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Continuous-Discrete Feedback Particle Filter With In-
termittent Observation: Balancing Performance and
Communication Rate

This article investigates the event-triggered feedback particle filter
(FPF) problem in general continuous-discrete (CD) Gaussian systems.
An event-triggered measurement-assimilation mechanism based on
Kullback–Leibler divergence is integrated into the CD-FPF frame-
work, with the trigger criterion approximated in two steps so that the
decision can be evaluated at the sensor end. This mechanism aligns
naturally with the FPF’s theoretical framework, preserving its original
structure and advantages. Updates are omitted when observations are
discarded, reducing costs, but proceed normally when retained. Nu-
merical experiments employing the Euler–Maruyama discretization
method validate the effectiveness of the proposed approach, which re-
duces the sensor-side transmission overhead at all triggering rates and
reduces the global computational cost when the triggering rate falls
below a quantifiable break-even point determined by the regression
overhead at the estimator.

I. INTRODUCTION

STATE estimation has long been a fundamental research
area in signal processing and control engineering, with
numerous filtering techniques developed for this purpose.
The theoretical foundation of state estimation dates back
to Gauss’s least squares method [1]. The introduction of
the Kalman filter (KF) by Kalman established the cor-
nerstone of modern state estimation [2], proving to be
optimal under the minimum mean square error criterion.
However, practical systems often violate linearity assump-
tions, making the study of nonlinear system state estimation
particularly important. To address nonlinear systems, the
extended KF (EKF) was developed [3]. This technique
employs a first-order Taylor series expansion linearized at

Received 28 November 2025; revised 6 June 2026; accepted 7 August
2026. Date of publication 12 August 2026; date of current version 14
September 2026.

DOI. No. 10.1109/TAES.2026.3723394

Refereeing of this contribution was handled by C.-F. Huang.

This work was supported by the National Natural Science Foundation of
China under Grant 42450242.

Authors’ addresses: Chang Qin, Tong Guo, and Yao Mao are with
State Key Laboratory of Optical Field Manipulation Science and Tech-
nology, Institute of Optics and Electronics, Chinese Academy of Sci-
ences, Chengdu 610209, China, also with the Key Laboratory of Op-
tical Engineering, Chinese Academy of Sciences, Chengdu 610209,
China, and also with University of Chinese Academy of Sciences,
Beijing 101408, China, E-mail: (qinchang24@mails.ucas.ac.cn; guo-
tong20@mails.ucas.ac.cn; maoyao@ioe.ac.cn); Jiayi Kang is with Hetao
Institute of Mathematics and Interdisciplinary Sciences (HIMIS), Shen-
zhen 518000, China, and also with Beijing Institute of Mathematical
Sciences and Applications (BIMSA), Beijing 101408, China, E-mail:
(kangjiayi@himis-sz.cn); Stephen S.-T. Yau is with Department of Math-
ematical Sciences, Tsinghua University, Beijing 100084, China, (E-mail:
(yau@uic.edu). (Corresponding authors: Stephen S.-T. Yau; Jiayi Kang.)

0018-9251 © 2026 IEEE

16046 IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 62 2026

Authorized licensed use limited to: Tsinghua University. Downloaded on October 15,2026 at 01:01:48 UTC from IEEE Xplore.  Restrictions apply. 

mailto:qinchang24@mails.ucas.ac.cn
mailto:guotong20@mails.ucas.ac.cn
mailto:guotong20@mails.ucas.ac.cn
mailto:maoyao@ioe.ac.cn
mailto:kangjiayi@himis-sz.cn
mailto:yau@uic.edu


