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In order to reduce the transmission pressure of the networked system and improve its robust performance, an adaptive innovation
event-triggered mechanism is designed for the frst time, and based on this mechanism, the robust local fltering algorithm for the
multi-sensor networked system with uncertain noise variances and correlated noises is presented. To avoid calculating the
complex error cross-covariance matrices, applying the sequential fusion idea, the robust sequential covariance intersection (SCI)
and sequential inverse covariance intersection (SICI) fusion estimation algorithms are proposed, and their robustness is analyzed.
Finally, it is verifed in the simulation example that the proposed adaptive innovation event-triggered mechanism can reduce the
communication burden, the robust local fltering algorithm is efective for the uncertainty generated by the unknown noise
variances, and two robust sequential fusion estimators show good robustness, respectively.

1. Introduction

It is well known that Kalman fltering algorithm is the most
widely used fltering method at present. However, the tra-
ditional Kalman flter requires precisely known model pa-
rameters and noise variances, and the above requirements
cannot be easily satisfed in practical applications. When the
sensor system is in the stochastic uncertain state, the tra-
ditional Kalman flter will decrease the accuracy or even
diverge [1], which can be improved by designing a robust
Kalman fltering algorithm to cope with all allowable un-
certainties and obtain the minimum upper bound on the
actual fltering error variance [2]. Te robust Kalman esti-
mator was designed for the sensor systems with mixed
uncertainties by converting the original system to a new
system with uncertain noise variances only by the fctitious
noise technique in [3].

Kalman fltering algorithm was frst applied in single
sensor systems, but with the rapid development of the
network communication technology, more and more sen-
sors are widely used in military, aerospace, transportation,

and other felds [4], and the data of each node (sensor) are
transmitted through communication channels, which form
the sensor networked system. Multi-sensor information
fusion techniques, fusing and processing information from
multiple nodes, have been developed to obtain more ac-
curate data. Currently, the basic fusion methods in the feld
of state estimation are centralized fusion and distributed
fusion methods. Te centralized fusion method uses all
information to obtain the global optimal estimation. But in
actual applications, a large amount of data should be han-
dled, so the computational burden of the centralized fusion
method is high and its fault tolerance and reliability are poor.
Te distributed fusion method fused the local state esti-
mation transmitted from each local sensor to the fusion
center, whose mainstream methods include the distributed
fusion algorithms weighted by matrices [5], diagonal ma-
trices [6], and scalars [7]. Tose algorithms have lower
accuracy but a less computational burden and a parallel
structure with higher fault tolerance.

Many results have been achieved in the research on the
networked systems with uncertainties. In [8–10], the local

Hindawi
Computational Intelligence and Neuroscience
Volume 2022, Article ID 8228525, 15 pages
https://doi.org/10.1155/2022/8228525

mailto:gaoyuan_hlju@163.com
https://orcid.org/0000-0002-5786-5027
https://orcid.org/0000-0002-9438-0416
https://orcid.org/0000-0002-5391-4768
https://orcid.org/0000-0003-1066-5391
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/8228525


and fused robust time-varying Kalman predictors, flters,
and smoothers were proposed for uncertain systems with
uncertain noise variances. Te robust Kalman estimators
were designed for sensor systems with mixed uncertainties
in [11], which was achieved by converting the original
system into a new system with uncertain noise variances
and applying the augmented state, derandomization, and
fctitious noise technologies.

In the networked systems, some factors, such as the
discretization of the continuous system [12, 13], the nor-
malization of the generalized system [14], the environment
involving the same noise source, and so on, will lead to the
correlation between the process noise and the observation
noise from the single sensor or that between the observation
noises from two diferent sensors. In [15], an optimal se-
quential fltering algorithm was proposed for linear time-
varying discrete systems, where the observation noises are
cross-correlated. In [16], a distributed fusion flter was
presented for the multi-sensor system with fnite-step au-
tocorrelation of process noises and cross-correlation among
observation noises, using the matrix-weighted fusion esti-
mation algorithm.

Some research works focus on the sensor networked
system with both uncertainties and correlated noises. A
distributed weighted fusion robust Kalman fltering algo-
rithm was proposed for uncertain networked systems with
one-step autocorrelated and two-step cross-correlated
noises in [17]. In [18], a robust extended Kalman flter was
proposed for nonlinear discrete-time systems with unknown
inputs and correlated noises.

Te above-used fusion methods require known esti-
mation error cross-covariances among the local sensors
exactly, which are not easily available in practice, while
covariance intersection (CI) fusion algorithm can overcome
this weakness and reduce the computational burden sig-
nifcantly [19]. Inverse covariance intersection (ICI) fusion
algorithm was proposed in [20, 21], which was proved to be
less conservative than CI fusion algorithm and has tight
consistency. To extend the above two fusion algorithms to
the multi-sensor systems and reduce the computational
burden and the complexity of the batch algorithm [22, 23],
based on the sequential fusion idea [24], the sequential
inverse covariance intersection (SICI) fusion algorithm was
proposed in [25, 26], which is equivalent to the multiple two-
sensor ICI fusion estimation, inherits the advantages of ICI
fusion algorithm, and is more suitable for the actual
applications.

