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Multi-Sensor Particle Filtering for Nonlinear
Complex Networks With Heterogeneous

Measurements Under Non-Gaussian Noises
Weihao Song, Zidong Wang, Zhongkui Li, and Hongli Dong

Abstract—In this paper, the multi-sensor particle filtering
problem is investigated for a class of nonlinear complex networks
with multi-rate heterogeneous measurements. The underlying
complex networks are subject to non-Gaussian noises and ran-
domly switching couplings, while the multi-rate heterogeneous
measurements (including fast-rate binary measurements and
slow-rate integral measurements) are transmitted to remote
filters via imperfect wireless communication channels. Both the
deterministic and stochastic channel gains, along with possible
transmission failures, are taken into account to characterize the
properties of wireless communication channels. The purpose of
this paper is to propose a channel-related filtering scheme within
the particle filtering framework to address these engineering-
oriented complexities. To achieve this, a mixture distribution is
established to reflect the effects of randomly switching couplings
and generate new particle candidates. By utilizing the Monte
Carlo approximation method, two types of update expressions
for importance weights are explicitly derived based on the
channel properties and the likelihood functions. Finally, numer-
ical simulations are presented to demonstrate the viability and
effectiveness of the proposed particle filtering algorithms.

Index Terms—Nonlinear complex network, particle filtering,
non-Gaussian noises, binary measurements, integral measure-
ments, channel gain, packet dropout.

I. INTRODUCTION

The past several decades have witnessed a tremendous
amount of research attention devoted to the complex networks
owing to their remarkable capability in characterizing large-
scale real-world systems. Representative examples of these
ubiquitous large-scale systems include, but are not limited to,
power grids, genetic regulatory networks, financial networks,
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and air cargo transport networks [1]–[5]. Typically, a complex
network is composed of a cluster of coupled units/nodes,
whose rich dynamics, when combined with various topology
structures and coupling strengths, enable the complex network
to exhibit a diversity of intricate dynamical behaviors (e.g.,
synchronization). In order to better understand and exploit
these behaviors, the dynamics analysis problem has gradually
become a fundamental and crucial topic in the study of
complex networks, leading to a substantial body of elegant
results in the literature [6]–[9]. For instance, the issue of
fixed-time synchronization has been investigated in [10] for
a particular class of complex networks with impulsive effects.

It is widely acknowledged that state estimation has long
been one of the paramount problems in the fields of control
theory and signal processing. Regarding complex networks,
the corresponding state estimation (or filtering) problem also
plays a critical role since accurate state information, typi-
cally inaccessible due to technical or budgetary constraints,
is essential for uncovering inherent network characteristics
and executing practical missions. In response to this need,
a substantial body of research has emerged, focusing on
pragmatic state estimation (or filtering) schemes for various
types of complex networks [11]–[14]. For instance, the robust
state estimation problem has been investigated in [15] for a
class of discrete-time Markovian neural networks experiencing
mode-dependent delays and inconstant measurements. A set-
membership state estimation algorithm has been proposed in
[16] for complex networks subject to unknown but bounded
noises and attacks.

System nonlinearity and noise non-Gaussianity are two
pervasive phenomena in practical engineering (e.g., in ap-
plications involving the unmanned aerial vehicle helicopters
[17]), whose presence significantly increases the difficulty of
estimator/filter design [18]–[21]. This is particularly relevant
in the case of complex networks owing to the inherent coupling
characteristics of node dynamics. Consequently, the majority
of existing research is confined to scenarios involving specif-
ic nonlinearities and Gaussian/bounded noises; for example,
see [22] for sector-bounded nonlinearities and norm-bounded
noises, [23] for Lipschitz-type nonlinearities and Gaussian
noises, and [24] for continuously differentiable nonlinearities
and Gaussian noises. In addition, the phenomenon of ran-
domly switching couplings, primarily caused by changes in
network structures and external environments, has recently
garnered some preliminary attention. For instance, a variance-
constrained recursive estimator has been developed in [25]
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for stochastic complex networks with switching topology. In
[26], the issue of fault estimation has been addressed for
complex networks with randomly varying couplings. Never-
theless, to the best of the authors’ knowledge, the filtering
problem for generally nonlinear complex networks subject to
randomly switching couplings and non-Gaussian noises has
yet to receive sufficient research attention, which constitutes
the primary motivation of this paper.

Recently, binary sensors have attracted increasing research
interest as demonstrated by their successful applications in
diverse fields such as chemical processes, target tracking,
medical testing, system identification, and microelectronic
fabrication [27]–[29]. It is worth noting that binary sensors
can only generate one bit of information based on the size
comparison between the measured variable and a threshold
(typically determined by the physical sensing mechanism or
the practical application requirements), making them naturally
cost-efficient but at the expense of a significant loss of infor-
mation. Thus, it is of both theoretical and practical interest to
explore the design of state estimation (or filtering) schemes
using binary measurements. In this regard, several noteworthy
research results have been published in the literature [30]–
[32]. For instance, the moving horizon estimation and set-
membership state estimation problems have been explored in
[33] and [34], respectively, for linear discrete-time systems
subject to binary measurements as well as unknown but
bounded noises. However, when it comes to nonlinear and
non-Gaussian complex networks, the corresponding filtering
problem has yet to receive adequate attention.

In most of the existing literature addressing the state estima-
tion (or filtering) problem, there is an implicit yet prevalent
assumption that sensor measurements depend solely on the
current system state information and can be obtained instan-
taneously [35]–[38]. However, such an assumption proves to
be unrealistic in many practical industrial applications con-
strained by technical/budgetary factors. For instance, in some
chemical processes, certain measurement outputs (e.g., sample
concentration) are actually functions of the integral of system
states over a given time window, leading to the phenomenon
of integral measurements [39], [40]. Integral measurements are
typically available at a slower rate than regular measurements,
primarily due to the time required for data collection and
processing [41]. To date, several representative results have
been reported concerning the state estimation (or filtering)
issues in the presence of slow-rate integral measurements, see
e.g., [42], [43] and references therein. It should also be noted
that little attention has been given to the design of filters
for complex networks under such conditions, let alone the
coexistence of binary measurements.