the present state estimate to approximate both the nonlin-
ear dynamic and observation models. However, neglecting
higher order terms introduces cumulative linearization er-
rors that degrade performance. The unscented KF (UKF)
selects a set of deterministic sample points based on the
unscented transform to approximate the propagation of
the system state’s probability density [4]. This avoids ex-
plicit Jacobian matrix calculation, offering better numeri-
cal stability in certain scenarios. In contrast, the cubature
KF employs the spherical-radial cubature rule to generate
sample points, achieving a Gaussian-weighted integral ap-
proximation of the state’s posterior probability density [5].
For continuous-time systems, there exist corresponding
filtering approaches, such as the Kalman–Bucy filter [6]
and other variants. However, the aforementioned methods
based on Kalman filtering typically require linearization and
Gaussian assumptions, which may reduce the prediction
accuracy for complex systems. In contrast, particle filters
(PFs) do not rely on linearization or Gaussian assump-
tions [14]. By approximating state posterior distributions
using empirical particle distributions, they perform better
when dealing with low- to mid-dimensional nonlinear sys-
tems. However, PFs suffer from particle degeneracy and the
curse of dimensionality in high-dimensional systems [26].
Improving performance needs resampling and a large num-
ber of particles. Recently, the feedback PF (FPF) [15],
proposed for continuous-time systems, eliminates resam-
pling requirements while overcoming sampling issues and
dimensionality challenges. As a Monte Carlo method, the
FPF, inspired by mean-field optimal control, treats particles
as controlled stochastic systems and derives optimal feed-
back control laws by minimizing the Kullback–Leibler (KL)
divergence between the true posterior and the particle dis-
tribution. The aforementioned methods apply exclusively to
either discrete-time or continuous-time systems. However,
continuous-time systems cannot adequately capture inter-
mittent observations, while discrete-time systems inevitably
introduce approximation errors when modeling continuous
state evolution. Over recent decades, continuous-discrete
(CD) systems have gained prominence across various appli-
cations, including ballistic missile tracking [7], finance [30],
navigation [9], and aerospace engineering [8]. In navigation
applications, for instance, target states (such as position and
velocity) evolve continuously, whereas sensors provide only
discrete intermittent observations [9]. Substantial research
exists on state estimation for CD systems. The CD-KF
provides the optimal solution for linear systems under the
mean squared error criterion [10]. For nonlinear systems,
the CD extended KF (CD-EKF) was first proposed in [11].
Building upon CD-KF, the authors in [12] developed the
CD-UKF, achieving CD-EKF-level performance with re-
duced computational complexity. Subsequently, the CD-PF
emerged, demonstrating superior performance compared
with the CD-EKF [13]. The FPF framework has also been
extended to CD systems in [16]. In remote state estimation,
resource-constrained sensors communicate with estimators
via wireless channels, where frequent transmissions may
cause packet losses and delays [17]. The event-triggered

mechanism (ETM) addresses this by permitting data
transmission only when specific conditions are satisfied,
thereby reducing unnecessary communication while main-
taining estimation performance. Event-triggered state es-
timation has been extensively studied for continuous-
time and discrete-time systems [18], [19], [20], [21],
[22], [24], [28], [29]. However, research on CD systems
remains limited due to the challenge of simultaneously
handling continuous dynamics and discrete measurements.
Specifically, continuous process noise and discrete mea-
surement noise impact trigger decisions differently, po-
tentially causing false triggers or missed detections. We
briefly position the proposed method against three lines of
related work. Compared with event-triggered PFs using KL-
divergence or variational-Bayes-type approximations [21],
which operate in discrete-time settings, this work is the
first to instantiate a KL-based ETM within the CD-FPF,
where the trigger criterion shares the variational form used
in FPF’s mean-field optimal-control derivation [15], [16].
Compared with innovation-based and posterior-based trig-
gering schemes [17], [24], which probe, respectively, the
residual mean and selected posterior moments, the proposed
criterion uses the full prior-to-posterior divergence; in the
Gaussian limit this divergence reduces to a Mahalanobis-
type quadratic form, so the latter is a special case rather
than a distinct paradigm. Compared with the original CD-
FPF [16], which assumes that every measurement is as-
similated, the present work explicitly accommodates in-
termittent observations and recovers the original CD-FPF
as the always-triggered limit γ → 0. Motivated by the
above analysis, this article integrates a KL divergence-based
event-triggered measurement-assimilation mechanism into
the CD-FPF to reduce unnecessary transmissions while
preserving estimation performance. The main contributions
of this article are summarized as follows.

1) Integrated a KL divergence-based ETM into the
CD-FPF framework, evaluating measurement infor-
mation via particle density divergence without mod-
ifying the FPF structure; the criterion shares the
variational form used in FPF’s own derivation.

2) Developed a two-step particle-then-regression ap-
proximation that serves as a practical mechanism
enabling sensor-side triggering decisions under com-
munication constraints, reducing the sensor-side
transmission overhead at all triggering rates and
reducing global computational cost when the trig-
gering rate falls below the break-even point charac-
terized in Remark 3.

3) Simulations show the KL-based ETM maintains ac-
curacy at low communication costs, with the event-
triggered FPF consistently outperforming the event-
triggered PF under the same KL-based criterion.

The rest of this article is organized as follows. Section II
briefly introduces the CD system and the FPF. Section III
provides a detailed description of the event-triggered CD
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FPF with intermittent observation and the two-step approxi-
mation method for the KL divergence. In Section IV, numer-
ical simulations are conducted to validate the effectiveness
of the proposed algorithm. Finally, Section V concludes this
article.