Te sampling period is usually set in the traditional
multi-sensor networked systems, which means that the
time-triggered mechanism is used for data transmission.
But due to the limited bandwidth, the transmission process
may generate packet loss, while using an event-triggered
mechanism can reduce the transmission pressure of the
networked system and save the cost of communication
resources. So, more researchers are concerned with the
study of the event-trigger mechanisms. For example, the
mode-dependent event-triggered mechanism was designed
for the discrete-time fuzzy Markov jump singularly per-
turbed systems in [27], and the adaptive event-triggered

mechanism was designed for the semi-Markovian
switching cyber-physical systems in [28]. Based on the
innovation triggering mechanism [29], an optimal state
estimation algorithm for a multi-sensor system with cor-
related noises was presented by an iterative white-noise
estimator, which can signifcantly reduce the communi-
cation requirements compared with the traditional time-
triggered scheme, although the estimation performance is
slightly degraded. In [30], based on an innovation event-
triggered mechanism, a distributed fusion estimation al-
gorithm was proposed for the multi-sensor nonlinear
networked system with stochastic transmission delays,
which reduced the measurement transmission data from
each communication channel and ensured the estimation
performance. Under the linear minimum variance crite-
rion, based on the innovation event-triggered mechanism,
an event-triggered optimal sequential fusion flter for the
multi-sensor correlated-noise systems was proposed in [31]
to reduce the communication rate from the local sensors to
the fusion center. However, none of those mentioned re-
search studies consider the situation that the networked
system has both uncertainties and limited communication
resources simultaneously.

In order to reduce the network transmission pressure
and the computational burden on the fusion center and to
improve the robustness of the estimators, an adaptive in-
novation event-triggered mechanism is presented, and for
the multi-sensor networked systems with unknown noise
variances and correlated noises, based on the arriving order
of the local robust estimators at the fusion center, the se-
quential covariance intersection and sequential inverse co-
variance intersection fusion robust estimation algorithms
are presented. Te above sequential fusion algorithms can
avoid the calculation of the estimation error cross-covari-
ance matrices, solve the networked uncertainties brought by
the unknown actual noise variances and actual error cross-
covariances, and reduce the risk of data transmission failure.
Tey have good stability and robustness and are more
suitable for real-time application.

2. Problem Description

2.1. System Model. Considering the linear discrete time-
varying multi-sensor networked systems with uncertain
noise variances and correlated noises,

x(k + 1) � Φ(k)x(k) + w(k), (1)

yi(k) � Hi(k)x(k) + vi(k), (2)

vi(k) � ηi(k) + βi(k)w(k − 1), i � 1, · · · , L, (3)

where x(k) ∈ Rn is the state, w(k) ∈ Rr is the process noise,
yi(k) ∈ Rmi is the observation of the ith sensor, vi(k) ∈ Rmi

is the observation noise of the ith sensor, and ηi(k) ∈ Rmi is
the white noise uncorrelated with w(k). Φ(k), Hi(k), and
βi(k) are the time-varying matrices with n × n, mi × n, and
mi × r dimensions, respectively, and L is the number of
sensors.
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Assumption 1. w(k) and ηi(k) are uncorrelated white noises
with zero mean and uncertain actual variance matrices �Q(k)

and �σ2ηi
(k), respectively, whose conservative upper bounds Q,

σ2ηi
(k) are known and satisfy the relations

�Q(k)≤Q(k), �σi(k)≤ σi(k), i � 1, · · · , L,∀k. (4)

From (3) and Assumption 1, vi(k) is a white noise with
zero mean, uncertain actual variance matrix
�Rij(k) � �σ2ηi

(k)δij + βi(k)�Q(k − 1)βTj (k), and conservative
variance matrix upper bound Rij � σ2ηi

(k)δij + βi(k)Q(k −

1)βTj (k), which satisfes the relation
�Rij(k)≤Rij(k), i � 1, · · · , L,∀k. (5)

Te uncertain actual one-step correlation matrix be-
tween w(k) and vi(k) is �Si(k) � �Q(k − 1)βTi (k), and it yields

E
w(k − 1)

vi(k)
  w

T
(t − 1) v

T
j (t)   �

�Q(k − 1) �Sj(k)

�S
T
i (k) �Rij(k)

⎡⎢⎢⎢⎣ ⎤⎥⎥⎥⎦δkt, (6)

where δkk � 1, δkt � 0(t≠ k).

Assumption 2. Suppose that the state x(0) has the mean μ0
and the uncertain actual variance matrix �P(0|0) and is
uncorrelated with w(k) and vi(k), i.e.,

E[x(0)] � μ0,E x(0) − μ0(  x(0) − μ0( 
T

  � P0,

E x(0)w
T
(k)  � 0,E x(0)v

T
i (k)  � 0, ∀k,

(7)

where exists the relation
�Pi(0|0)≤Pi(0|0), (8)

where Pi(0|0) is the known conservative upper bound of
�Pi(0|0).

2.2. Adaptive Innovation Event-Triggered Mechanism. In
order to reduce the pressure of network communication
transmission, an adaptive innovation event-triggered
mechanism is designed, introducing Bernoulli random
variable ci(k) to describe the transmission state of the ith
sensor and defning the innovation εi(k) as the diference
between the observation and its estimation, i.e.,
εi(k) � yi(k) − ŷi(k|k − 1). When the product εT

i (k)εi(k) of
the ith sensor exceeds the threshold value θi, the current
observation will be transmitted; otherwise, no transmission
will be performed. It can be described as

ci(k) �
1, εT

i (k)εi(k)> θi(k),

0, otherwise,

⎧⎨

⎩ (9)

with the threshold value

θi(k) � ae
−b+c εi li(k)( )‖ ‖2, (10)

where a, b, c≥ 0 are the appropriate parameters and li(k)

denotes the last triggered moment, updated with time

li(k) �
k,

li(k − 1),


ci(k) � 1,

ci(k) � 0.
(11)

If the product εTi (k)εi(k) does not exceed the threshold
value of the last transmission moment, the threshold value
will remain unchanged; otherwise, since the threshold value
is a monotonically decreasing function on [0, +∞), the
threshold value will decrease with the increase of the in-
novation, and thus it will perform the adaptive regulation.
When a � 0, the adaptive innovation event-triggered
mechanism will degenerate to the conventional time-trig-
gered mechanism, and when c � 0, it will deteriorate to the
event-triggered mechanism with a fxed threshold value.Te
structure diagram of the adaptive innovation event-triggered
mechanism is shown in Figure 1.

