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Abstract—Many automation tasks require to fuse information
that is acquired by distributed sensors and passed through a
wireless network across multiple nodes. The growing number
of connected sensors and agents increases the burden on the
communications network and the energy consumption. Further
challenges in information fusion arise from correlated data
shared between nodes. To mitigate the negative effects, an
efficient multi-sensor fusion approach is presented in this pa-
per. A system design that uses stochastic event-based instead
of periodic transmissions is proposed based on two different
algorithms, the augmented state approach and fast covariance
intersection. Furthermore, two different network topologies are
investigated and a methodology to handle correlations among
both finite impulse response and recursive estimates is developed.
Together, the results represent a wide range of network topologies
and possible correlation structures and give insights into the
estimation performance and network utilization.

Index Terms—Multisensor fusion, event-based estimation, cor-
related inputs

I. INTRODUCTION

The increasing automation and interaction of agents in many
fields such as automated driving and IoT 4.0 applications, e. g.
smart manufacturing, smart farming and smart cities [1], [2],
require a large number of sensors to be deployed to observe
the environment and to enable decision-making, control and
optimization. These sensors are often organized in networks
and share information among each other and agents in their
vicinity frequently via wireless communications. As the num-
ber of sensors and agents in an environment increases, the
burden on the communications network grows simultaneously.
In this regard, event-based transmissions and state estimation
can help to utilize the communications resources efficiently.
The idea behind event-based transmissions is to transmit data
only if relevant information is available at the transmitter rather
than periodically in fixed time intervals. The relevance of the
information is determined using a triggering condition that is
known to the transmitting and the receiving node. Stochastic
event-triggers with matching estimators that use implicit infor-
mation in non-transmission instants are of particular interest
due to their beneficial properties such as the preservation of the
Gaussianity of the state variable and the intuitive yet efficient
estimator design. Several variants of stochastic triggering have
been proposed in [3]-[5].

Multisensor systems typically fuse information from differ-
ent sources. Often many nodes perform state estimations of an

underlying physical process, e. g., the movement of an agent.
Thus, the resulting estimates can be correlated through the
observed common process noise. Depending on the topology
of the network, also estimates correlated in time may have to
be fused to obtain the best possible output. Different fusion
methods have been proposed in the past, e.g., covariance
intersection [6], the Bar-Shalom-Campo formula [7] or tracklet
fusion [8]. Furthermore, several estimators for handling inputs
with correlated noise like the augmented state (AS) approach
and the state differencing method [9], and the colored-noise
Kalman filter [10] have been developed. All of the previously
mentioned methods have different strengths and limitations.
In this work, we focus on the AS approach and fast
covariance intersection (FCI) [11] and extend both to handle
event-based transmissions in multisensor systems. Advantages
of the AS approach lie in its optimality regarding the provided
information, the flexibility to handle many different correlation
structures and sensor topologies as well as its simplicity by
avoiding the calculation of crosscorrelations between sensor
nodes. However, the approach did not find much attention in
the past due to its increased computational complexity and
possible singularities in the calculation of the Kalman gain.
As will be shown in the course of the paper, the drawbacks
can be mitigated in the intended application. FCI is used as a
second approach due to its simplicity and broad applicability
by not requiring any information on the correlation structure
of different estimates. However, due to the conservativeness
of the approach, FCI generally returns suboptimal results.
The contributions can be summarized as follows: Two
different event-based estimators for multisensor fusion with
correlated estimates are developed, one based on the AS
approach, the other one based on FCI. Both are investigated
under periodic and stochastic event-based transmissions. Two
base network topologies are considered, the star and the chain
topology, which can be combined to obtain a large variety
of topologies. In case of the star topology, heterogeneous
smart sensors that use a finite impulse response (FIR) filter
or Kalman filter (KF) for local state estimation are considered
to show the effectiveness of the approach to fuse finite time
and recursively correlated estimates at the fusion center. For
the chain topology, solely KF sensors are used due to their
optimality. With the help of numerical simulations the two al-
gorithms are compared and the network utilization is analyzed.



II. NOTATION

An underlined variable x € R? denotes a real-valued
vector. Lowercase boldface letters x are used for quantities
with random components. Matrices are written in uppercase
boldface letters C € R2%4, and C~! and C7T are its inverse
and transpose, respectively. 0,x, is the zero matrix with p
rows and ¢ columns. 0, € RP*? or I, € RP*? are the
zero or identity square matrices, respectively. The notation
Xp|p—; denotes an estimate at time step k conditioned on
measurements up to time step k—![. Matrix inequalities A > B
are defined such that A — B is positive semidefinite.