II. BACKGROUND

A. Continuous-Discrete System Model

We model the target state in continuous time via a
stochastic differential equation (SDE)

dXt = A(Xt )dt + σBdBt (1)

where Xt ∈ Rn×1 represents the system state vector at time t ,
and {Bt } is an n-dimensional standard Brownian motion, as-
sumed to be independent of the initial state X0. The function
A : Rn → Rn is known and satisfies certain continuity con-
ditions. The constant σB ∈ R+ is known and time-invariant.
The observations obey the following discrete-time equation:

Ytk = H (Xtk ) + σWWk (2)

where Ytk ∈ Rm×1 is the observation at time t = tk , Xtk ∈
Rn×1 is the state vector at time t = tk , and {Wk} is a sequence
of independent and identically distributed standard normal
random variables, also independent of the state process
{Xt }. The function H : Rn → Rm is known and satisfies
certain continuity conditions. The constant σW ∈ R+ is
known and time-invariant. The corresponding probability
space is denoted as (�,F,P), and the σ -algebra is defined
as Ft := σ (Ytk : tk ≤ t ) which represents the observation
history up to time t .

B. Feedback Particle Filter

According to recent research on FPF for CD systems,
the objective of filtering is to compute the conditional prob-
ability density of Xt based on the accumulated measurement
data Zt := σ {Yti |∀i s.t. ti ∈ [0, t]}, i.e., the posterior proba-
bility density function p∗(x, t ). The fundamental principle
of FPF aligns with that of various PF methods: at every
time instant t , the true posterior distribution is approximated
by an empirical distribution formed by a particle swarm
{X i

t : 1 ≤ i ≤ N}, where X i
t ∈ Rn×1 represents the state of

the ith particle at time t [16].
During the Continuous Time Interval: The continuous

evolution of the posterior distribution p∗(x, t ) is governed
by

∂ p∗

∂t
(x, t ) = �† p∗(x, t ) (3)

where �† p∗ = −∇ · (p∗A) + 1
2σ 2

B�p∗ and the initial con-
dition p∗(x, tk−1) is known. Clearly, (3) can be derived from
the Kolmogorov forward equation. Define p∗(x, t−

k ) :=
limt↗tk p∗(x, t ) as the conditional probability density of Xtk
givenZtk−1 := σ {Yti |∀i s.t. ti ∈ [0, tk−1]}, i.e., the prior prob-
ability density. Correspondingly, the ith particle evolves
according to the following SDE:

dX i
t = A

(
X i

t

)
dt + σBdBi

t (4)

where {Bi
t } are mutually independent n-dimensional stan-

dard Brownian motions and independent of the known
initial state X i

tk−1
, which represents the state vector of the

ith particle at time t = tk−1. In addition, the samples X i
0 are

drawn i.i.d. from p∗(x, 0). Denote

X i
t−
k

:= lim
t↗tk

X i
t .

When a New Observation is Received at Discrete Time: The
posterior distribution p∗(x, tk ) is obtained by applying the
Bayes’ rule. To transform discrete observations into a con-
tinuous framework, a pseudo-time parameter is introduced,
and two homotopy mappings are constructed

qk (x, τ ) := ln q∗(x, t−
k ) + τ

σ 2
W

HT (x)

(
Ytk − 1

2
H (x)

)
p∗

k (x, τ ) := exp qk (x, τ )∫
exp qk (x′, τ )dx′

where τ ∈ [0, 1] serves as a pseudo-time variable,
p∗

k (x, 0) = p∗(x, t−
k ). and p∗

k (x, 1) = p∗(x, tk ). Then, the
posterior p∗

k (x, τ ) evolves continuously according to

∂ p∗
k

∂τ
(x, τ ) = p∗

k (x, τ )

σ 2
W

[
[H (x) − Ĥ (τ )]T Ytk − 1

2
HT (x)H (x)

+ 1

2
̂HT (x)H (x)

]
(5)

where

Ĥ (τ ) :=
∫

p∗
k (x, τ )H (x)dx

̂HT (x)H (x) :=
∫

p∗
k (x, τ )HT (x)H (x)dx.

Correspondingly, the ith particle evolves according to the
following SDE:

dSi
k

dτ
(τ ) = U i

k (τ ) = Kk
(
Si

k (τ ), τ
)

Ytk + uk
(
Si

k (τ ), τ
)

(6)

where Si
k (0) = X i

t−
k

. Let pk (x, τ ) denote the distribution of

Si
k (τ ), the objective of FPF is to design Kk (·) and uk (·)

such that pk (x, 1) = p∗
k (x, 1) = p∗(x, tk ) and X i

tk = Si
k (1).

