice that each local state estimate can be interpreted as a measurement y}'( of the true state X
collected through the virtual measurement channel defined as

Yi = X = X+ (X — Xi0), )

where the estimation error )A(Iic‘ « — X can be regarded as virtual measurement noise.

Now, considering only the event-triggered policy, (4) is corresponding to the measurements received
by the fusion center from sensor node i, that is, t;; = 1. When sensor data is not transmitted, (4) will be
replaced by

Yi = X = Xi+ (R — Xx) = vk - ©)
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Here v}; is uniformly distributed within the ellipsoid mentioned in (3) and is not correlated with the
estimation error X,i‘ r — X

According to the event-triggered policy, when there is packet drops in the communication channel
from the estimator to the fusion center, the virtual measurement channel can be replaced with

I B S
Yi R e =17 =0, (6)
Kot =0,

where r;'{ is explicitly utilized in (6) to indicate whether packet drop occurs in sensor transmission
to the fusion center and r; = {0,1}. The state of the multi-sensor system is shown in Table 1. For
simplicity, the event-triggered is abbreviated as ET and the success of the transmission is simplified as
PD. The X,’;‘ t_1 in (6) is the predicted values of the i—th sensor node for moment k. n,i is the virtual
measurement noise of the i—th virtual channel for moment k, which can be derived by
K1 - 'A;cle;c—ukq + B g te-1s
Xll<|k — X te=1r.=1,
@)

M= K1 = Xeofp =11k =0,
R — Xk — 8ty =0.

Table 1. Multi-sensor system state

ET ; i
PD k=0 k=1
=0 No transmission  Packet drop
=1 ~ Normal

The fusion estimation with both random packet drops and event-triggered polices is investigated
and the following matrices are defined as
1
= 7

I (8)

2
i=1

Y, = col {t}( (r};f(,gk - (1 - r]lc) X}i\kA) + (1 - ti) Xk
.. . : !
M = col{ (t}cr}( + (1 - t}() ) (Xipe — Xi) i—1}

+ col { t (1 — ri) (X,Qk,l — X) ‘i_l} + Col{ (1 - ti) 8k
H = col (Il

|l
i=1/)"

The information in the fusion center is obtained from the virtual measurement channel

Y = HXg + 1.

In accordance with the best linear unbiased criterion (BLUE) in [29], we can obtain the fusion
estimate and its error covariance matrix.

Rye = (HTP'H) T HTRY,,
©)
P = (H"P 'H) o
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In (9), P is the covariance matrix of the virtual measurement noise, which is the global error
covariance matrix of the estimation error. From 7 in (8), the expression of Py can be obtained as

- ti) n+2 (Qk) B |5’:1}'

Dy = Iy +diag { (1

(10)
inwhich Ty = Ty + T2 + 1“,{’2 + I'k3. The matrices I'y 1, I'y , and I 3 in the formula are equal to
[ 1 1,1 1 1 pll
(‘7 1,k> Py 1 k0 kP
Tia : : ,
/1 1 1,1
i 0141 JPxk (‘71,k) Pk|k
1 4 pLl
0 71105 kD) klk—1
Tip = : , a
pl,1
7] 1k%2, kP klk—1 0
[ 4 11 11
(‘Tz,k) P 3 K0 xPrk—1
T3 = : : ,
1,1 1 1,1
i ‘72 k92 kPk\k 1 (%,k) Pk|k 1
Then, we consider the state estimation errors of the following dynamic system
XkJrl = A;{Xk —+ Bikuk + Bélkwk, (12)
y;'( = C_,iXk—l-g;;,l <i<l.
The following relationships can be easily obtained
oi rap (e N (ri ) e !
X1 =Ko = | T+ Pepak ( k+1> (Rk+1) k1
x| AR (X —Xje) + By wk}
[ o (i T A 1T (13)
— | (Pesape) — + (Cllc+1) (R;<+1) Cll<+1]
=i T ; -1 ;
x (Ck+1) (Rk+1) Ok+1/
Xk+1 _Xlic+1|k = A;; (X — Xlic\k) + Bé,k W -