As a crucial component of networked systems, wireless
communication technology has gained unprecedented popular-
ity in recent years due primarily to its significant advantages
in terms of infrastructure installation and maintenance, cost,
flexibility, and reliability [44]–[46]. It is important to note that
in real-world engineering, wireless communication channels
are often imperfect due to physical and/or environmental
constraints, and the messages transmitted over such channels
are inevitably affected by noise, signal fading, and even packet

dropouts [47]–[49]. For example, in an autonomous vehicle
system, the signal transmissions over an open communication
channel are usually susceptible to cyber-attacks [50]. Clear-
ly, these channel-induced impairments, if left untreated, are
likely to cause significant performance degradation. Therefore,
it is practically sensible to account for the conditions of
wireless communication channels and design channel-related
state estimation (or filtering) strategies accordingly. In this
context, channel-aware tracking schemes have been proposed
in [51], where two types of channel gains were considered,
along with multi-hop wireless sensor networks and quantized
received-signal-strength measurements. Furthermore, in [52],
the networked fusion estimation problem has been examined
under the consideration of random parameter matrices and
time-correlated channel noises.

Driven by the preceding discussions, this paper aims to
address the multi-sensor filtering problem for a class of
nonlinear complex networks subject to randomly switching
couplings, multi-rate heterogeneous measurements, and non-
Gaussian noises. In pursuing this goal, the following three
pivotal difficulties must be overcome: 1) developing a con-
cise yet applicable model for generally nonlinear and non-
Gaussian complex networks that incorporates the phenomena
of randomly switching couplings, multi-rate heterogeneous
measurements, and channel-induced impairments; 2) devising
reasonable schemes to handle the complexities introduced by
the multi-rate heterogeneous measurements and the multi-
source randomness; and 3) designing effective multi-sensor
filtering algorithms to mitigate the combined effects of these
factors. The purpose of this paper is, therefore, to propose effi-
cient solutions to these challenges by addressing the channel-
related multi-sensor filtering problem.

The primary contributions of this paper encompass the
following three aspects: 1) compared with the existing results
for complex networks [25], [26], the filtering problem un-
der investigation is more comprehensive through addressing
several engineering-oriented phenomena including randomly
switching couplings, multi-rate heterogeneous measurements,
and channel-induced impairments; 2) two explicit update
expressions for the importance weights are established by
incorporating various channel conditions and deriving the
corresponding likelihood functions; and 3) channel-related
particle filtering algorithms are developed for a general class of
nonlinear and non-Gaussian complex networks, which impose
minimal restrictions on system configuration and offer broad
application prospects.

The remainder of this paper is structured as follows. Sec-
tion II formulates the filter design problem for nonlinear
and non-Gaussian complex networks with multi-rate hetero-
geneous measurements and imperfect measurement transmis-
sions. In Section III, the channel-related particle filtering
algorithms are designed by taking into account both deter-
ministic and stochastic channel gains. Section IV provides
simulation results to demonstrate the effectiveness of the
proposed channel-related particle filtering schemes. Finally,
Section V presents concluding remarks.

Notations : The notation used in this paper follows standard
conventions. Rn represents the n-dimensional Euclidean vec-
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tor space. The probability density function (PDF) of a random
variable a is denoted by pa(·), and Pr{E} stands for the
occurrence probability of a discrete event E. For a Gaussian
random variable a, its PDF is denoted by N (a;µa,Σa),
where µa and Σa are the mean and covariance, respectively.
xu:v denotes the trajectory of x from time instant u to time
instant v. diag{x1, x2, . . . , xn} stands for a diagonal matrix
with diagonal elements x1, x2, . . . , xn. I indicates an identity
matrix with appropriate dimensions. Other notations will be
defined as necessary.

II. PROBLEM FORMULATION

A. System Dynamics and Measurement Models
Consider a class of nonlinear complex networks with S

coupled nodes and randomly switching couplings, where the
dynamics of the r-th node is characterized as follows:

xr
k+1 = gr(xr

k) + (1− ηk)

(
S∑

s=1

θrs0 Λ0x
s
k

)

+ ηk

(
S∑

s=1

θrs1 Λ1x
s
k

)
+ µr

k.

(1)

Here, xr
k ∈ Rnx stands for the local system state at

time instant k; Θa = [θrsa ]S×S (a = 0, 1) describes the
outer coupling configuration matrix with θrsa denoting the
strength between the r-th node and the s-th node; Λa =
diag{λa,1, λa,2, . . . , λa,nx} (a = 0, 1) denotes the inner cou-
pling matrix; µr

k represents the process noise with known PDF
pµr

k
(·); gr(·) : Rnx → Rnx is the known nonlinear function;

and the random variable ηk, characterizing the switching
couplings, has the following probability distribution:{

Pr{ηk = 0} = pη,0

Pr{ηk = 1} = 1− pη,0
(2)

where pη,0 is a known constant within the interval [0, 1].
In order to estimate the state of the target plant (1), it is as-

sumed that two types of measurements are available: fast-rate
binary measurements and slow-rate integral measurements, as
illustrated in Fig. 1. For the fast-rate binary measurements, the
relationship between the measurement output and the system
state at time instant k can be expressed as follows:

ȳr,jk = fr,j(xr
k) + ωr,j

k , j = 1, 2, . . . , J (3)

ỹr,B,j
k =

{
1, if ȳr,jk > τ r,j ;

−1, otherwise
(4)

where ȳr,jk and ỹr,B,j
k ∈ R represent, respectively, the original

measurement and the binary output of the j-th fast-rate sensor
for the r-th node; fr,j(·) : Rnx → R denotes the known and
possibly nonlinear function; ωr,j

k is the measurement noise
with known PDF pωr,j

k
(·); and τ r,j denotes the threshold

determining the value of binary output.
For the slow-rate integral measurements, the measurement

equation associated with the r-th node is described as follows
[43]:

x̆r
ti =

ti∑
s=ti−1+1

Hr
sx

r
s (5)
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Fig. 1: Filtering problem with multi-rate heterogeneous
measurements.

ỹr,Iti = hr(x̆r
ti) + νrti (6)

where ỹr,Iti ∈ Rny denotes the integral measurement collected
from time instant ti−1 + 1 to ti and ti = ti−1 + b with b
being a positive integer greater than one, which specifies the
time interval for data collection and processing; Hr

s ∈ Rnx̆×nx

denotes the known matrix involved in the integral term x̆r
ti ;

hr(·) : Rnx̆ → Rny is the known and possibly nonlinear
function; and νrti represents the measurement noise with
known PDF pνr

ti
(·).

