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Abstract: This study introduces a new variational Bayesian adaptive estimator that en-
hances traditional interactive multiple model (IMM) frameworks for maneuvering target
tracking. Conventional IMM algorithms struggle with rapid maneuvers due to model-
switching delays and fixed structures. Our method uses Bayesian inference to update
change-point statistics in real-time for quick model switching. Variational Bayesian infer-
ence approximates the complex posterior distribution, transforming target state estimation
and model identification into an optimization task to maximize the evidence lower bound
(ELBO). A closed-loop iterative mechanism jointly optimizes the target state and model
posterior. Experiments in six simulated and two real-world scenarios show our method
outperforms current algorithms, especially in high maneuverability contexts.

Keywords: variational Bayesian inference; multi-model estimation; Bayesian online change
point detection; maneuvering target tracking

1. Introduction

Target tracking using radar and sonar is crucial in military and civilian applications
like missile defense, air traffic control, and maritime surveillance [1]. For non-maneuvering
targets, a single motion model with the Kalman Filter (KF) effectively estimates and tracks
the target’s state. However, relying on a single model can mismatch the model and actual
behavior when tracking maneuvering targets.

Multimodel estimators have become a significant approach to address the challenges
associated with model mismatches arising from the maneuverability of targets [2,3]. These
methods use hypothetical motion models to simultaneously estimate model probabili-
ties and system states within a Markov framework. The exponential growth of potential
hypotheses in multimodel state estimation systems poses a significant computational chal-
lenge, making exact Bayesian inference infeasible. Efforts have been made to develop
computationally feasible approximations [4,5], primarily by reducing hypothesis space
through the approximation of multimodal probability density functions (pdfs). The Gener-
alized Pseudo-Bayesian algorithm replaces the intensive Gaussian mixture with a single
Gaussian by using moment matching during updates, albeit with higher computational
costs than basic Kalman filtering [6]. For greater efficiency, Blom and Shalom introduced
the IMM algorithm with Markov switching coefficients [7]. The IMM method balances
computational efficiency with tracking accuracy through model interaction and fusion, and
is widely used in target tracking, fault detection, and signal processing [8,9]. Qiu et al. [10]
present a centralized fusion algorithm interacting multiple models and the adaptive Kalman
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filter combining IMM and an adaptive Kalman filter for underwater acoustic sensor net-
works. Youn et al. [11] introduce an adaptive Kalman filter for estimating measurement
loss probability within the IMM framework. Qu et al. [12] explore multi-model estimation
with variable structures to handle uncertain model parameters. The IMM algorithm fusing
modified input estimation and best linear unbiased estimation filter, and hybrid grid multi-
ple model algorithms are other notable IMM extensions but are computationally intensive,
limiting their real-time applications [13,14].

The aforementioned methods conventionally approximate the posterior pdf (mixture
Gaussian distribution in linear Gaussian systems) by a single Gaussian distribution with
the mean and variances calculated through weighted summation. While this approach
provides a reasonable estimate, it inevitably results in some loss of accuracy. When model
parameters are uncertain, obtaining the optimal analytical solution for target state estima-
tion becomes challenging, necessitating the use of approximate reasoning techniques. These
techniques can be broadly categorized into two groups: sampling-based stochastic approxi-
mation and optimization-based deterministic approximation. In particular, sampling-based
sequential Monte Carlo (SMC) methods [15] approximate the intractable joint probability
density functions via particle propagation [16]. However, their considerable computational
burden restricts their applicability to small-scale state estimation problems. In contrast, the
optimization-based variational Bayes (VB) approach [17] reformulates posterior inference
as an optimization problem, thereby providing an approximate analytical solution.

VB-based methods have attracted significant attention in adaptive Kalman filtering ap-
plications due to their efficient computation compared to sampling-based methods. Sarkka
and Nummenmaa [18] introduced the first VB-based adaptive Kalman filtering method for
joint recursive estimation of dynamic state and the time-varying measurement noise covari-
ance in linear state space models. This work [18] was further extended to nonlinear state
space models with unknown measurement noise covariance by combining with nonlinear
approximation methods, such as MCMC [19] and the cubature integration rule [20]. By
regarding the predicted state covariance as a latent variable, Huang et al. [21,22] presented
the VB adaptive Kalman filtering for linear state estimation with measurement noise co-
variance and process noise covariance. Zhang et al. [23] explored distributed sequential
state estimation for discrete time-varying systems with imprecise process noise covariance
over binary sensor networks. Ma et al. [24] proposed the VB-based multi-model estimator
that jointly infers target state and model identity by adaptively weighting model posteriors.
Lan et al. [25] introduced an auxiliary latent variable to separate state and process noise
covariance, developing the VB-based adaptive Kalman filtering for nonlinear state estima-
tion with unknown process noise covariance and measurement noise covariance. Recently,
Lan et al. [26,27] introduced the conjugate VB-based adaptive Kalman filtering for state
estimation and noise identification in both linear and nonlinear dynamic systems. How-
ever, it is worth noting that due to the non-convex nature of the variational optimization
objective function, the performance of variational adaptive filtering algorithms is heavily
influenced by the initial iteration value settings. When targets undergo strong maneuvers,
the algorithm is prone to converging to local optima, potentially resulting in degraded
tracking performance or even track loss.

Essentially, the non-stationary stochastic process induced by target maneuvers can be
viewed as a change point occurring in an otherwise stationary stochastic process. Bayesian
online change-point detection (BOCPD) [28,29], an algorithm designed for real-time de-
tection of anomalies in data streams, offers a promising solution for maneuver detection.
This method characterizes the probability of a change point occurring by introducing a
run length variable and partitions the non-stationary time series data generated by ma-
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neuvering targets into non-overlapping stationary sub-sequences based on the posterior
probability of the run length.

We propose an adaptive Kalman filter using VB for online change point detection
with model selection, referred to as VBOCPDMS, which employs a change point variable
modeled by run length within a variational Bayesian framework to jointly estimate latent
variables like target state, model identity, and run length. The proposed VBOCPDMS
method transforms the complex inference of the posterior probability density function
into a Kullback-Leibler (KL) divergence optimization problem. Using variational Bayesian
inference, we update change point statistics online, allowing for real-time detection and
response to changes in target motion states. An efficient model switching mechanism
dynamically adjusts model weights based on the target’s motion state, facilitating the
integration of multiple motion models. The effectiveness of the method is validated by
simulations and real radar data, demonstrating its superiority over existing methods.