Accordlng to the above equation, the explicit expressions for the three pseudo mutual covariance

matrices Pk TRy Pkil\ pand P in (11) can be derived as follows

k+l|k

r T
Pliil|k+1: I= Pl (Clchrl)_' -
< (Gl (Chn) +Rin) Gl
X :AkPIZ|]k(A]) +B§,ka(Bé,k)T}
y RE k+1\k(C1]c+1)T L '
(Ck+1pk+1|k(ci+1) +R§<+1> Cian
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-1
P

o= (14 Pl (Ga) (8) et)
x [Pl (AD)T + BLeQe (BT
Pk+l|k =AiP k|k( A’ + Bé,ka(B;k)T,
P = I- k+l|k( k+1) L
o <Ck+1pk+1|k (Cllc+1> +R;<+1) Cint
{Ai b Ii\lk (A + Bj i Qk (Byy) T}
_ I- Pli+l|k (Clic+1)T )

X o \T .
(Czlc+1 k+1[k (Cll<+1) +R}<+1) Crin

X

+ (CIZ<+1) (R;‘c-i-l)il C_]i(+1 B (Cll.{Jrl)T (R;,<+1)_1

-1
+(Pli+1\k)
('i i\ A -
y ) (Ris) G
xCppq i 1 ’
+(PkJr1|k)

. . i,i _ i .o i . _ . .
in which p; Mk = D e b= 1, /N. P k1 18 @ pseudo-covariance matrix in robust state

. . s Pl i
estimation. Thus, there is P, k1 # P, ISTARE

4. Some properties of the fusion estimator

This section has the goal of investigating the steady-state properties of event-triggered robust
fusion estimators for multi-sensor systems with deterministic inputs, random packet drops, and
state delays. Assume that the modelling errors ¢ ; in this section are within the set £, £ =

{S‘Sk,j‘ <1,j=1,2,---,1}. The matrices A1 (0) O"X;‘(dfl) %Zk (0) ], l %’k (0) ] and
nd ndxn nxdn

{Cf{ (0) Omxdn} are denoted as My, F; and O,i(, respectively. In addition, the following assumptions
need to be made.

(A)A1x (0),A2x (0), Bi (0), Box (0), CL (0), RL, Qy, Si, T{,k' Té,k' and 7! are time-invariant.

(B) The uncertain linear system of (1) is exponentially stable in the sense of Lyapunov and the
matrices A1 (¢x), Aok (€k), Bik (€x), Bak (€k), C,i( (ex), Ik, R}'(, Q, are bounded whenever k > 0 and
g €E&.

(C) For every sensor node, ( Mk, N}C) is detectable and the following matrix pair is detectable

T

. ™-1
M = A (Sfc)T< n@+1) +ALT ka( ) > Tika(Fk)T

NI

1

( n(d+1) +)\ka ( 2k> Té,leg) Q7 (Fk)T

(R) 0]

where N]lc = \/7 .
ALSE
k=k
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Theorem 1. Suppose that Assumptions (A), (B) and (C) hold and that each sensor transmits local estimate
)A(]"{| i according to the event-triggered policy. If the weight matrix Q}c of the sensor node satisfies the condition

QL>w'l (14)
or some vositive real number ', the estimation error Xx — X, is consistently bounded for any vossible choice
p K|k Y yp

of {X,ilk,k €7y }, which means

L2
lim sup E {HXk —Xk|kH } < +o0.

k—oo0
Proof of Theorem 1. Let X be the estimate obtained at time k through Yj instead of Y}, Yy =
col {ai,kf(,’;k + Ué,kXIiM—l ’i’:l }, which gives
R = X+ (H' B! H)_l H P (v — Vo),
so we have
E{ 11X = Keel*} < 2E{ 1% — K}
2| (e H (15)
<E{[|Yi — ¥]*}.

Taking into account the first term on the right-hand side in (15), since X is based on the vector 7,

the following inequality can be obtained

_ 2 o -1
E{HXka|kH }<tr (HT P H) . (16)

According to Assumptions (A), (B), and (C), then P;fllk is convergent, and p;;"ik,l and Pli]ik—l are also
convergent. The estimation error has a bounded covariance matrix at each k [30]. This indicates that I';
is converged and the estimation error covariance matrix is bounded.