Tis paper aims to propose the robust SCI and SICI
fusion estimation algorithms for multi-sensor networked
systems with uncertain noise variances and correlated
noises, based on the adaptive innovation event-triggered
mechanism.

3. Robust Local Filtering Algorithm

For a multi-sensor networked system with known conser-
vative upper bounds of noise variances and correlated
noises, based on the adaptive innovation event-triggered
mechanism, the classical Kalman fltering theory is applied
to the following lemma.

Lemma 1. (see [32]). Under Assumptions 1 and 2, based on
the adaptive innovation event-triggered mechanism, the local
conservative recursive Kalman flter for the uncertain net-
worked systems (1)–(3) is

x̂i(k|k) � x̂i(k|k − 1) + ci(k)Ki(k)εi(k),

Pi(k|k) � Pi(k|k − 1) − ci(k)Ki(k)Qεi
(k)K

T
i (k),

εi(k) � yi(k) − Hi(k)x̂i(k|k − 1),

Qεi
(k) � Hi(k)Pi(k|k − 1)H

T
i (k) + Hi(k)Si(k)

+ S
T
i (k)H

T
i (k) + Rii(k),

Ki(k) � Pi(k|k − 1)H
T
i (k) + Si(k) Q

−1
εi

(k),

x̂i(k + 1|k) � Φ(k)x̂i(k|k),

Pi(k + 1|k) � Φ(k)Pi(k|k)ΦT(k) + Q(k),

x̂i(0| − 1) � μ0, Pi(0| − 1) � P0,

(12)

with one-step prediction error variance Pi(k + 1|k) which
satisfes the Riccati equation

Computational Intelligence and Neuroscience 3



Pi(k + 1|k) � Φ(k)Pi(k|k − 1)ΦT(k)

− Φ(k)Pi(k|k − 1)H
T
i (k) +Φ(k)Si(k)  Hi(k)Pi(k|k − 1)H

T
i (k) + Hi(k)Si(k) + S

T
i (k)H

T
i (k) + Rii(k) 

− 1

× Φ(k)Pi(k|k − 1)H
T
i (k) +Φ(k)Si(k) 

T
+ Q(k)

(13)

When the local sensor does not meet the threshold con-
dition at some moment, the estimator cannot receive the
observation, and then the estimator will perform a prediction
at that moment.

Remark 1. Te conservative observations are unknown and
not available, since they can only be theoretically generated
by the worst-case systems with known conservative upper
bounds Q(k), Rii(k), and Si(k) of noise variances, while the

actual observations generated by the actual system (2) with
actual unknown noise variances �Q(k), �Rii(k), and �Si(k) are
available. Terefore, the local Kalman flter only can be
obtained using the actual observations in Lemma 1, which is
called the conservative Kalman flter.

Defning the augmented noise
λi(k) � [wT(k − 1), vTi (k)]T, the conservative and actual
covariance matrices between λi(k) and λj(k) are

Λij(k) � E λi(k)λTj (k)  �
Q(k − 1) Sj(k)

S
T
i (k) Rij

⎡⎢⎢⎣ ⎤⎥⎥⎦ �
Q(k − 1) Q(k − 1)βTj (k)

βi(k)Q(k − 1) βi(k)Q(k − 1)βTj (k) + σ2ηi
(k)δij

⎡⎢⎢⎢⎢⎣ ⎤⎥⎥⎥⎥⎦, (14)

�Λij(k) �

�Q(k − 1) �Sj(k)

�S
T
i (k) �Rij

⎡⎢⎢⎣ ⎤⎥⎥⎦ �

�Q(k − 1) �Q(k − 1)βTj (k)

βi(k)�Q(k − 1) βi(k)�Q(k − 1)βTj (k) + �σ2ηi
(k)δij

⎡⎢⎢⎢⎣ ⎤⎥⎥⎥⎦. (15)

Te local fltering errors can be derived as

xi(k|k) � x(k) − x̂i(k|k) � Ψfi(k)xi(k − 1|k − 1)

+ Γi(k)λi(k),
(16)

where

Ψfi(k) � In − ci(k)Ki(k)Hi(k) Φ(k − 1),

Γci

i (k) � In − ci(k)Ki(k)Hi(k), −ci(k)Ki(k) .
(17)

From (16), according to Assumptions 1 and 2 and the
projection theory, it is easily known that w(k − 1), vi(k) and
xi(k − 1|k − 1) are not correlated.