According to the Kolmogorov’s forward equation, it can be
derived that

∂ pk

∂τ
(x, τ ) = −∇ · (pkKk )Ytk − ∇ · (pkuk ).

Therefore, the optimal Kk (·) and uk (·) are as follows:

Kk (x, τ ) = [∇λT
1 , ∇λT

2 , . . . , ∇λT
m] (7)

uk (x, τ ) = −1

2
Kk (x, τ )

(
H (x) + Ĥ

) + 1

2
�k (x, τ ) (8)

where ∇λi is the solution of equation ∇ · (pk∇λ j ) =
− 1

σ 2
W

(Hj − Ĥj )pk with condition
∫

Rn λ j (x, τ )pk (x, τ )dx =
0, and �k = ∇φ is the solution of equation ∇ · (pk∇φ) =
− 1

σ 2
W

(G − Ĝ)pk with condition
∫

Rn φ(x, τ )pk (x, τ )dx = 0

and G := ∑m
j=1 ∇λ j · ∇HT

j , Ĝ := ∫
pk (x, τ )G(x)dx.
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Fig. 1. Evolution process of FPF in CD system.

III. EVENT-TRIGGERED CONTINUOUS-DISCRETE
FEEDBACK PARTICLE FILTER

A. Motivation

The authors in [16] proposed an FPF for CD systems
that approximates the posterior distribution through particle
evolution equations (4) and (6), with the two-step process
illustrated in Fig. 1. However, practical limitations arise
under resource constraints. First, frequent sensor transmis-
sion depletes battery power, as communication consumes
more energy than local computation [31]. Second, when
observation intervals in system (1) and (2) are small, single
updates yield minimal improvement while the pseudo-time
update step incurs substantial computation, resulting in
inefficient resource utilization. This section addresses these
issues.

B. Intermittent Observation Trigger Mechanism

Intermittent observations are common occurrences,
such as packet loss, etc., but these are passively generated.
Inspired by intermittent observation, however, we will focus
on a type of artificial, proactive intermittent observation
behavior. By introducing a trigger mechanism, the observa-
tion sequence can be reconstructed through sparsification
at estimator end. This approach eliminates unnecessary
measurement transmissions and update, improving commu-
nication efficiency and conserving computational resources
while maintaining acceptable estimation accuracy. ETMs
are commonly designed in the following form [21], [24]:

ζk =
{

0, fk (Ytk ) < γ

1, fk (Ytk ) ≥ γ .
(9)

Here, ζk is a binary decision variable where ζk = 1 if the
latest measurementYtk is retained and sent, and ζk = 0 other-
wise. fk (·) : Rm �→ R+ is the test function and γ ∈ R+ is the
threshold. By designing the test function and the threshold,
we can achieve a tradeoff between performance, communi-
cation cost, and computational cost. Therefore, the primary
objective is to integrate an event-triggered measurement-
assimilation mechanism into the CD-FPF framework un-
der intermittent observations, and to analyze the resulting
communication–estimation tradeoff and computational im-
plications.

C. Construction of the Test Function

Trigger mechanisms should align with the underlying
filtering paradigm. Filtering algorithms operate through two
approaches: 1) Bayesian density modeling or 2) innovation-
based stochastic methods. For density-based methods, di-
vergence metrics naturally measure distributional “dis-
tance” between prior and posterior; for innovation-based
methods, the innovation itself serves as the test function.
Since FPF is density-based and derived using KL diver-
gence, employing KL divergence as the test function is
inherently consistent. Specifically, the FPF control law was
obtained in [15] by minimizing the KL divergence between
the particle distribution and the true posterior, and Lemma 1
guarantees that the resulting pseudo-time flow makes these
two distributions coincide; using the same divergence be-
tween prior and posterior as the trigger criterion is there-
fore structurally consistent with FPF’s variational origin,
rather than constituting an extrinsic add-on. Moreover,
while KL-based triggering shares mean-shift sensitivity
with innovation-based approaches, it critically incorporates
covariance changes. This joint sensitivity enables robust
detection of phenomena including abrupt process noise
increases, modeling errors, and drifting measurement noise
variance, effectively reducing false triggers and missed
detections. The test function is thus defined as

fk (Ytk ) = DKL
(
p(Xtk |Ztk−1,Ytk ) ‖ p(Xtk |Ztk−1 )

)
(10)

where Zt := σ {ζiYti |∀i s.t. ti ∈ [0, t]} and

DKL
(
p(Xtk |Ztk−1,Ytk ) ‖ p(Xtk |Ztk−1 )

)
=

∫
p(Xtk |Ztk−1,Ytk ) log

p(Xtk |Ztk−1,Ytk )

p(Xtk |Ztk−1 )
dXtk .