From the inequality condition in Theorem 1, and the remainder of P;, we can obtain

r((1-4) - (al) ) = (1-4) ni—Ztr (o))

' r (17)
= (1_5‘) (n+2)wi’

2
Hence, the uniform boundedness of E { HXk — Xy kH } can be obtained by (16). Now it is only

necessary to prove that the second part of the right-hand side of inequality (15) is uniform boundedness.
Under the inequality condition in Theorem 1, it can be obtained as

o oi |12 Mer o |12
HX;<|k_X71<|kHQ;‘(zleXlldk_XIldk” : (18)

When t}c = 0, it means that there is || X!

e~ Xlil k||2 < @'. Furthermore, it can be obtained that
O

||Xli|k — Xli(lkHz < @'/ W', then | Yk —YkHz <x!_, 6"/ @' The proof is done. [

To minimize the volume of the non-transported region, )_(i‘  and ()} can be appropriately denoted as
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i i Al i
Xk ™ Xko1= A1 Ko 1e—1/
, _ ! (19)
Ql - %Pl _ 7
k tr<P;<|k—1) klk—1
i ii
T k1P
. AP - i i = \T  pi Al B T
in which P, , = Ag +0 1Pk 12 (Ak-1)" + By 4 Qpq (Byyq) - Two

. i N |

+(1-t ) 5 (0 )

methods exist for determining the local prediction of X; as per (19). The first method, utilized
in this paper, is local estimation based on sensor nodes. This fusion estimation method does not
necessitate broadcasting but requires each sensor node to retain past information. The second method
is based on the k — 1 moment fusion estimation )A(k71| k—1-

5. Numerical simulations

This section cites the tractor-car system detailed in [31], shown in Figure 1, and extends it to a
multi-sensor systems for sample simulations. The performance of the derived robust fusion estimator
is demonstrated through comparison with the Kalman filter based on actual and nominal parameters
using the same fusion method across two distinct sets of numerical simulations with modelling
errors(fixed or not), and varying transmission rates and packet drop rates. This numerical simulation
consists of two sensors. For each set, 500-time experiments were conducted, with 200 moments
designated for each set, generating 200 input-output data pairs. In the simulations, the overall average

5 2 N
estimated error variance E H Xk — Xk H ~ ﬁz;@l HXk — X]E{k) H2 is computed for each moment and
the implementation of event -triggered and occurrence of packet drops are displayed.

Figure 1. The tractor-car system

Since the vehicle steering and directional angles in the tractor-car system of Figure 1 are nonlinear, it
can be linearized and expressed as

k k k
X, = <1.0000 - ”L) x+ (Z’L - 0.2296) X+ (0.1764 + Z’L) 22
+ (0.1764 - va) Xt + (0.9804 + va) wp + (0.9804 + va) u,

ok ok ok (20)
K2 = (1.0000 - L) X7+ (L - 0.2296) 3+ (0.9804 T L) w?

+ <0.9804 + va) u,

in which x,l, x,%, Uy, W, x,%_ ;and x,%_ ; are the direction angle of the tractor, the direction angle of the car,
the tractor steering angle, the process noise, d-step time delay for state 1, and d-step time delay for state

T
2, respectively. x; is the state vector, x; = [ x,l x% } . L, k, and v denote the length of the tractor, the
sampling period, and the constant speed, respectively. Considering the system errors at linearization in
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the form of modelling errors ¢; substituted into the system model, the matrix parameters are obtained

as
1.0000 — 2% 0.1764 + % + ¢,
A — L L ,
1k (e6) [ 0.0000 1.0000 — %
vk vk
% 02296 0.1764+ % + ¢
A — L L ,
2k (k) [ 0.0000 % 02296

(21)
By, (e) = | O80T gk 0.0000
VR 00000 0.9804 4 8

7

By (e0) = 0.9804+ % 0.0000
2T 00000 09804 4 B

In the numerical simulation, each parameter is taken as L = 500 cm, k = 0.1s, and v = 98 cm/s, and
a two-step state delay system was used. The matrix parameters are as follows

Ay (e = 0.9804 0.196 + 1.99,
LEAEES =1 0,0000 0.9804

Ao (e1) = —0.2100 0.196 + 1.99;
P2 0.0000 ~0.2100 ’