B. Measurement Transmissions Over Imperfect Channels

In practical scenarios, the communication channels (as de-
picted in Fig. 1) are typically imperfect, and data transmissions
may experience fading. Furthermore, due to factors such as
limited communication bandwidth and potential malicious
cyber-attacks, packet dropouts might also occur during data
transmission. To account for these issues, the measurements
after transmission through the non-ideal channels can be
characterized as follows:

yr,B,j
k = αr,j

k ur,j
k ỹr,B,j

k + ξr,jk , j = 1, 2, . . . , J

yr,Iti = βr
tiv

r
ti ỹ

r,I
ti + χr

ti

(7)

where yr,B,j
k and yr,Iti represent the available measurement

information at the filter end; ur,j
k and vrti describe the cor-

responding channel gains during the signal transmission; ξr,jk

and χr
ti stands for the additive channel noises with respective

PDF pξr,jk
(·) and pχr

ti
(·). The terms αr,j

k and βr
ti , introduced

to capture the phenomenon of packet dropouts, are Bernoulli-
distributed random variables with the following probability
distribution: {

Pr{αr,j
k = 1} = ᾱr,j

Pr{αr,j
k = 0} = 1− ᾱr,j

(8)

and {
Pr{βr

ti = 1} = β̄r

Pr{βr
ti = 0} = 1− β̄r

(9)

where ᾱr,j and β̄r are known positive scalars within the
interval [0, 1].

Throughout this paper, the process noises µr
k, the measure-

ment noises ωr,j
k and νrti , the channel noises ξr,jk and χr

ti , the
random variables αr,j

k and βr
ti , and the channel gains ur,j

k and
vrti (if random) are mutually independent and also independent
of the initial state xr

0 with PDF pxr
0
(·).
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The purpose of this paper is to develop multi-sensor particle
filtering algorithms for nonlinear complex networks with bina-
ry and integral measurements, addressing the challenges posed
by randomly switching couplings, non-Gaussian noises, and
packet dropouts. Specifically, the aim is to estimate the state of
each node based on the available heterogeneous measurements,
while accounting for the imperfections of the communication
channels.

III. DESIGN OF MULTI-SENSOR PARTICLE FILTERING
ALGORITHMS

In this section, we will design two types of algorithms with-
in the particle filtering framework based on the heterogeneous
measurements and the specific channel conditions.

Before proceeding further, let us denote by Y r
k the received

measurements at time instant k (k > 1) for node r:

Y r
k =

{
[(yr,Bk )T (yr,Ik )T ]T , if mod(k − 1, b) = 0;

yr,Bk , otherwise
(10)

where yr,Bk = [yr,B,1
k yr,B,2

k · · · yr,B,J
k ]T . Moreover, we

define Y r
1 = yr,B1 and set t0 = 1 to avoid confusion.

Accordingly, the available measurements for node r up to time
instant k can be characterized as

Y r
1:k = [(Y r

1 )
T (Y r

2 )
T · · · (Y r

k )
T ]T .

Due to the aforementioned engineering-oriented complex-
ities, it is extremely challenging, if not infeasible, to derive
an analytical expression for the posterior PDF of the states
of interest, i.e., p(xr

0:k|Y r
1:k). To address this, we employ the

well-known sampling importance resampling particle filtering
algorithm [53]. The fundamental idea of particle filtering is
to approximate the posterior PDF using a set of weighted
particles as follows:

p(xr
0:k|Y r

1:k) =
L∑

l=1

w
r,{l}
k δ

(
xr
0:k − x

r,{l}
0:k

)
(11)

where L denotes the number of particle candidates, δ(·)
represents the Dirac delta function, xr,{l}

0:k is the l-th particle
candidate sampled from the proposal density q(xr

0:k|Y r
1:k)

associated with the r-th node, and w
r,{l}
k is the corresponding

importance weight determined by

w
r,{l}
k =

p(Y r
k |x

r,{l}
0:k , Y r

1:k−1)p(x
r,{l}
k |xr,{l}

k−1 )

q(x
r,{l}
k |xr,{l}

0:k−1, Y
r
1:k)

w
r,{l}
k−1 . (12)

For ease of implementation, the proposal density is typically
chosen as the state transition density, i.e.,

q(xr
k|x

r,{l}
0:k−1, Y

r
1:k) = p(xr

k|x
r,{l}
k−1 ). (13)

It is apparent from the system dynamics (1) that the state
evolution of the r-th node depends not only on its own previ-
ous state but also on the previous states of other coupled nodes,
influenced by randomly switching couplings. Following the
approach in [54], the states of other nodes are treated as inputs
to the dynamics of the r-th node, and their corresponding

values are approximated by their state estimates. Thus, the
state transition density can be approximately expressed as:

p(xr
k|x

r,{l}
k−1 ) ≈ p(xr

k|x
r,{l}
k−1 , x̂

s
k−1) (14)

where x̂s
k−1 denotes the state estimate of the s-th node (s ∈

{1, 2, . . . , S} \ {r}) at time instant k − 1.
Considering the randomly switching nature of the node

couplings and the probability distribution (2), we can further
express the state transition density as follows:

p(xr
k|x

r,{l}
k−1 , x̂

s
k−1) = pη,0p(x

r
k|x

r,{l}
k−1 , x̂

s
k−1,Θ0,Λ0)

+ (1− pη,0)p(x
r
k|x

r,{l}
k−1 , x̂

s
k−1,Θ1,Λ1),

(15)
which indicates that the generation of new particles is de-
pendent on the statistical property of the randomly switching
couplings.

Subsequently, we proceed to deduce two types of particle
filtering strategies.

A. Particle Filtering Scheme with Deterministic Channel
Gains

To begin with, let us consider the scenario where the channel
gains ur,j

k and vrti are deterministic and assumed to be known a
priori. Under this circumstance, the likelihood function can be
evaluated by separately considering the time instants with both
fast-rate binary measurements and slow-rate integral measure-
ments, as well as the time instants with only fast-rate binary
measurements. For the former case, it should be pointed out
that, due to the presence of slow-rate integral measurements,
the current measurement Y r

k is influenced not only by the
current state xr

k but also by the previous states xr
k−b+1:k−1

within the collection window. Consequently, similar to the
approach in [53], the likelihood function can be reformulated
as follows:

p(Y r
k |xr

0:k, Y
r
1:k−1) = p(Y r

k |xr
k−b+1:k). (16)

Under the assumption of mutually independent random
noises, the likelihood function can be further factorized as
follows:

p(Y r
k |xr

k−b+1:k) = p(yr,Ik |xr
k−b+1:k)

J∏
j=1

p(yr,B,j
k |xr

k−b+1:k)

= p(yr,Ik |xr
k−b+1:k)

J∏
j=1

p(yr,B,j
k |xr

k).