2. Problem Formation

Assuming that a non-stationary time-series data {y1,y2, - - - , yx} can be segmented
into non-overlapping stationary subsequences delineated by run lengths r;. Consequently,
each measurement data yj follows a probability distribution p(yk|#m, ) according to model
my at time k. Specifically, the run length is modeled as a discrete random variable
. € [1,2,-- -, k]: when a change in the target’s motion pattern occurs, signifying a change
point, the run length reduces to 1; otherwise, it increments.

Given a particular run length r € r;, we consider the following discrete-time linear
multi-model state-space system:

X = Fyy i (xp1) + Ui (1)
Y = m k(xk) + Wik (2)

where the model identity m € M, and M represents the domain of possible models.
The time index k corresponds to the target state x; € R™* and the observation y; € R",
where n, and n, are the state and measurement dimensions, respectively. Given the
model m at time k, the state transition function and measurement function are denoted
by F, x and H,, t, respectively. The process noise vector v,, y and the measurement noise
vector w,, \ are assumed to be mutually independent and follow Gaussian distributions,
ie, v ~ N(0,Q,,) and wyx ~ N(0,R,,). The initial state vector x|y is assumed
to follow a Gaussian distribution. Furthermore, xq, v, and w,, ; are assumed to be
mutually uncorrelated.

The discrete model identity variable m; is reformulated as a vector of binary indicators
L= [hg Lk Inxl, where I, € {0,1} form =1,2,--- ,M,and M | I,,, = 1.
Consequently, selecting model m at time k implies I,,, , = 1, while all other elements of I
are zero. The model identity vector Iy can be modeled using a categorical distribution:

M
Cat(I|m) = H P ] 3)

where the elements of the parameter vector y; are all positive and sum to 1, and p,, k
represents the statistical expectation of I, .

This paper focuses on the multi-model state estimation problem, leveraging different
parameters F, r, Q,, y within the model domain to capture the maneuverability of the
target. Accordingly, the filtering problem is reformulated as a joint variational posterior
inference problem encompassing the run length, model identifier, and target state, namely,
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the computation of a joint posterior probability density function p(x, Iy, ¢ |y1.x). Formally,
the well-known recursive Bayesian filtering solution consists of the following steps:

e Initialization: Set the prior pdf p(xo, Io, 7o)
e Time prediction: The predictive pdf p(x, Ir, 7¢|y1.k_1) is given by the Chapman—
Kolmogorov equation:

P (%%, T, 1 Y1k—1) Z/P (xk|2ek—1, ) p (L 1, 7)) p (i 7e—1)

Tk-1
X p(ak—1, Te—1, -1 [Yre—1)dxe1d L (4)
*  Measurement update: The above predictive PDF is updated by measurement y:
p (i T il yae) o< p(yielxe, T, 1ic) % p (ks T, 1l Yaie—1) )

The recursion equations are complex due to nonlinearity and multi-model estimation.
We will solve these using variational Bayesian inference in the next section.

3. The Proposed VBOCPDMS Method
The proposed VBOCPDMS method can be represented by the following Figure 1.
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Figure 1. VBOCPDMS method framework diagram.

3.1. Model Prior Distributions

The initialization step is to model the prior distribution of latent variables. According
to the definition of Iy in (3), the prior distribution of the system state, i.e., predicted pdf,
can be derived as follows:

M
IV
p (el yr—1, Ig, 1) H (x|, 0 Pri) 6)

where x; and I} represent the conditional state and conditional model identity at time k
conditioned on the run length r = 7, respectively. Meanwhile, % , and 15;1’,( denote the
predicted mean and the corresponding covariance matrix of the conditional state for model
my. = m at time k, respectively. The notation (-) signifies a predicted value.
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Subsequently, based on the state transition function in (1), we can obtain
e = En ¥ @)
3 5 T
Pyrn,k = Fm,kP]€71Fm,k + Qm,k (8)

where %] _; and 15;_1 denote the estimated mean and the corresponding covariance matrix
of the conditional state at time k — 1, respectively. The notation (-) signifies an estimated
value. Q,,  is the process noise covariance for model m; = m.

The prior p(rx|y1.k_1) of the run length r; at time k is presented as follows:

p(relyix—1) = 2 p(re, ri—1|y1:x-1)

Tr—1

=Y p(relre—1, yis—1)p(re—1lyre—1)
Tr—1

=Y p(relre1) p(re—1lyrx—1) )
Tr—1

where p(r¢|re_1) denotes the transition probability of the run length. Since the probability
mass of p(r¢|rr_1) is non-zero only in two distinct scenarios—either the absence of a change
point, resulting in the continuation of the run length ry, or the occurrence of a change point,
truncating 7, to 1—the transition probability of the run length can be mathematically
formulated as follows:

H(re_q1 +1), r=1
P(ri|ry—1) = (10)
17H(1‘k71+1), re =11 +1

where H(T) represents a penalty function, as defined in (11).

H(t) = — ap (8

= ’[)
ZEO:T Pgap (g =

11
5 a1
In this paper, Pgap (¢ = T) can be formulated as a discrete exponential (or geometric)
distribution with a time scale 7. Given the memoryless nature of this process, the penalty
function can be simplified to H(7) = 1/A, where A represents the maneuvering period.
By substituting (10) into (9), the prior p(r|y1.,_1) is finally obtained:

1-H(re1+1 1|Y1k-1), =r.1+1
p(relyray) = ( (-1 + D)p(re-1lyie—1), 1 =11+ 12)
Yo Hn1 +Dp(ralyie—1), n=1

As I follows a categorical distribution, the prior of the conditional model identity I}
at time k is assumed to be,

p(Ilre, yik—1) = Cat(I|fiy) (13)

where fi; represents the parameter set of the conditional model identity I;.

In the case where r, = rr_1 + 1, it indicates a target undergoing stationary motion.
However, for r;, = 1, this situation indicates the occurrence of a change point. Thus, the
prior parameter fi;_ is defined as:

fip_q, te=rp1+1
ZZ k—1 (14)

,ﬁO/ Ty = 1

=
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where iy represents the hyperparameter of fi; when a change point occurs.