III. STOCHASTIC EVENT-BASED TRIGGERING AND
ESTIMATION

Before presenting the novel algorithms for event-based mul-
tisensor fusion, the used system model and basics of stochastic
event-based triggering and estimation will be reviewed.

A. System model

A system consisting of multiple sensors ¢ = 1,..., N
monitoring a physical process, a triggering unit located at each
of the sensors and a remote receiver with a state estimator to
reconstruct the physical process is considered. The state and
the measurement equation of the observed process are given
by the discrete-time linear system

Xpp1 = A X + Wy,

where X, € R"™= is the state at time step K € IN, and
% € R"v denote the observations. The time-invariant process
and measurement matrices are given by A € R"=*"+ and
€ R"™ "=, respectively. The process noise w; ~ A'(0, Q)

and measurement noise v, ~ A(0, R") are white and mutu-
ally uncorrelated for arbitrary [, m € IN. Also, measurements
v, v, from different sensors are uncorrelated for ¢ # j € IN.
When only one sensor is considered, the superscript ¢ is
omitted. Further, detectability and stabilizability are assumed:

Assumption 1. The pair (A, C) is detectable and the pair
(A, G) with GGT = Q is stabilizable.

B. Stochastic Event-triggering

Stochastic event-triggers with an innovation-like triggering
variable z;, =y, —¢; with arbitrary ¢, € R™v are considered.
In the following, a short overview of stochastic event-triggers
and matching estimators is given. For further details, the reader
is referred to [3]-[5].

A decision variable 74 and an according decision scheme
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are defined such that «;, = 1 implies that an event
has been triggered in time instant k. &, is an instance
of an independent and identically distributed random vari-
able uniformly distributed between 0 and 1, and ¢(z;,) =

_% (Xk - Qk)T Z

(D

exp -1 (Xk — Qk)) has a form similar to a

Gaussian distribution. The design variable Z; € R™*™v is
used to control the transmission frequency, where high values
of Z lead to a low transmission probability.

The transmission probability conditioned on y, is given by

Prive =1ly, } =1- 6y, — ).
Priv =0]y,} = oy, — ).
C. Matching estimator

As presented in [5], an estimator matching the class of
innovation-based stochastic triggers that uses implicit mea-
surements in non-transmission instants can be derived from
the standard KF formulation. The prediction step for the state
estimate X, and estimation error covariance Py

Xk\k—l = Agk—l\k—l )
Pip1 =AP,_ 51 AT +Q
is not altered, whereas the update step is given by

— Ky (e z, — zk\kq) )

Zilk—1 = C Xp|k—1

Xkl = Xk|k—1
Zp =Y,
P = (L,

with the Kalman gain

_Qk; _Qk;7

— K C) Py,

“1
Ky =Py—1 C* (CPk|k71 C'+R+(1- %)Z) :

For vy, = 1, ¢;, and Z vanish and the above equations reduce
to those of the standard KF. For ~;, = 0, the implicit measure-
ment ¢, = Cx;, + v, +n, with v, +n, ~N(O,R +7Z) is
used, which is justified in Theorem 1.

Theorem 1. For v, = 0, ¢, serves as an implicit measurement
with ¢, = Cx; + v, + n,. The noise component 7,
introduced by the event- tnggerlng condition is an additional
additive white Gaussian noise (AWGN) measurement noise
with n, ~ N(0,Z).

Proof. The proof follows from the proof for the free choice
of ¢, in the appendix of [5]. The case v, = 0 is considered:

Pr{y. =0]x;} :/ Pr {’Yk =0y, |§k}dlk
X exp (—0.5(Qk — Cgk)T(Z + R)_l(gk — Cgk)) .

Hence, this likelihood encodes the implicit measurement c¢;, =
Cx,+v,+ - In the special case R = 0n,, it holds

Pr {fyk. = O|§k} oc/ exp <70.5(X]c - gk)T Z ! (Xk — gk))

: 5(9 - Czk) dzk
= exp (—0.5(¢;, — Cx)"Z7 (¢, — Cxy)) -
O

D. Event-based Procedure and Resulting Challenges

The event-based procedure with a stochastic trigger can be
summarized as follows.
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Fig. 1: Smart sensor with optional fusion.