(17)
Analogously, if the condition mod(k − 1, b) = 0 does not

hold, the likelihood function can be described by the following
form:

p(Y r
k |xr

k−b+1:k) =

J∏
j=1

p(yr,B,j
k |xr

k). (18)

Then, the next task is to determine the explicit expressions
for p(yr,B,j

k |xr
k) and p(yr,Ik |xr

k−b+1:k) under the imperfect
transmission channels with deterministic gains.
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Based on the models (3) and (4) of fast-rate binary mea-
surements, along with the transmission process characterized
by (7) and (8), it follows that:

p(yr,B,j
k |xr

k) = p(yr,B,j
k |xr

k, α
r,j
k = 1)Pr{αr,j

k = 1}
+ p(yr,B,j

k |xr
k, α

r,j
k = 0)Pr{αr,j

k = 0}
= ᾱr,jp(yr,B,j

k |xr
k, α

r,j
k = 1)

+ (1− ᾱr,j)p(yr,B,j
k |xr

k, α
r,j
k = 0). (19)

Now, we move on to calculate the term p(yr,B,j
k |xr

k, α
r,j
k =

1) as follows:

p(yr,B,j
k |xr

k, α
r,j
k = 1)

= p(yr,B,j
k |xr

k, α
r,j
k = 1, ỹr,B,j

k = 1)Pr{ỹr,B,j
k = 1|xr

k}
+ p(yr,B,j

k |xr
k, α

r,j
k = 1, ỹr,B,j

k = −1)Pr{ỹr,B,j
k = −1|xr

k}
= pξr,jk

(yr,B,j
k − ur,j

k )Pr{ỹr,B,j
k = 1|xr

k}

+ pξr,jk
(yr,B,j

k + ur,j
k )Pr{ỹr,B,j

k = −1|xr
k} (20)

where the second equality follows from the expression
of yr,B,j

k in (7), and the terms Pr{ỹr,B,j
k = 1|xr

k} and
Pr{ỹr,B,j

k = −1|xr
k} can be, respectively, determined by

Pr{ỹr,B,j
k = 1|xr

k} = 1−Ψωr,j
k
(τ r,j − fr,j(xr

k))

and

Pr{ỹr,B,j
k = −1|xr

k} = Ψωr,j
k
(τ r,j − fr,j(xr

k))

where Ψωr,j
k
(·) denotes the cumulative distribution function.

On the other hand, it is not difficult to obtain that

p(yr,B,j
k |xr

k, α
r,j
k = 0) = pξr,jk

(yr,B,j
k ). (21)

Then, substituting (19)-(21) into (18) gives rise to

p(Y r
k |xr

k−b+1:k)

=
J∏

j=1

{
ᾱr,j

(
pξr,jk

(yr,B,j
k − ur,j

k )(1−Ψωr,j
k
(τ r,j − fr,j(xr

k)))

+pξr,jk
(yr,B,j

k + ur,j
k )Ψωr,j

k
(τ r,j − fr,j(xr

k))
)

+(1− ᾱr,j)pξr,jk
(yr,B,j

k )
}
.

(22)
In what follows, we set out to derive the specific expression

for p(yr,Ik |xr
k−b+1:k). Recalling the models (5) and (6) related

to the slow-rate integral measurements, along with the cor-
responding transmission models (7) and (9), we can acquire
that if the condition mod(k − 1, b) = 0 holds, the likelihood
function can be expressed as:

p(yr,Ik |xr
k−b+1:k)

= p(yr,Ik |xr
k−b+1:k, β

r
k = 1)Pr{βr

k = 1}
+ p(yr,Ik |xr

k−b+1:k, β
r
k = 0)Pr{βr

k = 0}
= β̄rp(yr,Ik |xr

k−b+1:k, β
r
k = 1)

+ (1− β̄r)p(yr,Ik |xr
k−b+1:k, β

r
k = 0).

(23)

Note that the term p(yr,Ik |xr
k−b+1:k, β

r
k = 1) can be rewrit-

ten by

p(yr,Ik |xr
k−b+1:k, β

r
k = 1)

=

∫
p(yr,Ik , ỹr,Ik |xr

k−b+1:k, β
r
k = 1)dỹr,Ik

=

∫
p(yr,Ik |ỹr,Ik , βr

k = 1)p(ỹr,Ik |xr
k−b+1:k)dỹ

r,I
k

(24)

in which the following two facts have been harnessed:

p(yr,Ik |ỹr,Ik , xr
k−b+1:k, β

r
k = 1) = p(yr,Ik |ỹr,Ik , βr

k = 1),

p(ỹr,Ik |xr
k−b+1:k, β

r
k = 1) = p(ỹr,Ik |xr

k−b+1:k).

It should be pointed out that, in most cases, it is quite chal-
lenging (if not infeasible) to derive a closed-form expression
for (24). To improve the generality of the proposed algorithm,
we seek an approximate yet computable solution by resorting
to the Monte Carlo approach. Specifically, we approximate
the likelihood function by generating a sufficient number of
samples from the distribution and averaging the results, i.e.,

p(yr,Ik |xr
k−b+1:k, β

r
k = 1)

≈ 1

N1

N1∑
n=1

p(yr,Ik |ỹr,I,{n}k , βr
k = 1)

=
1

N1

N1∑
n=1

pχr
k
(yr,Ik − vrkỹ

r,I,{n}
k )

(25)

where ỹ
r,I,{n}
k ∼ p(ỹr,Ik |xr

k−b+1:k) for n = 1, 2, . . . , N1.
Notably, such a sampling process is dependent on the mea-
surement models characterized by (5) and (6).

For the second term p(yr,Ik |xr
k−b+1:k, β

r
k = 0), it is apparent

that
p(yr,Ik |xr

k−b+1:k, β
r
k = 0) = pχr

k
(yr,Ik ). (26)

Accordingly, the likelihood function with respect to the slow-
rate integral measurement can be specified by

p(yr,Ik |xr
k−b+1:k)

≈ β̄r

N1

N1∑
n=1

pχr
k
(yr,Ik − vrkỹ

r,I,{n}
k ) + (1− β̄r)pχr

k
(yr,Ik ).