There are several different choices (I, I, .. . ) for fig. In this paper, we compute the
likelihood of the target state under each choice in (17), where the run length is 1, and select
the one that maximizes the likelihood as the initial model weight:

A

iy = p(I|y1x_1) = arg n}f}x {p(yklyrx-1)} (15)

Subsequently, the parameter fi; will be updated through the variational posterior, and
its number will linearly increase with growth in the run length.

3.2. Update Approximate Posterior Distributions

Utilizing Bayes’ theorem, the posterior distribution p(r¢|y;.x) can be computed as

p(relyi—1) P Wl yrk—1) P (Yrx—1)
p(y1x)

p(relyr) = < p(relyre—1)p(Yelyrn—1)  (16)
with
P(Ykly1x—1) = /P(yk|x£r L, yia—1) P (X I Y1) p (I [Yre—1 ) dxgd I (17)
Conditioned on the run length 7, the joint distribution p(yy, xx, I |k, y1.x—1) is
P(Ye X, Ielr yra—1) = p(yxlxe 1) p(xklyre—, IO PR |y 1e—1, 1) (18)

Using the measurement function from (2) and the prior distributions from (6) and (13),
the three terms on the right-hand side of (18) are given as follows:

M T
P(yk|x1};' Ilz) = H N(yk|Hm,kx£/ Rm,k)Im'k (19)
p(xplyie—1, Iy) = H N (xp |2, 1 P ) K (20)
T M ~7 Im,k
pP(lyie—1.m) = [ ] [um,k} (21)
m=1

In the following, we will derive the posterior distributions for each latent variable
related to run length, system state, and the motion model separately.

e Derivations of p(r¢|y1.x)

By incorporating (19) through (21) into (17), the likelihood previously presented in (17)
is expressed in a compact form as

M
Pklyie-1) = Eprriy,, ) [ H ’”"} (22)

where E denotes the expectation operator, and the term Zj is denoted as
Zk = N(yk|Hm,k32rm,kz Hm kP ka k + Rm k) (23)

Dueto I} , € {0,1} and Mo & = L it follows that:

M M
pigona | 1125 = X .2 4)
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Consequently, by substituting (12), and (22) into (16), we can obtain the posterior pdf
p(r¢|y1.x) of the run length.

PWklyik—1)(1 = H(re1 + 1)) p(re—1lyin—1), 1 =11 +1

(25)
P(klyrk—1) Lp, Hreo1 + D) p(re—1lyin—1), ne=1

p(relyix) o

A change point is formally identified when the absolute difference between successive
run length estimates [r; — r{_,| exceeds a preset detection threshold J, mathematically
expressed as:

ry = argmax{p(r|y1.x) } (26)
g =1 q| >0 (27)

To estimate the latent variables {x, Iy}, we employ a mean-field variational family
that assumes mutual independence among the latent variables. Specifically, each latent
variable is governed by a distinct factor within the variational density. Consequently, the
variational distribution, Qy = g(xy, Ix|ry), serves as an approximation to the true posterior
distribution p(xy, Ix|rk, y1.¢) through a free-form factorization, which can be formulated as:

Qx = q(xlre)q(Iclre) = q(xi 27, BY) g (I i) (28)

Remark 1. The mean-field variational family assumes that the latent variables are mutually
independent. In highly dynamic or nonlinear systems, this assumption may seem restrictive at first
Qlance. In such systems, the latent variables are likely to be highly correlated. Despite this, mean-field
factorization can still be useful. It provides a computationally efficient way to approximate the
variational posterior. In some cases, even if the variables are correlated, the mean-field approximation
can capture the main characteristics of the distribution. As shown in the reference paper [17], the
mean-field approximation can capture any marginal density of the latent variables, which can be
sufficient for certain types of analysis. Relevant literature can be found where run-length modeling
is also employed to capture maneuvering behavior in highly dynamic scenarios, and mean-field
factorization is adopted to perform approximate variational inference in nonlinear systems [27,30].

However, the limitations of the mean-field approximation are also noteworthy. Specifically,
it fails to capture dependencies between latent variables, which can be helpful for accurate mod-
eling in highly dynamic or nonlinear systems [17]. To address this issue, structured variational
approximations can be considered. As noted in [31], hierarchical variational models (HVMs) and
copula variational inference (copula VI) are two approaches that aim to preserve such dependencies.
HVMs introduce a prior over the variational parameters and marginalize them out to model latent
dependencies, while copula VI leverages a copula distribution to explicitly restore the correlations
among latent variables.

With the variational parameter denoted as Ay, = {32,7(, A,: s }, the ELBO according to
the standard variational method is given by:

B(Ax) = Eg, [log p(yk, Xk, Ik |tk y1:k—1) — log q(xx, Ix|rk)] (29)

The optimal variational parameters A; can be obtained by maximizing the ELBO
B(A}) as follows:

A = arg max B(Ay) (30)
k
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By taking the logarithm of both sides of (18) and subsequently incorporating (19)—(21)
into (18), the logarithmic joint distribution F; = log p(yx, xk, Ix|*x, ¥1.x—1) can be decom-
posed as follows:

M I
Fi =108 [ TT A (el Honsdly Rove) ™

m=1

M
+log{HN(xk|xmk, K ’”"} +log[H mk} (31)

m=1

: : L or Pr
*  Derivations of ¢(xy; %}, P{)

The expression of the state’s expected parameters is as follows:

Ex = {Eyap) (3] By [55x0)T] } (32)

Rewriting the ELBO B(Ay) as the function of the state’s expected parameters E,, and
omitting the rest terms that are independent of x}, denoted by B for brevity,

M Ir
By = EQk{ log [ IT N (el Hyixi, Rone) k}

m=1

M
+log { TTN (x|, P i) "’k} log NV (xx |2}, Pk)} (33)

m=1
Extending the express and omitting the constant term, By can be further simplified to

o= g[8~ By (i) + o[22 - B0 ] B ]| 0

with
M ~
T = 1 W[ (P07 + HY Ry L (35)
m=1
2 5r \-1
Je= ) ﬁfn,k[(l’;,w’ T+ Hy iR kyk] (36)
m=1

By setting the derivative with respect to the expected parameter equal to 0, we have

M
(P = 3 | (P ™+ Hp kR, H (37)
m=1
A 1 M ~
(P75 = 1 | (P ) ™ &+ iR (38)
m=1

*  Derivations of g(Ij; fi})