When ci(k) � 1, the local conservative fltering error
variance matrix Pi(k|k) � E[xi(k|k)xT

i (k|k)] satisfes the
Lyapunov equation

Pi(k|k) � Ψ1fi(k)Pi(k − 1|k − 1) Ψ1fi(k) 
T

+ Γ1i (k)Λii(k) Γ1i (k) 
T
,

(18)

where

Ψ1fi(k) � In − Ki(k)Hi(k) Φ(k − 1),

Γ1i (k) � In − Ki(k)Hi(k), −Ki(k) .
(19)

When ci(k) � 0, the local conservative fltering error
variance matrix Pi(k|k) satisfes the Lyapunov equation

Pi(k|k) � Ψ0fi(k)Pi(k − 1|k − 1) Ψ0fi(k) 
T

+ Γ0i (k)Λii(k) Γ0i (k) 
T
,

(20)

where

yi (k)

ŷi (k | k–1)

li (k) = li (k–1)

li (k) = k

x̂i (k | k–1)

1–γi (k)

γi (k)

θi (k)

εi (k)

yi (k)

Sensor i

Estimator i

Figure 1: Adaptive innovation event-triggered mechanism structure diagram.
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Ψ0fi(k) � Φ(k − 1),

Γ0i (k) � In, 0 .
(21)

To sum up, the local conservative fltering error variance
matrix Pi(k|k) satisfes the universal Lyapunov equation

Pi(k|k) � Ψfi(k)Pi(k − 1|k − 1)ΨTfi(k)

+ Γci

i (k)Λii(k) Γci

i (k)( 
T
,

(22)

with the initial value Pi(0|0) � P0.
Similarly, according to Assumption 1, the actual local

fltering error variance matrix �Pi(k|k) satisfes the Lyapunov
equation

�Pi(k|k) � Ψfi(k)�Pi(k − 1|k − 1)ΨTfi(k)

+ Γci

i (k)�Λii(k) Γci

i (k)( 
T
,

(23)

with the initial value �Pi(0|0) � P0.
When ci(k) � 1 and cj(k) � 1, the actual local fltering

error cross-covariance matrix �Pij(k|k) � E[xi(k|k)xT
j (k|k)]

is

�Pij(k|k) � Ψ1fi(k)�Pij(k − 1|k − 1) Ψ1fj(k) 
T

+ Γ1i (k)�Λij(k) Γ1j(k) 
T
.

(24)

When ci(k) � 1 and cj(k) � 0, the actual local fltering
error cross-covariance matrix �Pij(k|k) is

�Pij(k|k) � Ψ1fi(k)�Pij(k − 1|k − 1) Ψ0fj(k) 
T

+ Γ1i (k)�Λij(k) Γ0j(k) 
T
.

(25)

When ci(k) � 0 and cj(k) � 1, the actual local fltering
errors cross-covariance matrix �Pij(k|k) is

�Pij(k|k) � Ψ0fi(k)�Pij(k − 1|k − 1) Ψ1fj(k) 
T

+ Γ0i (k)�Λij(k) Γ1j(k) 
T
.

(26)

When ci(k) � 0 and cj(k) � 0, the actual local fltering
error cross-covariance matrix �Pij(k|k) is

�Pij(k | k) � Ψ0fi(k)�Pij(k − 1 | k − 1) Ψ0fi(k) 
T

+ Γ0i (k)Λii(k) Γ0j(k) 
T
.

(27)

In a word, the actual local fltering error cross-covariance
matrix �Pij(k | k) can be universally described as

Pij(k | k) � Ψfi(k)�Pij(k − 1 | k − 1)ΨTfj(k)

+ Γci

i (k)�Λij(k) Γci

j (k) 
T

.
(28)

Lemma 2 (see [9]). If a matrix Λ ∈ Rr×r is a semi-positive
defnite matrix, i.e.,Λ≥ 0, a matrixΛδ ∈ RrL×rL is also a semi-
positive defnite matrix with form as

Λδ �

Λ · · · Λ

⋮ ⋱ ⋮

Λ · · · Λ

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

rL×rL

≥ 0. (29)

Lemma 3 (see [9]). If the matrix Ri ∈ Rmi×mi is a semi-
positive defnite matrix, i.e., Ri ≥ 0, the diagonal matrix Rδ �

di ag(R1, · · · , RL) ∈ Rm×m is also semi-positive defnite, i.e.,

Rδ � diag R1, · · · , RL( ≥ 0, (30)

where m � m1 + · · · + mL and di ag(·) denotes the block di-
agonal matrix.

Theorem 1. Under Assumptions 1 and 2, for the uncertain
networked systems (1)–(3) with known conservative upper
bounds and correlated noises, based on the adaptive inno-
vation event-triggered mechanism, the local conservative
Kalman flter x̂i(k|k) is robust, that is, for all admissible
uncertain �Q(k), �Rii(k), and �Pi(0|0) satisfying (4), it has

�Pi(k|k)≤Pi(k|k), (31)

where Pi(k|k) is the minimal upper bound of �Pi(k|k). Tis
local conservative Kalman flter is called the robust local
event-triggered Kalman flter.

Proof. According to Assumption 1, (14), and (15), there are

Λii(k) �
In 0

0 βi(k)
 

Q(k − 1) Q(k − 1)

Q(k − 1) Q(k − 1)
  ×

In 0

0 βi(k)
 

T

+
0 0

0 σ2ηi
(k)

⎡⎣ ⎤⎦,

�Λii(k) �
In 0

0 βi(k)
 

�Q(k − 1) �Q(k − 1)

�Q(k − 1) �Q(k − 1)
  ×

In 0

0 βi(k)
 

T

+
0 0

0 �σ2ηi
(k)

⎡⎣ ⎤⎦.

(32)
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Defning ΔΛii(k) � Λii(k) − �Λii(k), ΔQ(k − 1) � Q(k −

1) − �Q(k − 1), Δσ2ηi
(k) � σ2ηi

(k) − �σ2ηi
(k), it yields

ΔΛii(k) �
In 0

0 βi(k)
 

ΔQ(k − 1) ΔQ(k − 1)

ΔQ(k − 1) ΔQ(k − 1)
  ×

In 0

0 βi(k)
 

T

+
0 0

0 Δσ2ηi
(k)

⎡⎣ ⎤⎦, (33)

According to Assumption 1, we have ΔQ(k − 1)≥ 0,
Δσ2ηi

(k)≥ 0, and combined with Lemmas 2 and 3, it obvi-
ously yields ΔΛii(k)≥ 0.