However, computing KL divergence faces three challenges:
1) it requires the unknown posterior density that filtering
aims to estimate; 2) it lacks closed-form expressions and
requires integration; and 3) for event-triggered decisions
at the sensor, the measurement information resides locally,
yet KL divergence computation traditionally occurs at the
remote estimator, preventing sensor-side evaluation. We
propose a two-step approximation to address these issues.
First, KL divergence is approximated via particles. Second,
the estimator employs sampling and regression-based meth-
ods for approximation. Finally, only regression coefficients
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are transmitted to the sensor, enabling local event-triggered
decisions. The approximation process proceeds as follows.

Particle Approximation: According to the Bayes rule

p(Xtk | Ztk−1,Ytk ) = p(Ytk | Xtk )p(Xtk | Ztk−1 )

p(Ytk | Ztk−1 )

we have

fk (Ytk ) =
∫

p(Xtk | Ztk−1,Ytk ) log
p(Xtk | Ztk−1,Ytk )

p(Xtk | Ztk−1 )
dXtk

=
∫

p(Xtk | Ztk−1,Ytk ) log
p(Ytk | Xtk )

p(Ytk | Ztk−1 )
dXtk

=
∫

p(Xtk | Ztk−1,Ytk ) log p(Ytk | Xtk ) dXtk

− log p(Ytk | Ztk−1 )

∫
p(Xtk | Ztk−1,Ytk ) dXtk

=
∫

p(Ytk | Xtk ) p(Xtk | Ztk−1 )

p(Ytk | Ztk−1 )
log p(Ytk | Xtk ) dXtk

− log p(Ytk | Ztk−1 ).

Since

p(Xtk | Ztk−1 ) ≈ 1

N

N∑
i=1

δX i
t−k

(x)

p(Ytk | Ztk−1 ) =
∫

p(Ytk | Xtk )p(Xtk | Ztk−1 )dXtk

≈ 1

N

N∑
i=1

p(Ytk | X i
t−
k

).

fk (Ytk ) can be approximated by the following equation:

fk (Ytk ) ≈
N∑

i=1

p(Ytk | X i
t−
k

) log p(Ytk | X i
t−
k

)∑N
i=1 p(Ytk | X i

t−
k

)

− log
1

N

N∑
i=1

p(Ytk | X i
t−
k

). (11)

This particle-based approximation circumvents two com-
putational challenges: 1) the posterior density is hard to
calculate explicitly and 2) the KL divergence integral is
analytically intractable for general nonlinear systems. The
empirical distribution {X i

t−
k
}N

i=1 provides a consistent estima-
tor of the KL divergence as N → ∞.

Regression Fitting: We emphasize that the regression
representation introduced as follows serves primarily as a
practical mechanism enabling sensor-side triggering deci-
sions under communication constraints, rather than as a
new statistical criterion; the underlying design principle
remains the KL divergence between prior and posterior.
Before acquiring the current measurement, the estimator is
unable to compute the KL divergence. If the estimator were
to transmit all particle information to the sensor for compu-
tation of the KL divergence, the communication overhead
would be prohibitively high, owing to the potentially large
number and high dimensionality of particles. Furthermore,

evaluating the KL divergence entails substantial computa-
tional effort, which is impractical for sensors with limited
processing capability. To address these challenges, sam-
pling and computation are carried out at the estimator side
to generate a set of data pairs {Y m

k , fk (Y m
k )}M

m=1. These data
are then used to perform regression fitting. The estimator
calculates regression coefficients {β∗

r,k}R
r=1 by minimizing

M∑
m=1

∥∥ fk (Y m
k ) − ϕ(Y m

k )βk

∥∥2
(12)

where ϕ(·) = (ϕ1(·), . . . , ϕR(·)) is a series of basis func-
tions, and βk = (β1,k, . . . , βR,k )T is the coefficient vec-
tor. Then, only the {β∗

r,k}R
r=1 are transmitted to the sensor.

Based on these information, the sensor can subsequently
reconstruct the approximate KL divergence

f̂k (Yk ) =
R∑

r=1

β∗
r,kϕr (Yk ) (13)

using the current measurement Yk and perform event-
triggered decisions.