Analogous to the derivation process of q(xy; £, P!'), we reformulate the ELBO B(Ay)
as the function of the expected parameters of the model identity, E,( 1) [I" ], and omit the
rest terms that are independent of I}, denoted by B; for brevity,
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M r
By =Eg, [log [T N (vl Hypxg, Rm,k)lm’k}

m=1
M o
+Eq,[log [ [ N ({15, Py, 0) ™|
m=1
M p M v
+Eq, [log [T (7)™ —log [T (h,)"] (39)
m=1 m=1

Upon further calculation and ignoring the constant term, Bj can be written as:

M
By = tr{ 3 [(Ax +10g 8, — 108 1) Eqry (114 | } 40

m=1

By equating the derivative of (40) with respect to &, ) [Ifn,k] to zero, we arrive at:

P e © fy i - exp(Ay) (41)
where the expression for Ay is presented as follows:

1

A =— %tr{R;}ké‘;} - 5’“{( ~1:1,k)71513} - %log ~7:1,k‘
- % log(2m) — %log‘Rmrk} - % log(27) (42)
with
& = Eq) [(yk — Hyyjexp) (g — Hm,kxlrcﬂ (43)
& = Egpap) | (5 — 7,0 (3 — %, (44)

The expected expressions involved in (43) and (44) are given as follows:
Eqer) [ (x0)T] 2 #1507 + B, By [xf] £ % (45)

Based on the preceding derivations, we derive the posterior distribution of the run
length 7, denoted as p(r|y1.x) via Bayes’ theorem. Subsequently, by applying variational
Bayesian methods, we obtain the conditional posterior distributions of x; and I, expressed
as q(xx|re) and q(Ii|ry), respectively. Following the definition of the mixed posterior
distribution, we have:

q(I) =Y q(Ielr) p(relyix) (46)
a(x0) = Y q(aelro)p(relmne) (47)

To proceed, we utilize conjugate computations and the information filtering method
outlined in [32] to derive the update formulas for the posterior distribution parameters of

‘7(xk} fk/pk) and q(I; fix), i-e.,

ﬁm,k = 2 p(rk|y1:k)ﬁ;r11,k (48)
Tk

Bt =Y p(relyia)(B)) ! (49)
T

P la = Y p(relyr) (B) 7% (50)
Tk
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The proposed VBOCPDMS algorithm can be summarized in Algorithm 1.

Algorithm 1 VBOCPDMS: variational Bayesian online change-point detection with model

selection.

Require: Measurement y;, approximated posterior pdfs q(x}_,), 9(I;_;), p(r¢—1) at last

time, iterations Nj;x, model domain M, detection threshold J,, penalty function H(T);

Ensure: Approximated posterior pdfs q(x}_;), 9(I;_;), q(xx), 9(Ix) and p(rr_1) at current
time;

: Time prediction:

: Calculate prior pdf p(x}|y1.k—1) via (6)

: Calculate prior pdf p(I}|y1.x—1) via (13)

: Calculate prior pdf p(r¢|y14_1) via (12)

: Measurement update:

: update run length parameters via (16)

. Initialization:

90(xp) = p(plyia—1), 40(F) = p(Ilyax—);

: foralln =1 : Ny do

© PN U AW N e

10:  update posterior q(x}_,): update variational parameters via (37) and (38)
11:  update posterior q(I;_,): update variational parameters via (41)
12: end for

13: Hybrid estimation:
14: Calculate state estimation ¥} and corresponding covariance Py via (49) and (50);
15: New run length initialization:

—_
=X}

: Calculate the likelihood p(yk|y1.k—1) and select the fij via (15)
: Change point detection:
: Calculate the MAP estimate 7} of r; via (27)

—_ =
e N

Remark 2. The computational complexity of the proposed algorithm primarily arises from two
factors: (1) the increasing number of run-lengths over time, and (2) the iterative optimization
required for variational inference. To address the first issue, we adopted the pruning strategy
proposed in [29], which effectively controls the growth of the run-lengths. In theory, pruning the
number of run-lengths may lead to a decrease in algorithm performance. However, it is important to
note that the performance improvement gained from increasing the number of run-lengths is also
limited. Experimental analysis shows that when the number of run-lengths is kept around 15, the
algorithm strikes a good balance between computational load and filtering accuracy.

To address the second issue, we propose two parameter settings to reduce the number of
iterations. The first is the most intuitive approach—setting the maximum iteration L., < 5. Since
the average number of iterations in the experiments is around 5, reducing Ijqx naturally reduces
the computational load, and even with 1. = 1, the algorithm still outperforms the comparison
algorithms in terms of accuracy. Alternatively, we can set the 2a value in the reinitialization model
weights to be close to 1. This approach brings the initial weights closer to the true weights during
maneuvers, resulting in an average iteration count of around 2, with minimal loss in filtering
accuracy. Therefore, this is the most recommended method for reducing computational burden in
engineering applications.

These conclusions are supported by the experiments in Section 4.1.5. Additionally, since the
state filtering computations for different run-lengths are independent, parallel computing can be
employed to further reduce runtime when hardware resources are sufficient.

4. Experimental Evaluation

We evaluate the proposed VBOCPDMS algorithm against existing methods using six
aerial maneuvering simulations and two real scenarios. Performance was measured by
tracking accuracy and maneuver detection capability.
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4.1. Simulation Scenarios
4.1.1. Scenario Setup

In this study, we employ the following six representative simulation scenarios for
high-speed, highly maneuvering aerial targets as proposed in [33]. In all scenarios, the
total number of steps is set to 186 with a measurement sampling period of T =1 s. The
measurement noise is defined as R = diag(10%,10*). The target trajectories for the six
simulation scenarios are shown in Figure 2, and the details are described as follows.

S1 (shown in Figure 2a): The target is a large aircraft. During the intervals k € [60,79)
and k € [111,130), the aircraft executes turning maneuvers with accelerations of 2g (with
g representing gravitational acceleration) and 3g, respectively. At all other times, the
target maintains uniform linear motion. The change-point instants for this scenario are
[60,79,111,130].