Defne

Δi(k|k) � Pi(k|k) − �Pi(k|k). (34)

Subtracting (23) from (22) yields the Lyapunov equation

Δi(k | k) � Ψfi(k)Δi(k − 1 | k − 1)ΨTfi(k) + Ui(k), (35)

Ui(k) � Γci

i (k)Δ�Λii(k) Γci

j (k) 
T
. (36)

At the moment k, ci(k) of the ith sensor takes the unique
value; then, Γci

i (k) in (36) is unique, too. From Δ�Λii(k)≥ 0
and Ui(k)≥ 0, according to Assumption 2,
Δi(0|0) � Pi(0|0) − �Pi(0|0)≥ 0; therefore, from (35), it
yields Δi(1|1)≥ 0, and applying the mathematical induction
for all moments k yields Δi(k|k)≥ 0 , that is, (31) holds. In
particular, if we take �Q(k) � Q(k), �σ2ηi

(k) � σ2ηi
(k) and

�Pi(0|0) � Pi(0|0) satisfying Assumptions 1 and 2, for any
moment k≥ 0, we have Ui(k) � 0 and Δi(0|0) � 0. Tere-
fore, applying (35) obtains Δi(1|1) � 0 and applying the
mathematical induction for all moments k yields Δi(k|k) � 0

, i.e., �Pi(k|k) � Pi(k|k), k≥ 0. For any other upper bound
P∗i (k|k), it yields Pi(k|k) � �Pi(k|k)≤P∗i (k|k), which means
that Pi(k|k) is the minimal upper bound of �Pi(k|k). Te
proof is completed. □

4. Robust SCI Fusion Estimation Algorithm

Based on the SCI fusion estimation algorithm [24] and the
adaptive innovation event-triggered mechanism, the se-
quential fusion processing of a networked system which
meets the triggering conditions can reduce the computa-
tional burden on the fusion center and maintain good real-
time performance.Te structure block diagram of the event-
triggered SCI fusion estimation algorithm is shown in
Figure 2. Te structure block diagram of the event-triggered
SICI fusion estimation algorithm is similar to that of the
event-triggered SCI fusion estimation algorithm, which is
omitted.

Theorem 2. Based on the adaptive innovation event-triggered
mechanism, the robust SCI fusion estimator for the multi-
sensor networked systems (1)–(3) with known conservative
upper bounds Q(k), Ri(k), and Si(k) of noise variances is

x̂
CI
i (k|k) � 1 − ci(k) x̂

CI
i−1(k|k) + ci(k)P

CI
i (k|k) × ωi(k) P

CI
i−1(k|k) 

−1
x̂

CI
i−1(k|k) + 1 − ωi(k)  Pi(k|k) 

−1
x̂i(k|k) , (37)

P
CI
i (k|k) � 1 − ci(k) P

CI
i−1(k|k) + ci(k)ωi(k) P

CI
i−1(k|k) 

−1
+ 1 − ωi(k)  Pi(k|k) 

−1−1
,

(38)

x̂
SCI

(k|k) � x̂
CI
L (k|k), P

SCI
(k|k) � P

CI
L (k|k),

(39)

where

x̂
CI
0 (k|k) � x̂

SCI
(k|k − 1),

P
CI
0 (k|k) � P

SCI
(k|k − 1),

(40)

x̂
SCI

(0| − 1) � μ0,

P
SCI

(0| − 1) � P0.
(41)

Te minimization performance index of the optimal
weighting factor ωi(k) is

min
ωi(k)∈[0,1]

trPCI
i (k|k) � min

ωi(k)∈[0,1]
tr ωi(k) P

CI
i−1(k|k) 

−1
+ 1 − ωi(k)  Pi(k|k) 

−1
 

−1
. (42)
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Proof. Te SCI fusion prediction at the current moment is
used as the estimation of the 0th sensor for CI fusion with
the estimation of the 1st sensor. When ci(k) � 1, the ith
fusion fuses the fusion estimation of the (i − 1)th fusion with
the estimation of the ith estimator for CI fusion and
transmits it to the (i + 1)th fusion. When ci(k) � 0, the CI
fusion cannot be performed by the ith fusion, so at this time
the fusion estimation is the (i − 1)th fusion result and is

transmitted to the (i + 1)th fusion. Terefore, the adaptive
innovation event-triggered mechanism can be added on the
basis of the original SCI fusion estimation algorithm. Te
proof is completed. □

Corollary 1. Te conservative and the actual fusion fltering
error variance matrices of the event-triggered SCI fusion
estimation algorithm, respectively, are

P
SCI

(k|k) � 

l(k)

Ji�1
θ(l(k))

Ji (k)P
− 1
Ji (k|k)⎡⎢⎣ ⎤⎥⎦

− 1

,



l(k)

Ji�1
θ(l(k))

Ji (k) � 1, θ(l(k))
Ji (k)≥ 0,

�P
SCI

(k|k) � P
SCI

(k|k) 

l(k)

Ji�1


l(k)

Jj�1
θ(l(k))

Ji (k)θ(l(k))
Jj (k) × P

−1
Ji (k|k)�PJiJj(k|k)P

−1
Jj (k|k)⎡⎢⎢⎣ ⎤⎥⎥⎦P

SCI
(k|k),

(43)

where l(k) is the number of the triggered sensors at moment k

(including the 0th sensor), 1≤ l(k)≤L + 1, and renumbering
these sensors, Ji is the serial number of the triggered sensors at
moment k, 1≤ J1 < · · · < Jl(k) ≤L + 1, denoting PJi(k|k) as
the conservative local fltering error variance matrix of the Ji

sensor at moment k and �PJiJj(k|k) as the actual local fltering
error cross-variance matrix of Ji sensor and Jj sensor at
moment k. Te weight coefcient θ(r)