(27)
Based on the above derivations, the importance weight

for the l-th particle candidate associated with the r-th node
under the deterministic channel gains can be approximately
calculated by

w
r,{l}
k =

{
∆w

r,{l}
k,2 w

r,{l}
k−1 if mod(k − 1, b) = 0;

∆w
r,{l}
k,1 w

r,{l}
k−1 otherwise

(28)

where ∆w
r,{l}
k,1 and ∆w

r,{l}
k,2 are defined as

∆w
r,{l}
k,1

=
J∏

j=1

{
ᾱr,j

(
pξr,jk

(yr,B,j
k − ur,j

k )(1−Ψωr,j
k
(τ r,j

− fr,j(x
r,{l}
k ))) + pξr,jk

(yr,B,j
k + ur,j

k )Ψωr,j
k
(τ r,j

−fr,j(x
r,{l}
k ))

)
+ (1− ᾱr,j)pξr,jk

(yr,B,j
k )

}
,
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and

∆w
r,{l}
k,2 = ∆w

r,{l}
k,1

[ β̄r

N1

N1∑
n=1

pχr
k
(yr,Ik − vrkỹ

r,I,{l,n}
k )

+ (1− β̄r)pχr
k
(yr,Ik )

]
with ỹ

r,I,{l,n}
k ∼ p(ỹr,Ik |xr,{l}

k−b+1:k) for n = 1, 2, . . . , N1.
Up to this point, the design process for the particle filtering

scheme has been presented for nonlinear and non-Gaussian
complex networks, accounting for the joint effects of deter-
ministic channel gains, potential transmission failures, and
multi-rate measurements. Next, we proceed to develop the
corresponding filtering scheme for the case where the channel
gains are stochastic.

B. Particle Filtering Scheme with Stochastic Channel Gains
In this subsection, we shall consider the multi-sensor par-

ticle filtering problem under the stochastic channel gains.
More specifically, ur,j

k and vrti in transmission model (7),
characterizing the channel gains, are random variables and
satisfy certain PDFs pur,j

k
(·) and pvr

ti
(·). The primary task

remains to establish an explicit expression for the likelihood
function tailored to the scenario of stochastic channel gains.

To begin with, let us consider the terms p(yr,B,j
k |xr

k, α
r,j
k =

1, ỹr,B,j
k = 1) in (20). Based on the independence assumption

of the random variables involved, it follows that:

p(yr,B,j
k |xr

k, α
r,j
k = 1, ỹr,B,j

k = 1)

=

∫
pξr,jk

(yr,B,j
k − ur,j

k )p(ur,j
k )dur,j

k

≈ 1

M1

M1∑
m=1

pξr,jk
(yr,B,j

k − u
r,j,{m}
k )

(29)

where the approximation is due to the use of the Monte
Carlo technique, and the samples u

r,j,{m}
k ∼ p(ur,j

k ) for
m = 1, 2, . . . ,M1.

By the same token, another term p(yr,B,j
k |xr

k, α
r,j
k =

1, ỹr,B,j
k = −1) in (20) can be rewritten as follows:

p(yr,B,j
k |xr

k, α
r,j
k = 1, ỹr,B,j

k = −1)

≈ 1

M1

M1∑
m=1

pξr,jk
(yr,B,j

k + u
r,j,{m}
k ).

(30)

Subsequently, let us consider the slow-rate integral measure-
ments and proceed to the term p(yr,Ik |xr

k−b+1:k, β
r
k = 1) in

(23). It is not difficult to obtain that

p(yr,Ik |xr
k−b+1:k, β

r
k = 1)

=

∫∫
p(yr,Ik , ỹr,Ik , vrk|xr

k−b+1:k, β
r
k = 1)dỹr,Ik dvrk

=

∫∫
p(yr,Ik |ỹr,Ik , vrk, β

r
k = 1)p(ỹr,Ik |xr

k−b+1:k)p(v
r
k)dỹ

r,I
k dvrk

≈ 1

M2N2

M2∑
m=1

N2∑
n=1

p(yr,Ik |ỹr,I,{n}k , v
r,{m}
k , βr

k = 1)

=
1

M2N2

M2∑
m=1

N2∑
n=1

pχr
k
(yr,Ik − v

r,{m}
k ỹ

r,I,{n}
k )

(31)

where v
r,{m}
k ∼ p(vrk) for m = 1, 2, . . . ,M2 and ỹ

r,I,{n}
k ∼

p(ỹr,Ik |xr
k−b+1:k) for n = 1, 2, . . . , N2.

Now, we are in a position to determine the update rule of
importance weights. More specifically, for the r-th node, the
importance weight corresponding to the l-th particle candidate
under the stochastic channel gains can be approximately
computed by

w
r,{l}
k =

{
∆w

r,{l}
k,2 w

r,{l}
k−1 if mod(k − 1, b) = 0;

∆w
r,{l}
k,1 w

r,{l}
k−1 otherwise

(32)

where ∆w
r,{l}
k,1 and ∆w

r,{l}
k,2 are defined as

∆w
r,{l}
k,1

=
J∏

j=1

{
ᾱr,j

(( 1

M1

M1∑
m=1

pξr,jk
(yr,B,j

k − u
r,j,{m}
k )

)
× (1−Ψωr,j

k
(τ r,j − fr,j(x

r,{l}
k ))) +

( 1

M1

M1∑
m=1

pξr,jk
(yr,B,j

k

+ u
r,j,{m}
k )

)
Ψωr,j

k
(τ r,j − fr,j(x

r,{l}
k ))

)
+ (1− ᾱr,j)pξr,jk

(yr,B,j
k )

}
,

and

∆w
r,{l}
k,2 = ∆w

r,{l}
k,1

[ β̄r

M2N2

M2∑
m=1

N2∑
n=1

pχr
k
(yr,Ik − v

r,{m}
k

× ỹ
r,I,{l,n}
k ) + (1− β̄r)pχr

k
(yr,Ik )

]
with ỹ

r,I,{l,n}
k ∼ p(ỹr,Ik |xr,{l}

k−b+1:k) for n = 1, 2, . . . , N2.

C. Channel-Related Particle Filtering Algorithm

In this subsection, the detailed steps of the proposed par-
ticle filtering scheme are outlined in Algorithm 1 and the
corresponding flowchart is displayed in Fig. 2 to facilitate the
implementation.

Remark 1: It can be observed from the measurement mod-
els (5) and (6) that, if the matrix Hr

ti is identity matrix and
other matrices Hr

s (s = ti−1 + 1, . . . , ti − 1) are set to zero
matrices, then the integral measurement models degenerate
into regular measurement models. In other words, the results
obtained in this paper are also applicable to the filtering
problem that involves binary measurements and regular mea-
surements sampled at different rates.