B, (cy) = 1.0000  0.0000 (6 = 1.0000  0.0000
LEEES =1 0,0000 1.0000 | 772K 7 10,0000 1.0000 |’

Ch (e¢) = | 1.0000 —1.0000 |, CZ(ef) = | 04000 —05000 |,
R} = 1.0000, R? = 1.0000,

0 = 1.9608 0.0195 | 1.0000 0.0000 | 1.0000
k7100195 19605 |“~° | 0.0000 1.0000 |’ F | 0.1000 |°

The packet drop process r;‘( is assumed to be a stationary Bernoulli process. A constant value of
0.7300 is assigned to the filter design parameter 7;.

In Case 1, the modeling errors ¢; are assumed to be a fixed value of -0.8508. The transmission and
packet drop rates for both sensors are set to 0.8 and 0.2, respectively. Figure 2a illustrates the fusion
estimation error over time, demonstrating that the robust fusion estimator proposed in this study
outperforms the Kalman filter based on nominal parameters by approximately 7.800 dB. Figure 2b,c
depict the transmission of the two sensors and the packet drops of the communication channel,
respectively. To clearly reflect the execution of the event-triggered, t}; is inverted and r;'( is treated
similarly.

The modelling errors ¢ are generated randomly and independently, conforming to a normal
distribution with a truncation. The mean, standard variance, and truncation values of the normal
distribution are set to 0.0000, 1.0000, and 1.0000, respectively. Figure 3a illustrates that the derived
estimator surpasses the performance of the Kalman filter based on nominal parameters. The
transmission of the sensor and channel packet drops are shown in Figure 3b,c, respectively.
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Figure 2. ---x--: the Kalman filter based on actual parameters; ---x---: the Kalman filter based on nominal
parameters; —()—: the method of this paper; O: sensor 1; (): sensor 2. Data transmission rate: 0.8.
Packet drop rate: 0.2. Modelling errors gy = —0.8508.
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Figure 3. ---x--: the Kalman filter based on actual parameters; ---x---: the Kalman filter based on nominal
parameters; —()—: the method of this paper; O: sensor 1; O: sensor 2. Transmission rate: 0.8. Packet
drop rate: 0.2. The modelling errors ¢ are taken to a normal distribution with truncations.

In Case 2, the derived robust fusion estimator is tested using different transmission rates and packet
drop rates. The modelling errors are the same as in Case 1 with a truncated normal distribution. It can
be seen in Figure 4 that a higher transmission rate gives a better performance of the estimator because a
higher transmission rate gives more estimates received by the fusion center and more accurate results.
It is reasonable to observe from Figure 5 that a higher packet drop rate results in worse estimation
performance. The performance deterioration from lower transmission rates is lower than that from
high packet drop rates.

As can be seen from the two sets of simulations, the proposed robust fusion estimator exhibits
relatively better performance compared to the fusion estimator that ignores uncertainty. The derived
robust fusion estimator is still applicable when the selection of modelling errors is not limited to the
particular structure. The results show that the method is an effective multi-sensor fusion method in
practical applications.
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Figure 4. —o—: transmission rate 0.4; —s—: transmission rate 0.8. Packet drop rate: 0.2. The modelling
errors g are taken to a normal distribution with truncations.
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Figure 5. —o—: packet drop rate 0.8; —x—: packet drop rate 0.4. Transmission rate: 0.2. The modelling
errors ¢ are taken to a normal distribution with truncations.

6. Conclusion

This paper takes into account the presence of deterministic inputs and state delay influences in the
system based on the investigation of robust fusion estimators for multi-sensor systems with uncertainty,
random packet drops, and transmission constraints. The model transformation is carried out for the
state delay using the state augmentation method, and the pseudo-cross-covariance matrix is updated. It
is demonstrated that the estimation error of the fusion estimation is uniform boundedness. Numerical
simulations were performed using a tractor-car system to verify that the estimation performance of the
updated estimator is better than the Kalman filter based on nominal parameters. Since the modelling
errors are not restricted to a specific structure, the proposed fusion estimator has a wide range of
applicability. In addition, follow-up work on the tractor-car system example is still in progress, and
the further stage is to apply the algorithm designed in this investigation to a practical case.
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