Ji can be calculated
recursively:

θ(r)
Ji (k) � ω(r− 1)

(k)θ(r−1)
Ji (k), Ji � 1, · · · , r − 1,

θ(r)
r (k) � 1 − ω(r− 1)

(k), r � 2, · · · , l(k),
(44)

with initial value

θ(2)
1 (k) � ω(1)

(k), θ(2)
2 (k) � 1 − ω(1)

(k). (45)

Proof. Te proof is similar to Teorem 4.12 and Teorem
4.13 in [33]. Note that due to the adaptive innovation event-
triggered mechanism, the number of sensors at moment k is
not L but l(k). Te proof is completed. □

Corollary 2. Under Assumptions 1 and 2, the actual SCI
fusion estimation algorithm ((37)–(41)) based on the adaptive
innovation event-triggered mechanism is robust, i.e.,

Sensor 1

Sensor 2

Sensor L

Estimator 1

Estimator 2

Estimator L

x̂0
CI

 (k | k) = x̂SCI
 (k | k–1), P0

CI
 (k | k) = PSCI

 (k | k–1)

γ1 (k)
y1 (k)

γ2 (k)
y2(k)

γL (k)

γ1 (k)

γ2 (k)

γL (k)
yL (k)

x̂1 (k | k)

x̂2(k | k)

x̂L (k | k)

x̂1
CI

 (k | k), P1
CI

 (k | k)

x̂2
CI

 (k | k), P2
CI

 (k | k)

x̂L
CI

 (k | k), PL
CI

 (k | k)

x̂SCI
 (k | k), PSCI (k | k)

Figure 2: Structure block diagram of the event-triggered SCI fusion estimation algorithm.
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�P
SCI

(k|k)≤P
SCI

(k|k). (46)

Proof. Te conclusion of Teorem 1 is available for all l(k)

sensors triggered at time k. Applying the mathematical
induction on this basis and combining it with Teorem 4.10
in [33], the conclusion (46) can be directly introduced. Te
proof is completed. □

5. Robust SICI Fusion Estimation Algorithm

It is known that CI fusion algorithm is too conservative,
while ICI fusion algorithm is a new method to deal with the

unknown correlation between local estimations, which is
less conservative than CI fusion algorithm, so the following
theorem is proposed by using ICI fusion algorithm.

Theorem 3. Based on the adaptive innovation event-trig-
gered mechanism, the robust SICI fusion estimation algorithm
for the multi-sensor networked system ((1)–(3)) with known
conservative upper bounds Q(k), Ri(k) and Si(k) of noise
variances is

x̂
ICI
i (k|k) � 1 − ci(k) x̂

ICI
i−1 (k|k) + ci(k) × K

ICI
(k)x̂

ICI
i−1 (k|k) + L

ICI
(k)x̂i(k|k) , (47)

P
ICI
i (k|k) � 1 − ci(k) P

ICI
i−1 (k|k) + ci(k) P

ICI
i−1 (k|k) 

−1
+ Pi(k|k) 

−1
− ωi(k)P

ICI
i−1 (k|k) + 1 − ωi(k)( Pi(k|k) 

−1− 1
, (48)

K
ICI

(k) � P
ICI
i k k)(P

ICI
i−1 (k|k))

−1
− ωi(k)× ωi(k)P

ICI
i−1 (k|k) + 1 − ωi(k)( Pi(k|k) 

−1
,

 (49)

L
ICI

(k) � P
ICI
i (k|k)P

−1
i (k|k) − 1 − ωi(k)( × ωi(k)P

ICI
i− 1(k|k) + 1 − ωi(k)( Pi(k|k) 

−1
, (50)

x̂
SICI

(k|k) � x̂
ICI
L (k|k), P

SICI
(k|k) � P

ICI
L (k|k),

(51)

x̂
ICI
0 (k|k) � x̂

SICI
(k|k − 1), P

ICI
0 (k|k) � P

SICI
(k|k − 1), (52)

x̂
SICI

(0| − 1) � μ0, P
SICI

(0| − 1) � P0.

(53)

Te minimization performance index of the optimal
weighting factor ωi(k) is

min
ωi(k)∈[0,1]

trPICI
i (k|k) � min

ωi(k)∈[0,1]
tr P

ICI
i−1 (k|k) 

−1
+ Pi(k|k) 

−1
− ωi(k)P

ICI
i−1 (k|k) + 1 − ωi(k)(  × Pi(k|k) 

−1
 

−1
. (54)

Proof. Te proof process is similar to that of Teorem 2 and
will not be repeated here. □

Theorem  . Te actual SICI fusion fltering error variance
matrix based on the adaptive innovation event-triggered
mechanism is

�P
SICI

(k|k) � 

l(k)

Ji�1


l(k)

Jj�1
θJi(k)�PJiJj(k|k)θTJj(k), (55)

Also, the weight coefcient θ(r)
Ji can be calculated as

θ(r)
Ji (k) � K

(r−1)
ICI (k)θ(r−1)

Ji (k), Ji � 1, · · · , r − 1,

θ(r)
r (k) � In − K

(r−1)
ICI (k), r � 2, · · · , l(k),

(56)

with the initial values

θ(2)
1 (k) � K

(1)
ICI(k), θ(2)

2 (k) � In − K
(1)
ICI(k). (57)

Proof. By [23], when l(k) sensors are triggered at k moment,
based on the adaptive innovation event-triggered mecha-
nism, the SICI fusion estimation algorithm can be rewritten
in the form of a batch process:
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x̂
SICI

(k|k) � 

l(k)

Ji

θ(r)
Ji (k)x̂Ji(k|k),



l(k)

Ji

θ(r)
Ji (k) � In.