Remark 2: It should be emphasized that the state estimation
problem considered in this paper is highly comprehensive
since it embraces the general system nonlinearities, random-
ly switching couplings, non-Gaussian noises, multi-rate het-
erogeneous measurements, and channel-induced impairments.
The joint impact of these engineering-oriented complexities
renders it really challenging (if not impossible) to design
the filter by employing the common approaches such as the
linearization-based extended Kalman filtering technique and
the H∞ filtering method. In this sense, the proposed particle
filtering scheme offers an effective method that complements
the existing approaches for addressing the state estimation
problem of certain complex networks.
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Algorithm 1 Channel-related particle filtering algorithm with
multi-rate heterogeneous measurements.

Step 1. Particle initialization
For the r-th node, draw the initial particles
x
r,{l}
0 , l = 1, 2, . . . , L from the density p(xr

0).
Then, set the associated importance weights
w

r,{l}
0 , l = 1, 2, . . . , L to be 1

L and the maximum
recursive time instant K.

Step 2. Multi-rate measurement collection
At time instant k, collect both the fast-rate binary
measurements yr,B,j

k , j = 1, 2, . . . , J and the slow-
rate integral measurements yr,Ik transmitted over the
imperfect channels if the condition mod(k−1, b) =
0 is satisfied. Otherwise, collect only the fast-rate
binary measurements.

Step 3. Particle propagation
Draw new particle x

r,{l}
k from the mixture distribu-

tion characterized by (15) for l = 1, 2, . . . , L.
Step 4. Importance weight update

Allocate the unnormalized weights w̃
r,{l}
k , l =

1, 2, . . . , L according to

w̃
r,{l}
k =

{
∆w

r,{l}
k,2 w

r,{l}
k−1 if mod(k − 1, b) = 0;

∆w
r,{l}
k,1 w

r,{l}
k−1 otherwise

where the terms ∆w
r,{l}
k,1 and ∆w

r,{l}
k,2 are specified

by (28) if the transmission channels are subject to
deterministic gains, and (32) otherwise.

Step 5. Weight normalization
Calculate the normalized importance weights by
w

r,{l}
k = w̃

r,{l}
k /(

∑L
n=1 w̃

r,{n}
k ), l = 1, 2, . . . , L.

Step 6. State estimate update
Update the state estimate x̂r

k by

x̂r
k =

L∑
l=1

w
r,{l}
k x

r,{l}
k .

Step 7. Resampling
Conduct the resampling procedure if the effective
sample size is lower than a given threshold.

Step 8. If k < K, then assign k = k + 1 and go to Step 2;
otherwise go to Step 9.

Step 9. Stop the recursion.

Remark 3: Up to now, the channel-related particle filtering
framework has been established for nonlinear complex net-
works with multi-rate heterogeneous measurements. In com-
parison to the existing literature on state estimation (e.g., [25],
[26], [55], [56]), the distinguishing features of this paper can
be summarized as follows.

1) The problem under investigation is novel as it addresses
generally nonlinear complex networks subject to non-
Gaussian noises, randomly switching couplings, and
multi-rate heterogeneous measurements, which has not
been sufficiently explored in previous studies.

2) The available measurements, derived from practical en-
gineering applications, consist of fast-rate binary mea-

Start

End

Particle initialization

Multi-rate measurement collection

Particle propagation via (15)

Importance weight update via (28) or (32)

Weight normalization

State estimation update

Resampling

� = � + 1If � <
Yes

No

Fig. 2: Flowchart of Algorithm 1.

surements and slow-rate integral measurements, both of
which are transmitted through imperfect and lossy chan-
nels, introducing further complexity.

3) Two types of importance weight updating rules have
been developed, which account for both deterministic and
stochastic channel gains, while also considering potential
transmission failures. This dual approach provides a ro-
bust framework for handling various channel conditions.

The above features distinguish the proposed particle filtering
approach from existing methods and contribute to its practical
applicability and theoretical innovation.

IV. SIMULATION VALIDATIONS

In this section, we conduct numerical simulations to demon-
strate the effectiveness of the established particle filtering
algorithm for nonlinear complex networks.

Example 1: To begin with, consider a complex network
described by equation (1), consisting of four coupled nodes,
where the nonlinearities and parameters for the system are
specified as follows:

g1(x1
k) =

[
0.8 0.3
0.2 0.85

]
x1
k +

[
−0.5 tanh(0.1x1

k,1)

−0.4 tanh(0.1x1
k,2)

]
,

g2(x2
k) =

[
0.85 0.2
0.1 0.9

]
x2
k +

[
−0.4 tanh(0.3x2

k,1)

−0.5 tanh(0.2x2
k,2)

]
,

g3(x3
k) =

[
0.75 0.2
0.15 0.8

]
x3
k +

[
0.1 tanh(0.2x3

k,1)

0.2 tanh(0.2x3
k,2)

]
,

g4(x4
k) =

[
0.72 0.1
0.3 0.8

]
x4
k +

[
0.3 tanh(0.3x4

k,1)

0.2 tanh(0.4x4
k,2)

]
,

Θ0 =


−0.3 0.1 0.1 0.1
0.1 −0.3 0.1 0.1
0.1 0.1 −0.3 0.1
0.1 0.1 0.1 −0.3

 , Λ0 =

[
0.5 0
0 0.5

]
,
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Θ1 =


−0.6 0.2 0.2 0.2
0.1 −0.2 0.05 0.05
0.1 0.2 −0.4 0.1
0.1 0.05 0.15 −0.3

 , Λ1 =

[
0.6 0
0 0.4

]
,

and pη,0 = 0.8. The process noises µr
k are portrayed by the

Gaussian mixture models, i.e.,

p(µr
k) = (1− ρr)N (µr

k; µ̄
r
1,Σ

r
µ,1) + ρrN (µr

k; µ̄
r
2,Σ

r
µ,2) (33)

where ρr = 0.2, µ̄r
1 = [2 2]T , µ̄r

2 = [2 2]T , Σr
µ,1 = I , and

Σr
µ,2 = 100I .
For the fast-rate binary measurements with J = 4 and slow-

rate integral measurements with b = 10, the corresponding
parameters are summarized as follows:

fr,1(xr
k) = sin(xr

k,1) + cos(xr
k,2), fr,2(xr

k) = 2 sin(xr
k,1),

fr,3(xr
k) = 2 cos(xr

k,2), fr,4(xr
k) =

∣∣sin(xr
k,1)− cos(xr

k,2)
∣∣ ,

τ r,j = 0.5, Hr
s =

[
1 0
0 0.5

]
, hr(x̆r

ti) =
[
0.6 −0.4

]
x̆r
ti .

