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Abstract: The performance of existing maneuvering target tracking methods for highly maneuvering targets in
cluttered environments is unsatisfactory. This paper proposes a hybrid-driven approach for tracking multiple highly
maneuvering targets, leveraging the advantages of both data-driven and model-based algorithms. The time-varying
constant velocity model is integrated into the Gaussian process (GP) of online learning to improve the performance
of GP prediction. This integration is further combined with a generalized probabilistic data association algorithm to
realize multi-target tracking. Through the simulations, it has been demonstrated that the hybrid-driven approach
exhibits significant performance improvements in comparison with widely used algorithms such as the interactive
multi-model method and the data-driven GP motion tracker.
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1 Introduction

Target tracking refers to the estimation of the
motion state of the interest target, considering fac-
tors such as noisy measurements, false alarm clut-
ter, and imperfect measurements (Da et al., 2021;
Zhu et al., 2021). It is widely used in various fields,
such as aircraft target tracking (Zhou et al., 2020;
Zheng and Cai, 2021) and underwater target track-
ing (Zhang D et al., 2018). Depending on the nature
of the tracked targets, target tracking algorithms
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can be categorized into point target tracking, ex-
tended target tracking, and group target tracking
(Guo et al., 2019, 2020a; Wang et al., 2021). The pri-
mary focus of this paper is to address the challenge of
maneuvering posed by point target tracking. It uses
kinematic information to estimate the target’s state,
which includes parameters such as position, velocity,
and acceleration (Li et al., 2019b; Li and Hlawatsch,
2021).

The central concept of maneuvering target
tracking focuses on enhancing the degree of corre-
spondence between the tracking model and the real
motion model of the target (Li et al., 2019a). Maneu-
vering target tracking algorithms are classified into
two categories, which are the model-driven and data-
driven approaches. Model-driven algorithms rely on
the prior motion models of the target. The state-
space model is modeled as a Markov process by using

www.jzus.zju.edu.cn
engineering.cae.cn
www.springerlink.com


1648 Guo et al. / Front Inform Technol Electron Eng 2023 24(11):1647-1656

prior model information, thereby describing the rela-
tionship between the target state vectors at adjacent
time slots (Guo et al., 2015; Li et al., 2017). Typical
model-driven methods include the interactive multi-
model (IMM) method (Wu et al., 2021), where the
tracking results of different models are appropriately
weighted, and the variable structure IMM (VSIMM),
the core of which is the model set selection algo-
rithm. In terms of computational complexity and
performance, IMM has been demonstrated as the
most cost-efficient approach.

Nevertheless, as the maneuverability of the tar-
get continues to advance and maneuvering patterns
become more complex, the target trajectory may
consist of many models, and the associated maneu-
vering parameters such as acceleration and angular
velocity tend to be larger. Model-driven methods
face several application limitations: (1) Poor track-
ing ability and environmental adaptability. If the
target’s maneuvering patterns lie beyond the scope of
the prior model set, it can result in model mismatch,
leading to decrease in the tracking performance of
the model-driven algorithm or even causing the filter
to diverge. (2) State estimation delay. Because the
target motion model is unknown, as well as owing
to model switching, model-driven methods need to
gather sufficient measurements to precisely estimate
the target state. (3) High computational complexity.
In the case of highly maneuvering targets, the uncer-
tainty in their maneuvers is significant, and their
trajectories may encompass an infinite number of
motion models. For model-driven approaches, it be-
comes impractical to construct an excessively large
model set to account for all possible maneuvers.

In response to the constraints of the model-
driven approaches, researchers have incorporated
neural networks, which possess robust learning ca-
pabilities, into the maneuvering target tracking
methodology. Zhang XR et al. (2019) and Deng
et al. (2020) used long short-term memory (LSTM)
neural networks to discern target maneuver parame-
ters, such as the maneuver model, acceleration, and
angular velocity. Liu JX et al. (2020) employed neu-
ral networks to directly predict the position estima-
tion error of the target, enhancing the overall state
estimate. Tian et al. (2022) proposed the multi-
model Gaussian mixture probability hypothesis den-
sity (MM-GM-PHD) filter based on LSTM. More-
over, in Xiong et al. (2022), an end-to-end method

was used to estimate the target state. The central
concept is to learn the essential steps of the Bayesian
filter, including the state transition matrix, process
noise covariance matrix, and measurement noise co-
variance matrix. Nonetheless, in implementing the
aforementioned neural network based maneuvering
target tracking methods, we are still faced with cer-
tain obstacles, and these are (1) poor interpretability
and (2) the fact that for small sample learning, sig-
nificant challenges continue to be encountered.