1) ¢ = 1: An event is triggered at the sensor and the
current measurement y, - along with ¢, is transmitted to the
receiving remote estimator. The remote estimator performs a
filtering step with the received measurement.

2) ~ = 0: Both, sensor and receiver use the same rule to
determine ¢;, from ¢, of the last event instant. If calculating
z;, and inserting it into (1) leads to ; = 0, no new event
is triggered at the sensor. Hence, the estimator at the receiver
has to perform an update with the implicit measurement c¢;,.

The matching estimator as described in III-C can only be
applied directly, if measurements y X with uncorrelated noise
terms are used in the triggering condition. If a smart sensor
is employed that uses local state estimates instead of raw
measurements in its triggering condition and for transmission,
this generally leads to better results regarding the transmission
frequency versus estimation performance trade-off. However,
such estimates are correlated in time and suitable fusion
techniques need to be found to include them in the event-
based state estimation in single- and multisensor scenarios.
The structure of the proposed smart sensors and the correlation
structure of the resulting outputs are introduced next.

E. Smart Sensors

In this paper, a smart sensor ¢ as shown in Fig. 1 is com-
prised of a measurement unit that observes a physical process,
a model-based local estimator that processes local measure-
ments, an optional fusion instance to fuse own estimates and
estimates from possible neighboring nodes j and a stochastic
event-based triggering unit. Within this work, two different
types of smart sensors producing time-correlated data are
considered that cover a large set of possible correlations: finite-
time and recursive correlations. The first sensor type uses an
FIR estimator, the second sensor type uses a KF. Both employ
a stochastic send-on-delta with prediction trigger [5] with a
triggering variable of the form z;, = X, — Ak*kcgkelke.
The triggering condition implies that the explicit and implicit
information has the correlation structure of X ;. Since the
sensors’ state estimates shall be used as state measurements
at the receiving node, their error terms need to be investigated.

1) FIR Estimates: The FIR estimator using the stacked last
m measurements y  is given by

AFIR (%T N™ 1 %) ﬂT Nfl Xlast .
Its error can be characterized by
Qk = gEIR —_ K}C = (HT N—_1 H)_l %T N_lgk

with the corresponding error covariance matrix
- _ -1
E = Cov {ggm} = ('HT ! 'H) ,

where H , N, n, are defined in [12], [13].
2) KF Estimates: Due to the recursive nature of the KF,
also the error of the KF can be represented recursively by

Xk = Xk — Xk
= (In, —KyC)AX;_; — (In, — KiC)wy_; + Kiyy,
= YpXp_1 + Wy, + By, 2
where the Kalman gain is given by

K = Ppj—1C" (CPy;—1CT + R)™

and the system model is chosen as presented in section III-A.
Under Assumption 1 and with an appropriately large choice
of Py, vr,ar,Br converge to their steady-state values
Yoo, Qoo Boo Monotonically such that Py, = E{x,%;} >
E{%X; 1Xp, 1) = Pt 1jk+1 ([14], Theorem 2) due to the exis-
tence of a unique stabilizing solution of the corresponding dis-
crete algebraic Riccati equation (DARE) ([15], Theorem 23).

IV. EVENT-BASED ESTIMATION WITH CORRELATED
INPUTS

To pave the way for the extension to multisensor systems,
two methods to deal with correlated input data in event-based
estimation are presented: the event-based augmented state
(EBAS) approach and event-based fast covariance intersection
(EBECI).

A. Event-based Augmented State Estimator

After introducing the noise terms of the smart sensors, the
EBAS estimator can be developed. With the AS approach,
correlated noise is represented as an additional state [9]. This
can be understood as using a shaping filter to produce the
correlated noise from a white noise source. The advantages of
the method lie in the minimum mean squared error (MMSE)-
optimal state estimation or fusion result, its simplicity and
applicability to many scenarios. However, the computational
burden is increased due to the growth of the state vector and
estimation error covariance matrix, respectively. Additionally,
due to the reformulation of the problem with zero measure-
ment noise, singularities in the Kalman gain Kj can occur.
While the first challenge has to be considered during the
system design, the second problem is naturally mitigated by
the use of event-based transmissions where the additional mea-
surement noise Z is introduced in non-transmission instants.

Within this work, we examine the two types of correlated
noise referring to the smart sensors presented in III-E. An
augmented state space model (SSM)

oy =A% 4w,
= C*)y + v}

with w® ~ N(0, Q“), v® ~ N(0,R?) is derived for each of
the sensors.