(58)

Also, the weight coefcient θ(r)
Ji can be calculated as

θ(r)
Ji (k) � K

(r−1
ICI )(k)θ(r−1)

Ji (k), Ji � 1, · · · , r − 1,

θ(r)
r (k) � In − K

(r−1)
ICI (k), r � 2, · · · , l(k),

(59)

with the initial values

θ(1)
1 (k) � K

(1)
ICI(k), θ(2)

2 (k)

� In − K
(1)
ICI(k). (60)

Te actual fltering error is

x
SICI

(k|k) � x(k) − x̂
SICI

(k|k)

� 

l(k)

Ji

θ(r)
Ji (k)xJi(k|k). (61)

Terefore, the actual fusion error variance matrix is

�P
SICI

(k|k) � E x
SICI

k k)(x
SICI

(k


 k )
T

 

� 

l(k)

Ji�1


l(k)

Jj�1
θJi(k)�PJiJj(k | k)θTJj(k).

(62)

Te proof is completed. □

Remark 2. Unlike the event-triggered SCI fusion estimation
algorithm, Teorem 4 does not require the use of the robust
fusion fltering error variance matrix PSICI(k|k) in the
computation of �P

SICI
(k | k). Terefore, the batch expression

form of �P
SICI

(k|k) is not given.

Theorem 5. Under Assumptions 1 and 2, the actual SICI
fusion estimation algorithm ((47)–(53)) based on the adaptive
innovation event-triggered mechanism is robust, i.e.,

�P
SICI

(k|k)≤P
SICI

(k|k). (63)

Proof. According to [20], if the local estimation to be fused is
robust, i.e., �Pi(k|k)≤Pi(k|k), the two-sensor ICI fusion is also
robust, i.e., �P

ICI
(k|k)≤PICI(k|k). For the actual event-trig-

gered SICI fusion estimation algorithm, l(k) sensors triggered
at the moment k have the conclusions of Teorem 1, i.e.,
�PJi(k|k)≤PJi(k|k). Te robustness of the two-sensor ICI
fusion can be induced by the mathematical induction as
�P

ICI

Ji (k|k)≤PICI
Ji (k|k), Ji � 1, · · · , l(k). In particular, there

exists that �P
ICI

l(k)−1(k|k)≤PICI
l(k)−1(k|k), and according to the

structure of the robust SICI fusion estimation algorithm based
on the event-triggered mechanism, it yields
PICI

l(k)−1(k|k) � PICI
L (k|k) � PSICI(k|k), and �P

ICI

l(k)−1(k|k) �
�P

SICI
(k|k), so �P

SICI
(k|k)≤PSICI(k|k). Te proof is

completed. □

Remark 3. Compared with the SCI fusion algorithm, the
SICI fusion algorithm is computationally intensive due to its
multiple inverse operations, but it has higher accuracy,
better tightness, and better consistency [20]. Terefore, the
robust event-triggered SICI fusion algorithm has similar
properties.

6. Simulation Example

Consider a three-sensor target tracking system with un-
certain noise variances and correlated noises:

x(k + 1) � Φx(k) + Γw(k),

Φ �

1 T
T
2

2

0 1 T

0 0 1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,

Γ �

T
2

2

T

1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,

yi(k) � Hix(k) + vi(k),

vi(k) � ηi(k) + βiw(k − 1), i � 1, 2, 3,

(64)

where the sampling time T � 0.01, the observation matrices
H1 � [1, 0, 0], H2 � [0, 1, 0], and H3 � [0, 0, 1], and w(k)

and ηi(k) are uncorrelated white noises with zero mean and
conservative upper bounds of noise variances σ2w and σ2ηi

,
respectively.

In simulation, we take σ2w � 0.16, σ2η1 � 0.64, σ2η2 � 0.36,
σ2η3 � 0.49, β1 � 0.2, β2 � 0.4, β3 � 0.1, and each conservative
upper bound of noise variances Q � Γσ2wΓ

T, Rij � βiσ2wβj +

σ2ηi
δij, δii � 1, δij � 0(i≠ j), Si � Γσ2wβi. Take the initial value

of state as x(0) � [0.3, 0.1, 0.2]T and the initial value of error
variance asP(0) � I3.Te initial values of each state estimates
are x̂i(0| − 1) � x̂SCI(0| − 1) � x̂SICI(0| − 1) � [0.3, 0.1, 0.2]T

, and the initial values of the error variances are Pi(0| − 1) �

PSCI(0| − 1) � PSICI(0| − 1) � I3. Set the parameters of the
adaptive threshold as a � 0.6, b � 0.2, c � 0.9.

In order to clearly demonstrate the adaptive infuence of
the adaptive innovation event-triggered mechanism
threshold, the thresholds of three sensor changes at the step
k � 300 − 400 are selected here, as shown in Figure 3. It can
be seen that the thresholds will adaptively adjust according
to the changes of the innovation, where the thresholds will
produce a change when the sensor is not triggered at that
moment. Moreover, the communication rates of the three
sensors are calculated to be 60.67%, 48.5%, and 70.67%,
respectively.Te efectiveness of the presented mechanism is
confrmed.
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Figure 3: Treshold change of adaptive innovation event-triggered mechanism. (a) Treshold change for the frst sensor. (b) Treshold
change for the second sensor. (c) Treshold change for the third sensor.
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Figure 4: Continued.