D. Event-Triggered Continuous-Discrete Feedback
Particle Filter

Under the CD system (1) and (2) and employing the
KL divergence-based ETM, the event-triggered FPF with
intermittent observation is as follows:

t ∈ [tk−1, tk ) :

dX i
t = A(X i

t )dt + σBdBi
t (14)

t = tk :\qquad \qquad \quad $t=t_{k}:$

dSi
k

dτ
(τ ) = Kk (Si

k (τ ), τ )

(
Ytk − H (Si

k (τ )) + Ĥ

2

)
+1

2
�k (Si

k (τ ), τ ) (15)

1) f̂k (Yk ) ≥ γ , i.e., ζk = 1 : X i
tk = Si

k (1); and 2) f̂k (Yk ) < γ ,
i.e., ζk = 0 : X i

tk = Si
k (0). The proposed event-triggered CD-

FPF operates as a standard CD filtering problem when
triggered (ζk = 1); whereas when not triggered (ζk = 0),
it locally reduces to a prediction-only mode, constituting a
subobservation system with fewer observation nodes. This
framework can be viewed as an extension of the work
in [25] to an active ETM. Adaptive switching between
prediction and filtering modes is driven by evaluating the
KL divergence between the prior and posterior distributions,
enabling seamless transitions across subsystems of varying
observational complexity.

LEMMA 1 (SEE [23]) Given pk (x, 0) = p∗
k (x, 0) and taking

Kk (·) and uk (·) from (7) and (8), then for any τ ∈ [0, 1], we
have pk (x, τ ) = p∗

k (x, τ ).

REMARK 1 Lemma 1 demonstrates that the control input
U i

k (τ ) (or {Kk, uk}) is optimal if it is designed such that the
posterior distribution of Sk (1) equals to the actual posterior
distribution.
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Fig. 2. Event-triggered FPF in CD system.

REMARK 2 When measurements are retained, pseudo-time
iterative updates are performed; when discarded, updates
are omitted and prediction follows the continuous-time
dynamics. This event-triggered CD-FPF effectively selects
a reduced model within the original framework, achieving
dual objectives: reducing communication costs while pre-
serving filtering performance. The inherent CD structure is
maintained throughout.

REMARK 3 (COST DECOMPOSITION) The per-observation
computational and communication cost distributes
as follows. At the sensor side, evaluating f̂k (Yk ) =∑R

r=1 β∗
r,kϕr (Yk ) costs O(R) scalar multiplications, plus the

transmission of Ytk when ζk = 1. At the estimator side,
the regression fit of Section III-C costs O(MR2 + R3) per
observation and is paid whether or not a trigger fires;
the pseudo-time FPF update of complexity O(N · Nτ ) is
paid only when a trigger fires; in addition, the estimator
broadcasts the R coefficients {β∗

r,k} to the sensor at
every step. Since the estimator is not power-constrained
and R is small, the binding communication cost is the
battery-limited sensor uplink, i.e., the transmission of Ytk .
The sensor-side transmission overhead is therefore reduced
at all triggering rates, while the global computational
cost decreases only when the average triggering rate
falls below the break-even point at which the saved
pseudo-time updates dominate the regression overhead.
For the nonlinear system considered in Section IV,
the break-even event-triggered rate is approximately 0.83,
which is below unity. This indicates that the event-triggered
implementation yields a net computational saving when
the average triggering rate remains below this value and the
wall-clock cost decreases monotonically with the triggering
threshold.

E. Summary of the Proposed Algorithm

This section provides an overview of the proposed
event-triggered FPF algorithm for CD systems. The detailed
procedure of the algorithm is illustrated in Fig. 2. To imple-
ment the event-triggered FPF under a general CD Gaussian
system, certain approximation processes are also required.
First, the Euler–Maruyama discretization method is applied
to both t and τ to implement the event-triggered CD-FPF
corresponding to (14) and (15). In addition, at pseudo-time
τ , the posterior mean and covariance can be approximated

by particles, i.e.,

Kk (τ ) = 1

N

N∑
i=1

Si
k (τ )

(
H (Si

k (τ )) − Ĥ (τ )
)T

(16)

�k (τ ) = 1

N

N∑
i=1

Si
k (τ )

(
G(Si

k (τ )) − Ĝ(τ )
)T

(17)

where

Ĥ (τ ) = 1

N

N∑
i=1

H
(
Si

k (τ )
)

Ĝ(τ ) = ∣∣Ĥ (τ )
∣∣2 − |Ĥ |2(τ )

|Ĥ |2(τ ) = 1

N

N∑
i=1

HT (Si
k (τ ))H (Si

k (τ )).