1) FIR Sensor: In case of the FIR sensor, all instances
of the process and measurement noise up to the filter

length m, Wi = [(w, )7, (w;_,,)"]" and v =
[(ve)T, - (Vi) ™]T, need to be added to the state vector,
leading to the matrices
X, A
Xz — Ell::m , A — Nw ,
X}C‘ast,s NE
a a Q a
Q“=B |: RS (B )Ta
ye=%x1"°% €=, -UL U], R"=0,
with
Nw _ O’IL;,;X(WL—Q)-nm Onz :| ’
(m—2)ny 0(m72)-n1><n1
NS _ Ongx(mfl)-ng Ong
Y I(mfl)ng O(mfl)nfxng ’
- I,
B® = 0(m—2)~n$><n1, ’
I,
0mn§><n§ O(mfl)ﬂixng

and U, L as defined in [12], [13].

2) KF Sensor: Because of the recursive nature of the KF
error (Eq. (2)), only one variable needs to be added to the
state in case of a KF sensor, such that the matrices of the
augmented SSM are given by

X = Xk+1:| = |:A :|
X = | ~ 5 A = 9
- [Xiﬂ PS

a a a a I”m On:r nS
Q=B '[Q Rs}'(B )", B L‘S 5§ y}
XZ = X]]:F! s P C = [Inm Inm} 3 R = Onz .

The superscript S marks quantities of individual sensors.
The augmented SSMs can be used with the event-based
estimator presented in III-C.

B. Event-based Fast Covariance Intersection

The second algorithm based on FCI [11] does not use any
information about the correlation structure between estimates.
Since EBFCI is independent of the network topology, the mul-
tisensor version is directly provided. Using the independence
of Z (Theorem 1), an event-based adaptation of FCI for the
fusion of estimates determined by sensors ¢ = 1,..., N,

(tr{Pi}) "
N — .
> (tr{Pp})~

1

w' = ,

N

is proposed. For the transmission variable 7}, = 1, X} = X,
and P{ = P! are the estimate and the estimation error
covariance received from node i. For vi = 0, xi = ¢} and
Pi = P! .+ Z" are used, where a conservative P . needs
to be determined such that it reflects the maximum covariance
of node ¢ under the assumption that none of its predecessors
(if applicable) has transmitted. For one sensor and one fusion
center only, PY, Py,_q and X3, X, are fused.

While the EBFCI is already provided in a form that allows
the fusion of multiple sensor estimates in arbitrary topology,
the application of the presented EBAS approach shall be
investigated in two different network topologies.

V. EVENT-BASED MULTISENSOR FUSION

In the following, sensor networks with multiple smart sen-
sors and one or multiple fusion centers are considered. Each
smart sensor acts individually; as depicted in Fig. 1, each has
its own triggering unit with an individual triggering condition.
Every sensor observes the state of the same physical process
fully or partially. The estimation results of the sensors are sent
to the fusion centers through a wireless network in an event-
based fashion. The capacity of the communications network is
assumed to be sufficient to support event transmissions of all
sensors at the same time. Two different topologies, a star and
a chain topology as depicted in Fig. 2 and 3, are investigated,
that jointly cover a wide variety of sensor network topologies.

A. Star Topology

The star topology depicted in Fig. 2 represents the fusion of
multiple sensor estimates at one receiving node. The sensors
can be heterogeneous and of one of the two types described
in III-E. To extend the EBAS estimator to the case with
multiple sensor inputs, depending on the sensor type, one or
more variables have to be added to the state equation according
to IV-A. In case of FIR sensors, identical instances of the
process noise are only added to the state once. An exemplary
SSM for one FIR and one KF sensor is

Xes1 A 2
as as
W N w
k41 w Kk
JlastFIR | = NFIR Jlast.FIR +
Vit1 v Vi
e KF ~KF
L Xk+1 Xk
L.,
W
O(m72)-nx><nz V?IICR
I, rr *]f{ 1
Y
A4
Vit
O(m—l)-nEIRXnSIR +
oKF BKF
Xk
last
W
Wy
yi=[I, UL U 1,] SIastFTR
Vi
x5

If steady-state KF or FIR sensors are employed, an MMSE-
optimal fusion at the fusion center w.r.t. the raw sensor mea-
surements is possible using the AS approach, if transmissions



Fig. 2: Star Topology

of local estimates occur periodically at the same rate as the
raw measurements are acquired at the sensors. In case of event-
based transmissions the result is optimal w.r.t. the provided
explicit and implicit information.