S2 (shown in Figure 2b): The target is a small, agile aircraft. During the intervals
k € [31,54) and k € [101,115), the aircraft performs a 90° turn with an acceleration of 2.5g
and a turn with an acceleration of 4g, respectively. In the interval k € [54,101), the target
gradually decelerates, while it maintains a constant speed during the remaining periods.
The change-point instants for this scenario are [31,54,101, 115].

S3 (shown in Figure 2¢): The target is a high-speed, medium-sized bomber. During the
intervals k € [31,40) and k € [75,91), the bomber performs a 45° turn with an acceleration
of 4g and a 90° turn with an acceleration of 4g, respectively. Between k € [91,115), the
target continues turning while gradually decelerating; during all other periods, it maintains
uniform linear motion. The change-point instants for this scenario are [31, 40,75,91, 115].

54 (shown in Figure 2d): The target is a high-speed, medium-sized bomber. During the
intervals k € [31,40) and k € [72,91), the aircraft executes a 45° turn with an acceleration
of 4g and a turn with an acceleration of 6g, respectively. At other times, the target moves at
a constant speed in the horizontal plane. The change-point instants for this scenario are
[31,40,72,82,91,136].

S5 (shown in Figure 2e): The target is a fighter aircraft whose trajectory comprises
three constant turning maneuvers, accompanied by significant acceleration throughout the
flight. Specifically, the turning intervals are k € [30,40), k € [60,72), and k € [118,128),
with corresponding turning accelerations of 5g, 7g, and 6g, respectively. The change-point
instants for this scenario are [30,40, 60, 72,118,130, 143, 163].

S6 (shown in Figure 2f): The target is a fighter aircraft with a trajectory that includes
four turning maneuvers. After the second turn, the aircraft reduces its altitude and speed
before initiating the third turn; following the third turn, it rapidly accelerates to enter
the fourth turn. The turning intervals are k € [31,45), k € [70,87), k € [116,132), and
k € [151,160), with corresponding turning accelerations of 7g, 6g, 6g, and 7g, respectively.
The change-point instants for this scenario are [31,45,70, 87,116, 132,151, 160].
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Figure 2. The target trajectories for six simulation scenarios: (a) Simulation scenario S1. (b) Simulation

scenario S2. (c) Simulation scenario S3. (d) Simulation scenario S4. (e) Simulation scenario S5.

(f) Simulation scenario S6.
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4.1.2. Algorithm Parameter Settings

Considering that the models differ only in the process noise covariance matrix and
should cover various motion modes ranging from nearly constant velocity to highly ma-
neuvering behavior, the state dimension is set as 1, = 4, and the state transition model is
based on uniform linear motion. The corresponding model parameters are as follows:

1 T

F =1
k 2®01

T3/2 T2 (1)

4 3
| amaene[me o]

Assuming a linear measurement model, the measurement transformation matrix Hy
and measurement noise matrix Ry are given by:

1000 L 1o
H, = R, =10 52
k[0010] k X[Ol] (52)

Thus, for the relatively weak maneuvering scenarios (51 and S2), the set of process
noise models is defined as o; € {10,20,40} /2, while for the strongly maneuvering scenarios
(S3-56), the process noise models are set as 0; € {10,20,40}.

¢ IMM [7]: This is the standard interacting multiple model filter, whose model weights
are initialized using [1/3,1/3,1/3].

e IEE [24]: This is an information theoretic IMM, whose model weights are initialized
using [1/3,1/3,1/3].

e IT-IMM [32]: This is a multi-model filter based on VB, whose model weights are
initialized using [1/3,1/3,1/3].

e VBOCPDMS: The filter mode weights are initialized using [1/3,1/3,1/3]. When a
change point is assumed to exist, there are three possible choices for reinitializing the
weights: Iy = [0.8,0.1,0.1], ; = [0.1,0.8,0.1], and I, = [0.1,0.1, 0.8], which respectively
indicate that the maneuver at the change point is biased toward a specific mode. The
maximum number of iterations is I;;;, = 50, the maximum number of retained run
lengths is set to Nyzx = 10, and the penalty function is defined as H(t) = 15/186.

For IMM, IT-IMM and IEE filters, the mode transition probability matrix Py, is de-
fined as:

09 0.05 0.05
P,=| 005 09 0.05 (53)
0.05 0.06 09

For the proposed VBOCPDMS algorithm, the iterative process is terminated when
the difference between successive state estimates is below a given threshold (e.g., when
| |92,(cn+1) - J?IE") || < 1le — 6) or when the maximum number of iterations I, = 50 is reached.
In addition, we conduct 100 Monte Carlo runs for each simulation scenario.

4.1.3. Performance Evaluation Metrics

The tracking performance of the target position is evaluated using the root mean
square error (RMSE) and the average root mean square error (ARMSE) for the target
position. The RMSE and ARMSE are calculated as follows. In this paper, these metrics are
adopted to assess tracking accuracy:
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1
RMSE0s \/ N Yo [y —pE )2+ (rf — pi)?) (54a)
Nt
ARMSEpqs £ 1 ) RMSEp0s (54b)
S Ne

Here, N; denotes the number of Monte Carlo simulation runs, N; represents the total
number of simulation steps, py and py , indicate the estimated and true positions in the
x-direction at time k, respectively, while pZ and pbkl, ; denote the estimated and true positions
in the y-direction.

For evaluating the change-point detection capability of the proposed VBOCPDMS
algorithm, an improved Fl-score is used to quantify detection accuracy. This metric is
selected because the exact positions of change-points in real time-series data may be subject
to randomness (e.g., process noise, measurement noise), and experts seldom agree on the
precise locations of change-points. To address this issue, following the approach in [28],
change-point detection is formulated as a classification problem between “change-point”
and “non-change-point”. The Fl-score is then computed as:

_ 2PR
'TPER

(55)

where P denotes precision (the ratio of correctly detected change-points to the total number
of detected change-points), and R denotes recall (the ratio of correctly detected change-
points to the total number of true change-points).