The measurement noises ωr,j
k and νrti obey, respectively, the

Gaussian distribution and the Gaussian mixture distribution,
i.e.,

p(ωr,j
k ) = N (ωr,j

k ; ω̄r,j ,Σr,j
ω ),

p(νrti) = (1− κr
1)N (νrti ; ν̄

r
1 ,Σ

r
ν,1) + κr

1N (νrti ; ν̄
r
2 ,Σ

r
ν,2)

where κr
1 = 0.4, ω̄r,j = 0, Σr,j

ω = 0.04, ν̄r1 = −10, Σr
ν,1 = 1,

ν̄r2 = 10, and Σr
ν,2 = 100.

The channel noises ξr,jk and χr
ti are both depicted by the

Gaussian mixture models, i.e.,

p(ξr,jk ) = (1−κr,j
2 )N (ξr,jk ; ξ̄r,j1 ,Σr,j

ξ,1)+κr,j
2 N (ξr,jk ; ξ̄r,j2 ,Σr,j

ξ,2),

p(χr
ti) = (1− κr

3)N (χr
ti ; χ̄

r
1,Σ

r
χ,1) + κr

3N (χr
ti ; χ̄

r
2,Σ

r
χ,2)

where κr,j
2 = 0.2, κr

3 = 0.4, ξ̄r,j1 = 0, Σr,j
ξ,1 = 1, ξ̄r,j2 = 0,

Σr,j
ξ,2 = 4, χ̄r

1 = −10, Σr
χ,1 = 1, χ̄r

2 = 10, and Σr
χ,2 = 100. In

addition, the parameters related to the phenomenon of packet
dropouts are set as ᾱr,j = 0.7 and β̄r = 0.7.

With the aim of statistically evaluating the performance of
the developed filtering scheme, we employ the root mean-
square error (RMSE) index as follows:

RMSEr
k =

√√√√ 1

Nm

Nm∑
i=1

[
(xr,i

k,1 − x̂r,i
k,1)

2 + (xr,i
k,2 − x̂r,i

k,2)
2
]

where Nm represents the number of independent Monte Carlo
runs. xr,i

k,1 and xr,i
k,2 are, respectively, the first and the second

state components of the r-th node at time instant k in the i-th
Monte Carlo run, and their estimates are denoted by x̂r,i

k,1 and
x̂r,i
k,2.
First of all, we consider the case of deterministic channel

gains. Specifically, we set ur,j
k = 0.8, vrti = 0.8, N1 = 10,

and L = 500. In the simulations, the proposed channel-
related multi-sensor particle filtering algorithm (abbreviated
as MPF-D) will be compared with the following two filtering
algorithms under deterministic channel gains: 1) MPF-I: the
multi-sensor particle filtering algorithm neglecting the effect
of packet dropouts; and 2) MPF-II: the multi-sensor particle
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Fig. 3: The true and estimated trajectories of the second node.
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Fig. 4: The true and estimated trajectories of the fourth node.

filtering algorithm neglecting the effect of randomly switching
couplings.

One realization of the true state trajectories and their
respective estimates is shown in Figs. 3-4, where, for the
sake of brevity, only the simulation results for the second
and fourth nodes are presented. It can be observed from
these figures that the proposed filtering algorithm effectively
tracks the true state trajectories, demonstrating its capability
in handling nonlinearities and uncertainties within the system.
Fig. 5 illustrates the raw measurements and the received
measurements (those available to the remote filter) over the
first 70 time instants for the fourth node. It is notable that
transmission over imperfect channels results in distortion of
the raw measurements, and this highlights the challenges posed
by channel imperfections, such as packet loss and signal
fading, which the filtering algorithm successfully mitigates,
providing reliable state estimates despite these conditions.

The RMSE trajectories of different filtering algorithms, cal-
culated over 100 Monte Carlo runs, are depicted in Figs. 6-7,
from which we can conclude that the tracking performance of
the proposed MPF-D algorithm is superior to that of other two
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Fig. 5: The raw and received measurements for the fourth node.
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Fig. 6: The RMSEs of different algorithms for the second node.

filtering algorithms. In order to explore the effects of different
packet arrival rates and different sampling periods of integral
measurements, further simulation results are delineated in
Figs. 8-11, where only the parameter of interest varies. It
is obvious from Figs. 8-9 that the lower packet arrival rate
would give rise to larger performance degradation. As can be
observed from Figs. 10-11, the increase of sampling period
generally contributes to the decrease of tracking accuracy.

In what follows, let us move on to the scenario with
stochastic channel gains. In this case, the channel gains ur,j

k

and vrti are all assumed to obey the Rayleigh distribution
with scale parameter set as 0.6. Moreover, N2 = 10 and
M1 = M2 = 10. Other parameters are the same as those
in the deterministic scenario. One realization of the true state
trajectories and the corresponding estimates obtained by the
proposed algorithm are summarized in Figs. 12-13, which
indicate that the proposed filtering scheme is also effective
when it comes to the stochastic channel gains. Fig. 14 displays
the partial raw measurements and the received measurements
for the fourth node, and Fig. 15 portrays the realizations of
stochastic channel gains u4,1

k using the normalized histogram.
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Fig. 7: The RMSEs of different algorithms for the fourth node.
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Fig. 8: The RMSEs of different packet arrival rates for the second
node.

0 50 100 150
0

5

10

15

20

25

Fig. 9: The RMSEs of different packet arrival rates for the fourth
node.
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Fig. 10: The RMSEs of different sampling periods for the second
node.
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Fig. 11: The RMSEs of different sampling periods for the fourth
node.
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Fig. 12: The true and estimated trajectories of the second node.
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Fig. 13: The true and estimated trajectories of the fourth node.

0 10 20 30 40 50 60 70
-2

0

2

4

6
Raw measurements
Received measurements

0 10 20 30 40 50 60 70
0

100

200

300

Fig. 14: The raw and received measurements for the fourth node.