B. Chain Topology

As a second topology, a chain of nodes (Fig. 3), where the
underlying graph is direct and acyclic and each node contains a
KF to estimate the state of the observed system, is considered.
This refers to using smart KF sensors as described in III-E2 in
every node to enable optimal estimation and fusion. The chain
topology is more challenging, since the state and estimation
error of each node’s estimator depend on all previous nodes
and their correlations and event history. The goal is to decouple
the chain, such that each node depends only on its direct
predecessor. To achieve this, the AS approach comes into use
and shows its potential. Using a naive approach would lead
to adding all error states of all predecessors in the system to
a node’s SSM. However, this would imply a dependence of
the computational costs on the chain length and would render
the computations infeasible for long chains. A methodology
to overcome this will be presented in the following.

1) Periodic Transmissions: Before looking into event-based
transmissions, the system with chain topology will be exam-
ined under periodic transmissions between consecutive nodes
at the same rate.

First, it will be shown how the error state of node 7 in the
chain can be represented without depending on all error states
of previous nodes with the help of an equivalent standard KF.

Lemma 1. Consider a chain of nodes as described in V-B
and let all local measurements be processed at the rate they
are acquired. Then, the error state equation of an arbitrary
node 7 in the chain can be represented by the error state
equation of an equivalent standard KF that processes all raw
measurements y' = [(y!)T,..., (yi)T]T acquired and used
by nodes 1, ..., <. If this equivalent error state equation is used
in the augmented SSM of node 7 + 1 according to IV-A2, the
MMSE-optimal estimation result can be obtained.

Proof. The validity of the claim follows from the optimality
of the AS approach [9]. If the estimation with the AS approach
gives the MMSE-optimal result w.r.t. the raw measurements
used in the local estimators, this is the same result obtained
with a standard KF with the same measurements. Hence, it
needs to be ensured that the fusion with the AS approach is
optimal for one sensor (node ¢) and one fusion node (node
1 4 1). This is done by investigating the propagation of the

2 3 N
Yk Yk Yy
A2 ~3 sN-—1 l
Xk fl\ X fi\ X

i (1)

\2) 3
Fig. 3: Chain Topology

estimation error covariances, the propagation of the estimates
follows analogously. The augmented SSM is given by

X
Al x

Inm OnIan i W
7(17% . Kl,KFCLi) K};Kﬁ V%}—’i— )

. i+1
vt = [ 1] [

Z+1 A. O,n
[ kH] = [ i,KF ~1:4
Xt 1 0, (I, —K;"C¥)

+

X,
with X} = X;CKF and v = [(!1)T,._-_’(‘Xi ij," Cli —
TS R i S
pikF _ pitlitl _ pii _ _pithi - 7P;'€,ilfk1 be the

estimation error covariance at time step k. Then, using the KF

prediction and update step, one finds after rearrangmg terms
i+1,i41 i,KF i z+ 7,5+1

that P\ """ =P =Py, = —Py =P, holds

for k£ + 1, which proves the optimal fu510n Vk, Vi. Raw mea-

surement of node 2 are added to both estimates equally. [J

Furthermore, to avoid having to share information about
the raw sensor measurements with all subsequent nodes to
determine the equivalent error state equations, the measure-
ments are combined to an artificial measurement vector with
a maximum dimension of the state vector. This is done using
the information form of the KF, where the information vector
ij,—1 is updated with N independent measurements as

Lo = gy + Z c)T(RH! L .
=1
We define
Y, C! R!
Vi = , C= , R=
yi\f CN RN

to write the equation as a batch update instead of a se-

quential update with multiple independent measurements, i. e.,

Yy C, R are replaced by Y, C,R. It follows

=iy +CTRTIY

=i +CTRTIC(CTRTIC)TICTR Y,
=iy +CTR7 Yy,

Lok

with the new averaged measurement
=("RC)ICTR Y. (3)

Hence, the new measurement gk can be obtained using a
weighted least squares (WLS) estimator without altering the
estimation result of the KF. It has the variance R = CTR~1C



and the measurement matrix C is given by the identity for
all observable states and zero elsewise. To ensure full rank
of CTR~LC, unobserved states need to be removed before
applying the fusion rule (3). To preserve the original structure
of the state, they have to be added again to R, C.