As mentioned earlier, the calculation of the Fl-score requires a clear definition of
correct change-point detection. Specifically, if the algorithm detects a change-point within
a tolerance range £ > 0 of a true change-point, then that detection is considered correct.
Furthermore, to avoid double counting, only one detection within the tolerance range £
around a true change-point is counted as a true positive. Formally, let C denote the set
of change-points detected by the algorithm, T the set of true change-points, and D(T, C)
the set of true change-points that have been detected. For each y € D(T, C), there exists a
¢ € Csuch that |y — ¢| < &, and each true change-point v is associated with only one such
c. Based on this definition, the precision P and recall R are computed as:

ID(T,O)  , _ [D(T,C)

P:
C] Tl

(56)

4.1.4. Results

Figure 3 presents the ARMSE curves of the target position under different scenarios
for four filtering algorithms. Gray dashed lines indicate the change points of the target’s
acceleration, i.e., the onset of maneuvers. Different filtering algorithms are represented by
distinct curve markers: the IMM algorithm is depicted with blue square markers, the IEE
algorithm with orange cross markers, the IT-IMM algorithm is depicted with green circle
markers, and the proposed VBOCPDMS algorithm with red asterisk markers. Subfigures
(a) to (f) correspond to simulation scenarios S1 through S6, respectively.

All algorithms perform similarly in non-maneuvering segments due to their different
motion models and optimal mixed estimation via probabilistic weighting. The VBOCPDMS
algorithm, however, outperforms IMM, IEE, and IT-IMM, benefiting from variational
iterative optimization for better handling of non-maneuvering models.
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Figure 3. The ARMSE curves of the target positions of different algorithms in six simulation scenarios:
(a) ARMSE curves in S1. (b) ARMSE curves in S2. (c) ARMSE curves in S3. (d) ARMSE curves in S4.

(e) ARMSE curves in S5. (f) ARMSE curves in S6.

During the maneuver process, the RMSE of IMM, IEE and IT-IMM all increased signif-

icantly, especially after a change point. Among them, the increase of IEE was the largest,
followed by that of IT-IMM, and the increase of IMM was relatively small. In contrast, the
VBOCPDMS algorithm’s RMSE also rises but declines faster than the baseline algorithms.
IMM shows a trade-off, achieving better accuracy in non-maneuvering scenarios at the cost
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of poorer accuracy during maneuvers. VBOCPDMS achieves good estimation accuracy
during maneuvers by adaptively adjusting prior model weights based on run length and
switching models promptly. In contrast, IMM, IEE, and IT-IMM use fixed prior weights and
transition matrices, causing delays in model switching and competition between models,
which degrades performance. VBOCPDMS speeds up parameter estimation by using
hard-decision initialization to reduce secondary model weights during maneuvers.

Table 1 shows that the VBOCPDMS filtering algorithm outperforms IMM, IEE, and
IT-IMM in filtering accuracy across six simulation scenarios, with average RMSE rankings
of VBOCPDMS < IT-IMM < IMM < IEE. VBOCPDMS effectively detects target maneuvering
pattern changes through online change-point detection for timely responses. It uses run-
length probability weighting for maximum entropy in state estimation, demonstrating
superior tracking accuracy in all scenarios.

Table 1. Average position RMSE (m) of different algorithms in scenarios S1-S6.

Algorithm S1 S2 S3 S4 S5 S6

IEE 95.587 98.596 94.848 94.196 105.310 108.680
IMM 86.492 87.477 90.105 89.937 96.586 98.331
IT-IMM 85.052 86.078 87.513 87.297 95.88 97.799

VBOCPDMS 81.530 80.024 86.096 85.128 92.754 94.474

Figure 4 illustrates the true and estimated trajectories across six simulation scenarios.
Our proposed algorithm (red) closely follows the true trajectory (black) during target
maneuvers, unlike the IEE algorithm (orange), which deviates significantly. This supports
our analysis showing the proposed method’s superior accuracy, especially during abrupt
maneuvers where traditional algorithms falter.

Table 2 analyzes the computational costs of various algorithms. The IEE algorithm
has the highest efficiency and the shortest running time, followed by the IMM algorithm.
The running time of the IT-IMM algorithm is relatively slightly longer. Conversely, the
proposed VBOCPDMS algorithm is slower due to iterative computation for estimating
posterior states and weights. Meanwhile, it incorporates maneuver detection, requiring an
extra discrete variable estimated at each time step, growing with time. Table 3 shows the
average iteration count across scenarios of VBOCPDMS, all notably below the maximum
limit 15 = 50, indicating good convergence.

Table 2. Average runtime (s) of different algorithms in the simulation scenarios.

Algorithms S1 S2 S3 S4 S5 S6

IEE 0.0093 0.0091 0.0081 0.0092 0.0077 0.0078
IMM 0.0151 0.0142 0.0132 0.0135 0.0123 0.0124
IT-IMM 0.0227 0.0213 0.0203 0.0215 0.0184 0.0189

VBOCPDMS 0.7830 0.5769 0.5918 0.6351 0.5989 0.6181

Table 3. Average number of iterations of the VBOCPDMS algorithm in the simulation scenarios.

Algorithms S1 S2 S3 S4 S5 S6
VBOCPDMS 43116 4.3032 4.9460 4.8916 5.1058 5.1662
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Figure 4. True trajectory vs. inferred trajectory of different algorithms in six simulation scenarios:

(a) Trajectory in S1. (b) Trajectory in S2. (c) Trajectory in S3. (d) Trajectory in S4. (e) Trajectory in S5.
(f) Trajectory in S6.

To evaluate the effectiveness and accuracy of the VBOCPDMS algorithm in change
point detection, Table 4 presents the Fl-scores under different scenarios. By analyzing
these data, it can be observed that in scenarios with weak target maneuverability (such
as S1), the algorithm’s Fl-score is relatively low. In contrast, in scenarios with stronger
maneuverability or higher maneuvering frequency (such as S6), the F1-score improves
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significantly. This suggests that the strength and frequency of target maneuvers have a
notable impact on the algorithm’s change point detection performance—the stronger the
maneuverability, the better the detection effect.

Table 4. F1-scores of the VBOCPDMS algorithm.

Threshold S1 S2 S3 S4 S5 Sé6
E=5 0.3468 0.4186 0.4230 0.5799 0.6214 0.6399
£E=10 0.6272 0.6552 0.7389 0.8403 0.8484 0.8961

Furthermore, it is worth noting that when a larger tolerance range £ is selected,
the algorithm’s F1-score exhibits an obvious upward trend, reflecting that change point
detection has a certain degree of latency. However, this does not indicate that the proposed
algorithm struggles with handling target maneuvers. In fact, the VBOCPDMS algorithm
inherently possesses the ability to identify maneuver parameters (i.e., estimate run length
probability). Under the variational Bayesian joint optimization framework, change point
detection and maneuver parameter identification are inherently coupled. If the algorithm
can effectively respond to the ongoing maneuvering change point through parameter
estimation, it can effectively alleviate the problem of model mismatch caused by model
switching delay. Therefore, the accuracy of change point detection is no longer an absolute
evaluation criterion, but depends on the actual ability of the algorithm to effectively deal
with maneuvering change points.