In summary, the specific procedures of the proposed
algorithm are outlined in Algorithm 1.

IV. SIMULATION

In this section, we will compare the FPF using KL-based
ETM with the PF using KL-based ETM in both CD linear
Gaussian systems and nonlinear Gaussian systems. It is
important to mention that the following simulation was con-
ducted on a laptop equipped with an Intel Core i7-10710 U
with integrated graphics card 1.10 GHz CPU.

A. Simulation Setup

In the experiments, in order to compare the perfor-
mances, we introduce the root mean squared error (RMSE)
defined as follows:

RMSE =
√√√√ 1

K + 1

K∑
k=0

(Xk�t − X̂k�t )2

where K = T
�t . In addition, the event-triggered rate refers

to the ratio between the number of transmitted observations
and the total number of observations. According to the
definition, it is readily seen that as the threshold increases,
the triggering rate decreases accordingly. Since the test
function fk is a (nonnegative) KL divergence, any threshold
γ ≤ 0 yields the always-triggered baseline, i.e., the origi-
nal CD-FPF. In the second-step approximation of the KL
divergence, a radial basis function (RBF) ridge regression
fitting is used. The basis function adopts a Gaussian kernel
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Algorithm 1: Event-Triggered FPF for Continuous-
Discrete Systems.

1: Initialization:
2: Set k = 0
3: Sample X i

0 from p∗(x, 0)
4: Set t = 0
5: k = k + 1
6: Loop 1: Continuous-time prediction
7: Set t = tk−1

8: while t ≤ tk do
9: dX i

t = A(X i
t ) dt + σB dBi

t
10: t = t + �t
11: end while
12: Event-trigger condition:
13: Set τ = 0
14: Set Si

k (0) = X i
t

15: Generate data pairs {Y m
k , fk (Y m

k )}M
m=1

16: Calculate {β∗
r,k}R

r=1

17: Remote estimator sends {β∗
r,k}R

r=1 to sensor

18: Sensor calculates f̂k (Yk ) = ∑R
r=1 β∗

r,kϕr (Yk )

19: if f̂k (Yk ) < γ then
20: Sensor doesn’t send Yk to remote estimator
21: Set X i

t = Si
k (0)

22: else
23: Sensor sends Yk to remote estimator
24: Loop 2: Discrete-time update
25: while τ ≤ 1 do
26: dSi

k
dτ

= Kk[Ytk − 1
2 (H + Ĥ )] + 1

2�k

27: τ = τ + �τ

28: end while
29: Set X i

t = Si
k (1)

30: end if
31: k = k + 1
32: if t < T then
33: Go to Loop 1
34: else
35: return {X i

t } and stop
36: end if

form

ϕr (y) = exp

(
−1

2

‖y − cr‖2
2

σ 2
rbf

)
, r = 1, . . . , R

where cr represents the center of the rth RBF, which is
selected from the set of test points, and σrbf is the kernel
width. In addition, the number of basis functions is R, the
ridge regression regularization coefficient is λridge, and the
test points are generated as follows:

Y m
k = H (X im

t−
k

) + σWW m
k , m = 1, . . . , M

where W m
k ∼ N (0, Im), the number of test points is M,

and X im
t−
k

is randomly selected from {X i
t−
k
}N

i=0. The general

parameters for the numerical simulations are configured as
follows. The whole time interval is T = 10, and the discrete
observation instant is tk = k�ttrue with �ttrue = 0.1. Use

Fig. 3. Average RMSE of CD-FPF under KL-based ETM and CD-PF
under KL-based ETM.

the Euler’s method in time discretization with real time
step �t = 0.01. In addition, the number of Monte Carlo
simulations is NMC = 60.

B. Linear System

Consider the CD linear Gaussian system with indepen-
dent noises {

dXt = AXt dt + σBdBt

Ytk = HXtk + σWWk
(18)

where X0 ∼ N (0, I10), the process noise is modeled by a
standard Brownian motion {Bt }, the measurement noise
{Wk} is a standard Gaussian white noise sequence, σB = 1,
σW = 1, H = I10×10, and A = [ai j (t )]10×10 with elements

ai j (t ) =

⎧⎪⎨⎪⎩
0.1, if i + 1 = j

−0.3, if i = j

0, otherwise.