Now, the previous findings can be combined to formulate
decoupled error state equations in the chain topology.

Theorem 2. Let every node in the chain employ a steady-
state KF with K! = K’ and the measurements of previous
nodes be combined iteratively according to Eq. (3) resulting
in a new measurement noise 2};1 ~N (0, Ri’l). Then, the
augmented SSM can be formulated as
il 2
Bt T lwah

L1 | A 0, Xk + L.,
Xia]  0n v [RT]T [0K!

Inw X}g Onm
o L[

for ¢ = 2,..., N using the error state equation of a standard
KF and the definitions in Eq. (2). The MMSE-optimal estima-
tion result X;, can be obtained using a standard KF.

Proof. The error of a steady-state KF can be represented by
Eq. (2). Since a steady-state KF with K} = K’  is used,
i =l ol =al, Bi = BL hold. The results of Lemma 1
allow using the error state equation of a standard KF that
processes all sensor measurements y;, ...,y ' to represent
the estimation error of node 7 — 1 in the chain. Finally, the
sensor measurements ¢ = 1,..., /N can be combined to 22‘1
using Eq. (3). Hence, the given augmented SSM is valid for
any node ¢ = 2,..., N and the MMSE result regarding the
measurements X}C, o XZ is obtained if used with a standard
KF at node 1. O

For time invariant systems satisfying assumption 1,
i1 ai=! Bi=! monotonically converge to constant values

according to section III-E2. These quantities and R*~!, C'~1
have to be transmitted to all directly subsequent nodes, which
can use them to calculate their own ¢*, o, 3%, R?, C*.

Theorem 2 provides a method to summarize all previous
error terms in the error term of the preceding node i — 1
and hence the goal stated in the beginning of the section is
achieved. In the next section, an extension of the results to
event-based transmissions will be discussed.

2) Event-based Transmissions: In case of event-based
transmissions, the system is not in a steady state due to the
switching measurement models in event/non-event instants.
Hence, the considerations made for periodic transmissions are
not admissible. In particular, the error state of a node depends
on the event sequence of all of its preceding nodes. Knowledge
of this event sequence and the full network topology is not
assumed, as it would increase the amount of transmitted data
and the computational complexity heavily. To ensure conser-
vative estimation results, ¢, o, 5, R, C have to be determined
such that the accumulated real error of the respective node is
bounded from above by the resulting error state.

Under the assumption that each node performs a state
measurement itself, a valid upper bound can be obtained
by omitting all previous measurements and only using the
measurements of the respective sensor. This implies

R~ =R, ¢l =it

which are used to determine 1/*~!, o', 3¢~ 1. The parameters
are altogether transmitted to the subsequent node to be used in
the augmented SSM. The validity of this bound follows from
the fact that including an additional measurement in Eq. (3)
never worsens the performance due to

(CTR;'C, + CIR;'Cy) " < CTR,C;, CIR,C,.

An advantageous property of this upper bound is that in case
of changing network topologies the error state of a node needs
to be updated only if the directly preceding node is affected.

VI. SIMULATION RESULTS

To evaluate the performance of the presented EBAS and
EBFCI approaches in star and in chain topology, Monte Carlo
simulations with 1000 runs are used.

A. System Model

As a system model, a nearly-constant velocity model in 1-D
is considered. The matrices of the state equation are given by
1 A A3/3 A%)2
A= [0 1} - Q= {A?/z A
where A = 0.3 is the sampling interval. All nodes use the
same Z in their triggering unit. A standard KF, that receives

all raw sensor measurements periodically and achieves the
MMSE-optimal result, is used for comparison.

B. Star Topology

A network of four heterogeneous smart sensors transmitting
to a fusion center is investigated. The fusion center does
not acquire measurements through a measurement unit itself.
Two steady-state KF sensors and two FIR sensors are used.
Their measurement models are C* = [1 1], R! = 3 and
C%3% = [1 0], R*** = 1. The FIR sensors use filter
lengths of m® = 5, m* = 2. First, the optimal Kalman gain
for £ — oo is set for both KF sensors. The results are shown
in Fig. 4, where the mean squared error (MSE) is plotted
over the mean communication rate per sensor. As expected,
EBFCI is an upper bound for EBAS for all communication
rates since FCI does not use correlation information. For high
communication rates, EBAS approaches the MMSE result.