Fig. 15: Normalized histogram of the stochastic channel gains with
regard to the first binary sensor for the fourth node. The blue curve
depicts the PDF of Rayleigh distribution with scale parameter 0.6.
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The simulation results over 100 Monte Carlo runs are
summarized in Table I, where MPF-S denotes the proposed
filtering algorithm for stochastic channel gains; MPF-I and
MPF-II stand for the aforementioned algorithms with adapta-
tion to stochastic channel gains; and RMSE

i
represents the

average RMSE for the i-th node. It is clear from Table I that
the proposed MPF-S exhibits the best tracking performance
as expected in comparison with other two algorithms, which
again testifies the superiority of our developed scheme. Sub-
sequently, we conduct further simulations to probe the effect
of the number of M1 and M2, and the corresponding results
in terms of average RMSE over all nodes and average running
time are listed in Table II. From Table II, we are able to see that
the increased number of samples would improve the filtering
performance but at the sacrifice of computational efficiency.
As such, an appropriate number of samples should be chosen
in practice to attain a balance between the computational
efficiency and filtering performance.

TABLE I: Performance comparisons with different filtering
algorithms.

Algorithms MPF-S MPF-I MPF-II

RMSE
1 51.0568 53.2974 156.0206

RMSE
2 37.6584 39.2410 92.5426

RMSE
3 28.0477 29.1529 68.6377

RMSE
4 28.2669 29.2971 72.3249

TABLE II: Performance comparisons with different numbers
of M1 and M2.

M1, M2 20 35 50

Average RMSE 35.0216 34.5219 32.3051
Average running time (s) 0.0961 0.1066 0.1169

Example 2: In this example, let us consider a practical lo-
calization problem involving three mobile robots (i.e., S = 3),
and the dynamics of the r-th mobile robot can be described
by [25]:

xr
k+1 = xr

k +

 vrk cosx
r
k,ϕ

vrk sinx
r
k,ϕ

σr
k

+ (1− ηk)

3∑
s=1

θrs0 Λ0x
s
k

+ ηk

3∑
s=1

θrs1 Λ1x
s
k + µr

k

where xr
k =

[
xr
k,e xr

k,n xr
k,ϕ

]T
with (xr

k,e, x
r
k,n) and xr

k,ϕ

being the position and the orientation of the r-th mobile robot
at time instant k, respectively. Moreover, vrk and σr

k signify,
respectively, the corresponding velocity and angular velocity.
In the simulations, vrk and σr

k are, respectively, set as 0.5 and
0.32, and pη,0 = 0.5. The process noise µr

k is of the form
(33) with parameters ρr = 0.2, µ̄r

1 = µ̄r
2 = [0 0 0]T , Σr

µ,1 =

0.012I , and Σr
µ,2 = 0.01I . Other parameters are set as follows:

Θ0 =

−0.2 0.1 0.1
0.1 −0.2 0.1
0.1 0.1 −0.2

 , Λ0 = 0.05I,

Θ1 =

−0.6 0.4 0.2
0.3 −0.4 0.1
0.2 0.3 −0.5

 , Λ1 = 0.5I.

For the fast-rate binary measurements with J = 4 and slow-
rate integral measurements with b = 3, the corresponding
parameters are given by

fr,1(xr
k) = (xr

k,e)
2 + (xr

k,n)
2,

fr,2(xr
k) = (xr

k,e − 10)2 + (xr
k,n)

2,

fr,3(xr
k) = (xr

k,e)
2 + (xr

k,n − 10)2,

fr,4(xr
k) = (xr

k,e − 10)2 + (xr
k,n − 10)2, τ r,j = 50,

Hr
ti−1+1 = diag{−1,−1, 0}, Hr

ti−1+2 = diag{0, 0, 0},

Hr
ti = diag{1, 1, 0}, hr(x̆r

ti) =
1

2

√
(x̆r

ti,1
)2 + (x̆r

ti,2
)2.

Similar to the case in Example 1, the measurement noises
ωr,j
k and νrti obey, respectively, the Gaussian distribution and

the Gaussian mixture distribution with parameters κr
1 = 0.2,

ω̄r,j = 0, Σr,j
ω = 0.04, ν̄r1 = ν̄r2 = 0, Σr

ν,1 = 0.01, and Σr
ν,2 =

0.04. Moreover, the parameters of the channel noises ξr,jk and
χr
ti are specified by κr,j

2 = 0.2, κr
3 = 0.4, ξ̄r,j1 = ξ̄r,j2 = 0,

Σr,j
ξ,1 = 0.01, Σr,j

ξ,2 = 0.04, χ̄r
1 = χ̄r

2 = 0, Σr
χ,1 = 0.01, and

Σr
χ,2 = 0.04. In the simulations, ᾱr,j = 0.6, β̄r = 0.6, and

the channel gains ur,j
k and vrti obey the Rayleigh distribution

with scale parameter set as 1.
The simulation results in one realization are displayed in

Figs. 16-17, where the true and estimated trajectories of the
first and third robots are depicted. Obviously, the proposed
particle filtering algorithm is able to well track the trajectories
of the mobile robots. To illustrate the superiority of the pro-
posed algorithm, the RMSE behaviors of different algorithms
(with the same abbreviations as in Example 1), calculated over
100 Monte Carlo runs, are shown in Figs. 18-19. It is clear
that compared to the other two algorithms, the proposed MPF-
S delivers superior tracking performance. These results further
confirm the effectiveness of the proposed scheme.

V. CONCLUSIONS

In this paper, we have addressed the multi-sensor particle
filtering problem for a class of nonlinear complex network-
s subject to non-Gaussian noises and randomly switching
couplings. A set of Bernoulli-distributed random variables
with known probability distributions has been used to model
the random occurrence of switching couplings and packet
dropouts. The filtering problem has incorporated both binary
measurements and integral measurements with different sam-
pling periods, which are transmitted over imperfect wireless
communication channels and considered at the remote filter
end. Using the Monte Carlo approximation technique and
derived weight update rules, we have proposed two types of
particle filtering algorithms, each tailored to the gain properties
of the wireless channels (deterministic or stochastic). These
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Fig. 16: The true and estimated trajectories of the first robot.
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Fig. 17: The true and estimated trajectories of the third robot.
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Fig. 18: The RMSEs of different algorithms for the first robot.
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Fig. 19: The RMSEs of different algorithms for the third robot.

algorithms have been designed to handle the complexities of
multi-rate heterogeneous measurements. Finally, a series of
Monte Carlo simulations has been conducted, with perfor-
mance comparisons, to verify the effectiveness and superiority
of the proposed channel-related particle filtering algorithms. In
the future, a promising yet difficult research topic is to conduct
a rigorous performance analysis for the proposed algorithms.
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