Use the Euler’s method in time discretization with
pseudo-time step �τ = 0.05. The number of parti-
cles is N = 20. And threshold γ is selected from
{0, 0.003, 0.01, 0.03, 0.05, 0.1, 0.2, 0.3}. In addition, the
kernel width is σrbf = 1, the number of basis functions
is R = 20, the ridge regression regularization coefficient
is λridge = 10−4, W m

k ∼ N (0, I10), and the number of test
points is M = 60. Fig. 3 shows the relationship between the
average RMSE and the average event-triggered rate. Results
indicate that the event-triggered CD-FPF exhibits accept-
able estimation performance at each event-triggered rate,
and consistently outperforms the event-triggered CD-PF. As
the average event-triggered rate increases, its performance
progressively approaches that of the original CD-FPF and
essentially coincides with it near full triggering. In addition,
when the triggering rate exceeds 60%, the event-triggered
CD-FPF already achieves a performance level comparable
to that of the original CD-PF.
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Fig. 4. Average RMSE of CD-FPF under KL-based ETM and CD-PF
under KL-based ETM.

C. Nonlinear System

Consider the CD nonlinear Gaussian system with
independent noises{

dXt = A(Xt )dt + σBdBt

Ytk = H (Xtk ) + σWWk
(19)

where X0 ∼ N (0, I4), the process noise is modeled by a
standard Brownian motion {Bt }, the measurement noise
{Wk} is a standard Gaussian white noise sequence, σB = 0.2,
σW = 1, and

H (x) = x + 0.1x◦3

A(x) = Ax + 0.2sin(x)

where x◦3 denotes the elementwise cube of the vector and

A =

⎡⎢⎢⎢⎣
−0.3 0.1 0 0

0 −0.3 0.1 0

0 0 −0.3 0.1

0 0 0 −0.3

⎤⎥⎥⎥⎦ .

The number of pseudo-time steps is Nτ = 150, the number
of particles is N = 50, and the threshold γ is selected from
{−0.1, 0.01, 0.03, 0.05, 0.07, 0.1, 0.18, 0.35}. In addition,
the kernel width is σrbf = 1, the number of basis functions
is R = 8, the ridge regression regularization coefficient is
λridge = 10−4,W m

k ∼ N (0, I4), and the number of test points
is M = 35.

Fig. 4 shows the relationship between the average
RMSE and the average event-triggered rate. Results indicate
that the event-triggered CD-FPF also exhibits acceptable
estimation performance at each event-triggered rate, and
consistently outperforms the event-triggered CD-PF in the
nonlinear system. When the average event-triggered rate
exceeds 65.0%, its performance becomes very close to
that of the original CD-FPF. For example, with a 67%
event-triggered rate, only 9.8% accuracy degradation oc-
curs. In addition, when the triggering rate exceeds 70%,
the event-triggered CD-FPF already achieves a performance

Fig. 5. Average CPU time per MC run of CD-FPF under KL-based
ETM, decomposed into the KL-decision cost, the saved FPF update cost,

and the net saving, with the break-even crossing point.

level comparable to that of the original CD-PF. Fig. 5 shows
the average CPU time per Monte Carlo run of the CD-FPF
under the KL-based ETM. The KL decision cost remains
nearly constant because the trigger criterion is evaluated
at every observation time, whereas the saved FPF update
cost decreases as the event-triggered rate increases. The
net saving is positive when the triggering rate is below
approximately 83%, indicating that the skipped pseudo-
time updates can compensate for the KL decision overhead
in this range. Beyond this crossing point, the additional
KL overhead dominates the saved update cost. Moreover,
even in linear systems, the PF suffers from the curse of
dimensionality, and this effect becomes more significant in
nonlinear systems, whereas the FPF can overcome it [26].
A comparative performance analysis between the FPF and
PF demonstrates that the PF requires a significantly larger
number of particles than the FPF [27].

V. CONCLUSION

An event-triggered FPF for general CD Gaussian sys-
tems has been investigated in this article. An ETM based
on KL divergence has been integrated into the CD-FPF
framework and approximated in two steps so that the trigger
decision can be evaluated at the sensor end while the regres-
sion coefficients required by this evaluation are computed at
the estimator. The proposed method provides an integrative
extension of CD-FPF to event-triggered measurement as-
similation while preserving the original prediction-update
structure. When the latest observation is not retained for
transmission, the update is truncated, reducing the sensor-
side transmission overhead at all triggering rates and re-
ducing the global computational cost whenever the trigger-
ing rate falls below the break-even point characterized in
Remark 3. Numerical experiments demonstrate the effec-
tiveness of the proposed method, showing that when the
average event-triggered rate exceeds 0.7, the performance
of the event-triggered CD-FPF closely approximates that of
the original filter.
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