In the second scenario, a suboptimal Kalman gain of K =
0.25 - K is used at the two KF sensors. As seen in Fig. 5,
while the results for EBAS remain almost unchanged, the
performance of FCI worsens significantly due to the ignorance
of the correlation structure. From this example it can be seen
clearly that the performance of EBAS does not depend on the
performance of the estimators located in the smart sensors.
The MMSE-optimal result is always obtained for periodic
transmissions. However, the performance of the smart sensors’
estimators influence their transmission frequency.
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Fig. 4: Two KF and two FIR sensors in star topology. The KF
sensors use the steady-state gain of K = K.
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Fig. 5: Two KF and two FIR sensors in star topology. The KF
sensors use a steady-state gain of K = 0.25 - K.

C. Chain Topology

A chain of seven nodes, each equipped with a sensor to
measure the system state (C* = [1 0], R’ = 1,i =
1,...,7) and an estimator to fuse the predecessor’s state and
the obtained measurement, is considered for the simulation of
the chain topology.

1) Periodic transmissions: The setup presented in sec-
tion V-B1 is used to evaluate the performance of AS and FCI
in chain topology. The average MSE per time step for sensor
7 is plotted in Fig. 6 for AS, FCI and KF. The curves of the
developed AS and the standard KF coincide as expected and
AS achieves the MMSE-optimal result. The MSE of FCI is
worse over all time steps due to the unconsidered correlations.

2) Event-based transmissions: To evaluate the system un-
der event-based transmissions, the setup described in V-B2 is
used. In Fig. 7, it is visible that EBAS (solid lines) does not
always perform significantly better than EBFCI (dotted lines).
Taking a closer look, all three curves overlap for sensor 1,
which is reasonable, since no fusion takes place. The curve of
EBAS approaches KF (dashed lines) for sensor 2 due to the
correct error assumption in this case and EBAS being MMSE-
optimal for a communication rate of 1. EBFCI performs worse
than EBAS for sensors 2-4 for all communication rates. How-
ever, for sensors 5-7 the curves of EBAS and EBFCI approach
each other for high communication rates. This is due to the
fact that the error bound determined in V-B2 is conservative.
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M 0.35 |- FCI
%)
--- KF
= 0.3 : v
v VWI
0.25 | I | I
100 200 300 400 500
time steps

Fig. 6: Average MSE of sensor 7 per time step

For low communication rates, all curves approach the MSE
that is obtained with a single measurement equal to sensor 1.

3) Average transmission rate per time step: To assess the
communications resource utilization, the average transmission
rate of the whole network is analyzed. While one available
channel per sensor is assumed in this work, in real world
applications it would be desirable to allocate less for low
communication rates. However, this is only possible, if the
events are well distributed, i.e., uniformly over time, and
the system can tolerate a certain amount of packet losses
due to collisions. To evaluate the distribution of the events,
a histogram of the events triggered for a transmission rate
of approximately 0.5 (Z = [%'9]) is plotted in Fig. 8. As
desired, the distribution is approximately Gaussian with a
mean of 3.57 events per time step. This indicates that the
event distributions of the individual nodes in the chain are
independent of each other.

VII. CONCLUSIONS

In this paper, event-based multisensor fusion with corre-
lated estimates in two different topologies, namely the star
and the chain topology, was investigated. To enable this,
the EBAS approach was developed as well as an event-
based extension of FCI. While the EBAS approach leads to
the MMSE-optimal result in case of periodic transmissions,
EBFCI provides a suboptimal solution in any case. In star
topology, two different smart sensor types were investigated,
FIR and KF sensors. The simulation of suboptimal KF sensors
shows that EBAS maintains its optimal result while EBFCI’s
performance degrades. In chain topology, for periodic trans-
missions an MMSE-optimal and resource-efficient method was
developed for EBAS, while with event-based transmissions,
only suboptimal solutions are possible due to the unknown
event sequence of previous nodes. An admissible error bound
for the error of previous nodes was found for both, EBAS
and EBFCI. However, especially in the case of EBAS, the
bound is conservative and leads to EBFCI performing similarly
as EBAS for high communication rates in chain topology.
Accordingly, EBFCI could be chosen for high communication
rates smaller than one. Nevertheless, in contrast to EBAS,
it has to be taken into account that EBFCI requires the
transmission of P} in addition to X}, in transmission instances.