In addition to neural networks, data-driven ma-
neuvering target tracking methods encompass Gaus-
sian process (GP), which consists of a series of ran-
dom variables that follow a Gaussian distribution
and fits data to an unknown function using differ-
ent distributions obtained (Rasmussen and Williams,
2006). Huber (2014) proposed a method based on
recursive GPs, enabling the online learning of GP
hyperparameters with low computational burden.
Aftab and Mihaylova (2021) presented a Gaussian
process motion tracker (GPMT) algorithm. This
algorithm has the capability to learn an arbitrary
motion model online during each tracking period.
Subsequently, the target state is estimated using
the learned model and measurements. GPMT can
flexibly switch between numerous or even unlim-
ited motion models. A maneuvering target tracking
method based on GPPF was proposed in Sun et al.
(2020), wherein the researchers integrated the par-
ticle filter (PF) into GP target tracking. GP was
extended to distributed multiple sensors in Liu XC
et al. (2022). Guo et al. (2022) proposed a novel
approach by combining IMM and GP for track seg-
ment association of maneuvering targets, and this
approach demonstrated a superior performance in
comparison with both the model-driven and data-
driven methods. The essence of GP lies in learning
unknown models through the covariance kernel func-
tion. Therefore, Aftab and Mihaylova (2020) con-
ducted an analysis on the influence of different ker-
nels and training data on the performance of target
tracking. Furthermore, GP has found applications
in maneuvering ship tracking (Guo et al., 2020b).

However, in the context of a more intricate
maneuvering target within a cluttered background,
where the target encompasses an infinite spectrum
of motion models and its maneuvering parame-
ters are more extensive and exhibit rapid fluctua-
tions, GPMT might, due to the influence of clutter,
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encounter substantial state prediction errors, poten-
tially leading to target loss. In this paper we present
a novel online learning approach for enhancing the
tracking precision of intricate maneuvering targets
amidst cluttered environments. The method uses
a hybrid-driven GP as the fundamental framework.
Building upon this foundation and in conjunction
with the generalized probabilistic data association
(GPDA) algorithm, robust tracking of highly ma-
neuvering multiple targets is achieved.

2 Background

The standard GPs are presented in this section.
The core of a GP that can learn any unknown func-
tion is comprised of the mean and covariance (kernel)
functions. In most applications, the mean remains
constant or zero (Huber, 2014). Thus, the design
of the covariance emerges as a crucial aspect within
GP. Readers can refer to Huber (2014) for further
information regarding various mean and covariance
functions. The function f(·) of interest, which is un-
known and subject to additive noise, is represented
as follows:

x = f(t) + τ , (1)

where x represents the measurement vector, t is the
input vector, and τ refers to the Gaussian white noise
characterized by a mean of zero and a variance of σ2

n.
Considering the prior data (ti, xi), ti represents the
input and xi represents the corresponding output,
i = 1, 2, · · · , n. f(·) can be modeled with GP as

f(t) ∼ GP(m(t), k (t, t′)) , (2)

where m(·) is the mean function and k(·, ·) is the
kernel function.

Let us consider the scenario where we aim to
predict the test output f (t∗). For notational sim-
plicity, f � f(t) and f∗ � f (t∗). According to
Huber (2014), the joint Gaussian distribution of the
prior and f∗ is

[
f

f∗

]
∼ N

(
0,

[
k(t, t) + σ2

nI k (t, t∗)
k (t∗, t) k (t∗, t∗)

])
,

(3)
where I represents the identity matrix, and k (t, t∗)
is the kernel function between the input vector of test
data and the input vector of training data, which is

expressed as

k (t, t∗) =

⎡
⎢⎢⎢⎣

k (t1, t
∗
1) k (t1, t

∗
2) · · · k (t1, t

∗
l )

k (t2, t
∗
1) k (t2, t

∗
2) · · · k (t2, t

∗
l )

...
...

...
k (tn, t

∗
1) k (tn, t

∗
2) · · · k (tn, t

∗
l )

⎤
⎥⎥⎥⎦ .

(4)
Here, the number of test data samples is denoted by
l, and k (tn, t

∗
l ) is the kernel function between the

nth input of training data and the lth input of test
data. t and t∗ represent the input vectors for f and
f∗, respectively. Similarly, we can obtain k(t, t),
k (t∗, t), and k (t∗, t∗). According to Eq. (3), the
prediction distribution (Huber, 2014) of the test is
obtained as

f∗|t,f,t∗ ∼ N (m (f∗) , cov (f∗)) , (5)

where

m (f∗) = k (t∗, t)
[
k(t, t) + σ2

nI
]−1

x, (6)

cov (f∗) =k (t∗, t∗)− k (t∗, t) [k(t, t)

+σ2
nI
]−1

k (t, t∗) .
(7)

Here, m (f∗) and cov (f∗) represent the predicted
mean and covariance, respectively.