4.1.5. Robustness Analysis

To verify the robustness of the proposed algorithm under various parameter settings
and to further elucidate the roles of these parameters during the filtering process, a series
of controlled experiments were conducted in this subsection. Considering that scenarios
51 and S2 involve relatively weak target maneuvers, and that demonstrating robustness
under strong maneuvering conditions is more convincing, we selected simulation scenarios
S3 through 56 for the robustness analysis. In each scenario, the focus was placed on the
variation of a single algorithm parameter.

Table 5 analyzes the impact of varying parameter H(7) on the performance of the
VBOCPDMS algorithm. In scenarios S3 and S4, the ARMSE is minimized when the
parameter H (1) is set to 10, whereas in scenarios S5 and S6, the minimum ARMSE occurs
when the parameter H(7) is set to 15. This is because the parameter H(7) essentially
reflects the maneuvering frequency of the target. Targets in scenarios S3 and 54 exhibit
relatively lower maneuvering frequencies, corresponding to a parameter value of 10, while
targets in scenarios S5 and S6 have higher maneuvering frequencies, corresponding to a
parameter value of 15. A properly selected parameter H(T) can effectively capture the
target’s maneuvering behavior, thereby achieving the best filtering performance. When
the parameter selection is not perfectly aligned with the actual maneuvering frequency,
the filtering performance slightly degrades; however, it still outperforms the baseline
algorithms overall.

Table 5. The average position RMSE (m) of H(t) with different values in scenarios S3 to Sé.

H(T) S3 S4 S5 S6

5/186 85.676 85.768 94.649 97.068
10/186 85.034 85.110 93.950 96.183
15/186 86.096 85.128 92.754 94.474

20/186 85.240 85.232 93.851 95.478
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Table 6 analyzes the impact of varying parameter I, on the performance of the
VBOCPDMS algorithm. Given that the average number of iterations required for conver-
gence is approximately five, it can be observed that the minimum ARMSE across all four
scenarios is achieved when the maximum allowable iterations are set to either 10 or 50.
Moreover, once the number of iterations exceeds five, the filtering performance exhibits
negligible further changes, indicating that convergence has been effectively achieved. It is
particularly noteworthy that even when the number of iterations is limited to one or two,
the proposed algorithm still outperforms the baseline methods. This property provides
a valuable means to balance filtering accuracy and computational efficiency in practical
engineering applications.

Table 6. The average position RMSE (m) of maximum iterations I,y with different values in scenarios
S3 to S6.

Liax S3 S4 S5 S6

1 85.273 85.390 94.351 96.317
2 85.012 85.115 93.917 95.812
10 84.953 85.014 93.768 95.646
50 85.005 85.128 92.754 94474

Table 7 analyzes the impact of varying reinitialization model weights on the per-
formance of the VBOCPDMS algorithm. In the “weights” column of the table, the
listed values correspond to 2a, leading to the reinitialization model weights defined as
Ip =1[2a,05—4a,05—4a], ; = [0.5—a,24,05—a], and I, = [0.5—4,0.5 — a,2a]. It can
be observed that when 2a = 1/3, corresponding to an equal distribution of initialization
weights, the filtering performance is significantly degraded. In this case, the initialization
weight selection mechanism effectively becomes inactive, resulting in uniformly distributed
initial weights. As the initialization weights become more biased toward their respective
models, the filtering performance improves. Moreover, as 2a approaches 1, the filtering
accuracy remains consistently high, while the average number of iterations decreases
from approximately seven to about two. This characteristic can be exploited in practical
engineering applications to substantially reduce computational burden.

Table 7. The average position RMSE (m) of reinitialization model weights with different values in
scenarios S3 to S6.

Weights S3 S4 S5 S6 Iterations
2a=1/3 90.963 90.033 94.961 95.587 6-7
2a=0.7 86.152 85.134 92.762 94.495 52-5.7
2a=0.8 86.096 85.128 92.754 94.474 4.8-5.2
2a=09 86.130 85.134 92.742 94.462 42-45
2a=1 86.028 85.167 92.757 94.468 1.8-2.2

Table 8 analyzes the impact of varying pruning threshold Ny,,, on the performance
of the VBOCPDMS algorithm. When the pruning threshold Npax = 5, the filtering perfor-
mance of the VBOCPDMS algorithm is inferior to that of the baseline methods. However,
as the pruning threshold increases, the filtering performance gradually improves and even-
tually converges. This observation indicates that the number of retained run-lengths should
be greater than 10 to achieve satisfactory performance. Further increasing the number
of run-lengths yields only marginal performance gains while significantly increasing the
computational burden, which is therefore not recommended.
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Table 8. The average position RMSE (m) of pruning threshold Ny, with different values in scenarios
S3 to S6.

Ninax S3 S4 S5 S6

5 100.040 99.891 102.550 103.330
10 86.096 85.128 92.754 94.474
15 85.885 85.018 92.424 94.281

4.2. Real Scenarios

In this section, we further evaluate the estimation performance of the proposed
algorithm in two sets of real maneuvering target tracking scenarios by using the two-
dimensional radar dataset.

4.2.1. Scenario Setup

The targets are detected and tracked using radar. The motion patterns of the two
targets are detailed as follows:

R1 (shown in Figure 5a): This target performs a composite maneuver consisting of
six segments: uniform motion, left turn, uniform motion, right turn, uniform acceleration,
and a figure-eight circling pattern. The true change points in its motion occur at frames
[13, 23, 34, 66, 73, 81, 116, 102]. The radar sampling interval is T = 10 s, and the sequence
comprises a total of 121 frames.
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Figure 5. Target trajectory of real scenarios: (a) Real scenario R1. (b) Real scenario R2.

R2 (shown in Figure 5b): It also follows a six-segment composite maneuver: uniform
motion, left turn, uniform motion, right turn, uniform motion, and an O-shaped circling
pattern. The actual maneuver transition points are located at frames [13, 34, 65, 80, 100].
The radar sampling interval is T = 10 s, with a total of 105 frames.