Hence, in the future, tighter error bounds for the EBAS
approach in chain topology shall be found as well as a
bound if the considered node does not obtain measurements
itself (i.e., a node that fuses multiple chains). Furthermore,
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Fig. 8: Histogram of the event distribution per time step in the
network for a communication rate of 0.5 using EBAS.

the measurement combination rule in (3) assumes that all
measurements are acquired and processed simultaneously. An
adaptation of this rule is required for asynchronous acquisition
and sequential processing. To allow for less assigned channels
than communication links, strategies to handle packet losses
induced by collisions need to be developed. Finally, to allow
for an easy system design, an analytical solution to determine
the communication rate depending on Z shall be found.

ACKNOWLEDGMENT

This work was partially funded by the Deutsche Forschungs-
gemeinschaft (DFG, German Research Foundation) under
project number 515674308.

REFERENCES

[11 W. Dargie and C. Poellabauer, Fundamentals of Wireless Sensor Net-
works. John Wiley & Sons, Oct. 2010.

[2] M. Majid, S. Habib, A. Javed, M. Rizwan, G. Srivastava, T. Gadekallu,
and J.-W. Lin, “Applications of Wireless Sensor Networks and Internet
of Things Frameworks in the Industry Revolution 4.0: A Systematic
Literature Review,” Sensors, no. 6, 2022.

[3] D. Han, Y. Mo, J. Wu, S. Weerakkody, B. Sinopoli, and L. Shi, “Stochas-
tic Event-Triggered Sensor Schedule for Remote State Estimation,” IEEE
Transactions on Automatic Control, vol. 60, no. 10, pp. 2661-2675, Oct.
2015.

[6] R. Forsling, B. Noack, and G. Hendeby, “A Quarter-Century of Co-
variance Intersection: Correlations Still Unknown? (to appear),” IEEE
Control Systems Magazine, Apr. 2024.

[71 Y. Bar-Shalom and L. Campo, “The Effect of the Common Process
Noise on the Two-Sensor Fused-Track Covariance,” IEEE Transactions
on Aerospace and Electronic Systems, vol. AES-22, no. 6, pp. 803-805,
Nov. 1986.

[8] C.-Y. Chong, S. Mori, E. Govaers, and W. Koch, “Comparison of
Tracklet Fusion and Distributed Kalman Filter for Track Fusion,” in
Proceedings of the 17th International Conference on Information Fusion
(Fusion 2014), 2014, pp. 1-8.

[9]1 A. E. Bryson and L. J. Henrikson, “Estimation Using Sampled-Data
Containing Sequentialty Correlated Noise,” Journal of Spacecraft and
Rockets, vol. 5, no. 6, 1968.

[10] P.Jiang, J. Zhou, and Y. Zhu, “Globally Optimal Kalman Filtering with
Finite-Time Correlated Noises,” in 49th IEEE Conference on Decision
and Control (CDC), Atlanta, GA, USA, Dec. 2010, pp. 5007-5012.

[11] W. Niehsen, “Information Fusion Based on Fast Covariance Intersection
Filtering,” in Proceedings of the Fifth International Conference on
Information Fusion (FUSION 2002), vol. 2. Annapolis, MD, USA:
Int. Soc. Inf. Fusion, 2002, pp. 901-904.

[12] B. Noack, C. Ohl, and U. D. Hanebeck, “Event-Based Kalman Filter-
ing Exploiting Correlated Trigger Information,” in Proceedings of the
25th International Conference on Information Fusion (Fusion 2022),
Linkoping, Sweden, Jul. 2022.

[13] E. J. Schmitt and B. Noack, “Event-based Colored-Noise Kalman
Filtering for Improved Resource Efficiency,” in Proceedings of the
combined IEEE 2023 Symposium Sensor Data Fusion and International
Conference on Multisensor Fusion and Integration (SDF-MFI 2023),
Bonn, Germany, Nov. 2023.

[14] R. R. Bitmead, M. R. Gevers, 1. R. Petersen, and R. J. Kaye, “Mono-
tonicity and Stabilizability properties of solutions of the Riccati differ-
ence equation: Propositions, lemmas, theorems, fallacious conjectures
and counterexamples,” Systems and Control Letters, vol. 5, no. 5, pp.
309-315, Apr. 1985.

[15] D. Simon, Optimal State Estimation: Kalman, H [Infinity] and Nonlinear
Approaches. Hoboken, N.J: Wiley-Interscience, 2006.