10 Computational Intelligence and Neuroscience



Te simulation results of the robust SCI and SICI fusion
estimation algorithms based on the adaptive innovation
event-triggered mechanism are shown in Figure 4, which
shows that both robust event-triggered fusion estimation
algorithms track well and have efectiveness.

Te mean square error (MSE) and the error variance
curves of the robust event-triggered SCI and SICI fusion
estimation algorithms are shown in Figure 5 for 100 Monte
Carlo tests, respectively, and it can be seen that their MSE
values are close to the traces of the actual fltering error
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Figure 4: True value and fusion estimation curves. (a) True value and fusion estimation of the location x1(k). (b) True value and fusion
estimation of the speed x2(k). (c) True value and fusion estimation of the acceleration x3(k).
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Figure 5: Te MSE and the error variance trace curves of two robust event-triggered fusion estimation algorithms. (a) Te MSE and the
error variance trace curves of the robust event-triggered SCI fusion estimation algorithm. (b)TeMSE and the error variance trace curves of
the robust event-triggered SICI fusion estimation algorithm.
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variances and lie below the traces of the conservative fltering
error variances, which verifes the consistencies of the fused
fltering error variances.

Te comparison results of 100 Monte Carlo simulations
formed from robust event-triggered SCI and SICI fusion
estimation algorithms at the step k � 400 − 600 are plotted
in Figure 6, which shows that the robust event-triggered SICI
fusion estimation algorithm is more accurate than the robust
event-triggered SCI fusion estimation algorithm, and they
are consistent as mentioned above.

To validate the infuences of diferent actual noise var-
iances satisfying Assumption 1, we select three sets of noise
variances as

(1) �Q � 0.8Q, �Rij � 0.8Rij,
�Si � 0.8�Si

(2) �Q � 0.6Q, �Rij � 0.6Rij,
�Si � 0.6�Si

(3) �Q � 0.4Q, �Rij � 0.4Rij,
�Si � 0.4�Si

Te curves of three sets of the actual fltering errors, the
robust and actual standard deviation bounds ±3σ(k|k) and
±3�σ(m)(k|k)(m � 1, 2, 3) are shown in Figures 7 and 8,
where the solid curve indicates the actual fusion fltering
errors, and the dashed and dotted lines indicate the robust
and actual ±3-standard deviation bounds, respectively. It can
be seen that more than 99% of the actual fusion fltering
error values of two robust event-triggered fusion estimation
algorithms lie between ±3�σ(m)(k|k), and all three groups
have the relation 3�σ(m)(k|k)≤ 3σ(k|k), which verifes the
correctness of �P

SCI
(k|k), �P

SICI
(k|k) and the robustness of

two robust event-triggered fusion estimation algorithms.
Te conservative and actual error covariance ellipses of

robust event-triggered SCI and SICI fusion estimation algo-
rithms are shown in Figure 9, where the local conservative
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Figure 6: MSE of two robust event-triggered fusion estimation algorithms.
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Figure 7: Te three sets of the actual fltering errors and the corresponding robust and actual ± 3-standard deviation bounds for the robust
event-triggered SCI fusion estimation algorithm. (a) Te actual fltering errors and the corresponding robust and actual ± 3-standard
deviation bounds of the frst group. (b)Te actual fltering errors and the corresponding robust and actual ± 3-standard deviation bounds of
the second group. (c)Te actual fltering errors and the corresponding robust and actual ± 3-standard deviation bounds of the third group.
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error covariance ellipses of each sensor contain the local actual
error covariance ellipses, and three local conservative error
covariance ellipses contain the conservative error covariance
ellipses of two robust event-triggered estimation fusion al-
gorithms. It also illustrates that the robust accuracies of two
robust event-triggered fusion estimation algorithms are higher
than those of each sensor, which verifes the robustness and
efectiveness of the robust local fltering estimation algorithm
and two robust event-triggered fusion estimation algorithms.

 . Conclusion

An adaptive innovation event-triggered mechanism is
designed in this paper, which can adaptively adjust the
threshold value according to the innovation and reduce
the communication burden of the networked system.
Under this mechanism, the robust local flter is proposed

for the uncertain networked systems with correlated
noises, and its robustness is demonstrated under diferent
triggered cases using the Lyapunov equation. In order to
avoid the calculation of the cross-covariances in multi-
sensor networked systems, two robust event-triggered
sequential fusion estimation algorithms are proposed
using SCI and SICI fusion ideas, respectively, and their
actual fusion error variances are obtained by converting
the two robust fusion estimation algorithms into a batch
form, whose robustness is proved under the adaptive
innovation event-triggered mechanism. Te simulation
example illustrates that the proposed robust event-trig-
gered sequential fusion estimation algorithms work well
with the unknown actual noise variances, and they have
robustness in the case of only knowing the noise variance
upper bounds and can reduce communication rate and
noise correlations.
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Figure 8: Te three sets of the actual fltering errors and the corresponding robust and actual ± 3-standard deviation bounds for the robust
event-triggered SICI fusion estimation algorithm. (a) Te actual fltering errors and the corresponding robust and actual ± 3-standard
deviation bounds of the frst group. (b)Te actual fltering errors and the corresponding robust and actual ± 3-standard deviation bounds of
the second group. (c)Te actual fltering errors and the corresponding robust and actual ± 3-standard deviation bounds of the third group.
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Figure 9: Conservative and real covariance ellipses. (a) Conservative and real covariance ellipses for the robust event-triggered SCI fusion
estimation algorithm. (b) Conservative and real covariance ellipses for the robust event-triggered SICI fusion estimation algorithm.
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