4.2.2. Algorithm Parameter Settings and Performance Evaluation Metrics

Real scenarios use the same matrix forms as simulations. In R1, the process noise
model set is 0; € {20,35,50} and the change-point detection probability for VBOCPDMS
is 49/NStep. In R2, the process noise model set is 0; € {5,15,30} and the change-point
detection probability is 15/NStep.

The reinitialization model weights are given by Iy = [0.01,0.495,0.495], I; = [0.1,0.8,0.1]
and I = [0.1,0.1, 0.8]; the maximum number of retained run lengths is set to N5y = 15
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for the two real scenarios. Other parameters remain identical to those in the simulation
scenarios, and the performance evaluation metrics are the same.

4.2.3. Results

Figure 6 shows the RMSE curves for target position estimation across different algo-
rithms in scenarios R1 and R2. Table 9 provides the ARMSE for these algorithms in both
scenarios, highlighting VBOCPDMS's superior filtering performance. In scenario R2, RMSE
curves are similar across algorithms during non-maneuvering or weakly maneuvering
states, but VBOCPDMS stands out significantly once the target starts maneuvering.
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Figure 6. The RMSE curves of the target position in real scenarios: (a) RMSE curves in R1. (b) RMSE
curves in R2.

Table 9. RMSE (m) of different algorithms in the real scenarios.

Scenario IT-IMM IMM IEE VBOCPDMS
R1 546.43 546.05 545.79 540.46
R2 381.27 367.04 320.63 313.91

Tables 10 and 11 detail the RMSE values across different filtering algorithms under
various conditions. When the target moves uniformly or with slight turns, all methods
perform similarly. However, as turns or acceleration increase, performance decreases. The
VBOCPDMS algorithm remains more robust in handling maneuvers, surpassing both the
IT-IMM, IMM, and IEE algorithms overall. This is because the IMM algorithm depends
on the model transition probability matrix for model switching, which can cause delays
and errors if the matrix is inaccurate during strong target maneuvers. Conversely, the
VBOCPDMS algorithm uses Bayesian online change point detection for model selection
without relying on this matrix, allowing for timely reinitialization of model weights and
target states. This adaptability enhances the accuracy and stability of the VBOCPDMS
algorithm in managing complex maneuvers.

Table 12 shows the computational cost comparison for different algorithms in real
scenarios, supporting the previous simulation analysis and confirming the cost characteris-
tics of the VBOCPDMS algorithm. The higher cost is mainly due to online change-point
detection and variational iterative optimization.
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Table 10. The segmented RMSE (m) of different algorithms in real scenario R1.
Section IT-IMM IMM IEE VBOCPDMS
[0,G1) 356.69 358.51 360.45 366.75
[G1,G2) 178.2 178.67 179.2 185.59
[G2,G3) 162.5 162.48 162.37 161.9
[G3,G4) 230.7 230.65 230.6 230.07
[G4,G5) 486.48 485.61 484.84 471.99
[G5,G6) 1220.2 1217.6 1218.2 1200.4
[G6,G7) 921.3 921.75 921.48 923.42
(G7,G8) 1038.3 1036.6 1034.6 1012.3
[GS, 121] 611.03 605.3 603.98 566.39
Table 11. The segmented RMSE (m) of different algorithms in real scenario R2.
Section IT-IMM IMM IEE VBOCPDMS
[0,H1) 366.69 361.53 343.72 315.16
[H1, HZ) 283.49 260.54 197.05 121.29
[H2,H3) 288.23 284.06 283.99 277.64
[H3, H4] 488.35 467.52 467.13 358.69
[H4, H5] 482.9 457.33 496.21 450.86
[H5,105] 784.03 759.62 850.21 784.55
Table 12. Runtime (s) of different algorithms in the real scenarios.
Scenarios IT-IMM IMM IEE VBOCPDMS
R1 0.0109 0.0103 0.0043 0.4570
R2 0.0085 0.0160 0.0063 0.4099

With an error range of £ = 5, the Fl-scores of VBOCPDMS in scenarios R1 and R2
were 0.4000 and 0.2857. Bayesian online change point detection is a soft decision-making
method based on manually defined rules. Evaluating it with a single metric is insufficient;
thus, the filtering results are crucial, with the Fl-score as a secondary criterion.

5. Conclusions

This paper presents a novel maneuvering target tracking method, VBOCPDMS, which
integrates variational Bayesian inference and run-length modeling to capture maneuver
change points in real time. Within the variational framework, the approximate posterior
distributions of the motion state, model weights, and run-length are jointly estimated.
The introduction of the run-length variable not only enables accurate detection of change
points but also facilitates the adaptive reconfiguration of the algorithm’s parameters during
abrupt target maneuvers. Unlike traditional IMM algorithms, which assume a first-order
Markov process for model transitions, the proposed method explicitly tracks the run-
length, modeling the system evolution in a non-Markovian manner. This design allows
VBOCPDMS to retain a longer memory of past system dynamics, which is crucial for accu-
rately capturing sudden maneuver onsets and maintaining robust tracking performance
under highly dynamic conditions. Extensive experiments were conducted across six simu-
lation scenarios and two real-world scenarios. The results demonstrate that VBOCPDMS
consistently outperforms baseline methods such as IMM, IT-IMM, and IEE in terms of
RMSE and maneuver-adaptive responsiveness, especially in cases involving high accelera-
tions and abrupt turns. Furthermore, the proposed method exhibits strong robustness to
model parameter uncertainties, highlighting its potential for real-time applications, such
as radar surveillance. In future work, further research will be devoted to extending the
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VBOCPDMS framework to accommodate high-dimensional state spaces and multi-target
tracking scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

IMM Interacting Multiple Model

ELBO Evidence Lower Bound

KF Kalman Filter

pdfs Probability Density Functions

SMC Sequential Monte Carlo

VB Variational Bayes

BOCPD Bayesian Online Changepoint Detection
KL Kullback-Leibler

RMSE Root Mean Square Error

ARMSE Average Root Mean Square Error

IEE Identity Expectation Estimator

ITIMM Information Theory Interacting Multiple Model

VBOCPDMS  Variational Bayesian Online Change Point Detection with Multiple Models
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