3 Hybrid-driven highly maneuvering
multi-target tracking

In this section we provide a comprehensive ex-
planation of the proposed approach. The fundamen-
tal idea is to integrate the time-varying constant
velocity (CV) model into GPMT, thereby enhanc-
ing predictive abilities to effectively track extremely
maneuverable targets amidst cluttered surroundings.
Expanding on this foundation, the methodology in-
tegrates GPDA to enable simultaneous tracking of
multiple highly maneuvering targets. The method
proposed here uses a limited set of previous mea-
surements for target state estimation and operates
under the assumption of orthogonal coordinate axes.

First, GP is employed to model the nonlinear
function of the x coordinate, and the procedure is re-
peated for the y coordinate. For more specifics, read-
ers can refer to Section 3.1. Next, the training set
is formed by choosing the preceding d-dimensional
measurement. The hyperparameters are learned
through a maximum likelihood estimator based on
the training set, as explained in Section 3.2. Once
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again, the time-varying CV model is employed for
state prediction, as indicated in Section 3.3. Sub-
sequently, the GPDA algorithm is employed to ac-
complish the correlation matching between measure-
ments and targets, as explained in Section 3.4 in
greater detail. Ultimately, GP is applied for both
state and training set updates; further elaboration
can be found in Section 3.5. The state update pro-
cess resembles the state update in the Kalman filter,
wherein the target’s state estimate is determined by
using both the measurement and the state predic-
tion. The training set update entails using GP to
optimize the distribution of the prior training set,
thus preventing underfitting.

3.1 GP modeling

According to Eqs. (1) and (2), the unknown non-
linear function f and the corresponding observation
function (Huber, 2014) can be defined as

u = f(t), f ∼ GP (0, k (t, t′)) , (8)

x = f(t) + τ , τ ∼ N (0, σ2
nI
)
, (9)

where u is the output position variable of the x co-
ordinate, t is the corresponding input time variable,
and x is the measurement variable with additive
noise. f represents an unknown nonlinear function
defined by a GP with zero mean and kernel func-
tion k (t, t′) and τ is Gaussian noise with zero mean
and variance σ2

nI. In the proposed method, the
commonly employed square exponential covariance
kernel function (Rasmussen and Williams, 2006) is
chosen as the kernel function, denoted as

k (t, t′) = σ2
f exp

(
1

2
(t− t′)TΛ−1 (t− t′)

)
, (10)

where σf is the process standard deviation, which
controls its vertical scaling, Λ = diag

(
l21, l

2
2, · · · , l2d

)
,

d is the number of elements, and l = [l1, l2, · · · , ld]
is the input length-scale parameter, which infor-
mally can be thought of as roughly the distance
for which it is required to travel in the input space
before the function value can change significantly
(Rasmussen and Williams, 2006). The hyperpa-
rameter set θ =

{
l, σ2

f , σ
2
n

}
consists of the parame-

ters within the kernel function and the measurement
noise variance.

During the target tracking process, once the in-
terconnection between adjacent data samples is com-
prehended, target state estimation can be performed

based on this interrelation. The kernel function in
GP can capture the relationship between different
input points. Hence, the kernel function is employed
to comprehend the link among the training data, en-
abling the modeling of the target’s motion pattern.
This learning process is conducted at each time step,
allowing it to acquire any unknown function from
the training data in real time. In the context of tar-
get tracking, the unknown function encompasses all
potential maneuvering modes of the target.

3.2 Hyperparameter optimization

Taking the prediction at time t as an exam-
ple, we use the nearest q-dimensional measurement
Xt � [xt−q, xt−q+1, · · · , xt−1] as the training data.
The input is Tt � [t − q, t − q + 1, · · · , t − 1].
The initial distribution of the training data is
p (f | xt−q:t−1) = N

(
μf

t−1,C
f
t−1

)
, with the mean

and covariance being μf
t−1 = m (Tt) and Cf

t−1 =

k (Tt,Tt), respectively.
Fixed hyperparameters are suitable only for spe-

cific scenarios. Hence, prior to making predictions,
it is essential to learn from the training set to acquire
the most suitable hyperparameters θ =

{
l, σ2

f , σ
2
n

}
.

According to Rasmussen and Williams (2006), the
potential hyperparameter based on the marginal like-
lihood can be written as

log (Xt | Tt, θ) =− 1

2
XT

t M
−1Xt − 1

2
log |M |

− n

2
log(2π),

(11)
where M = k (Tt,Tt)+σ2

nI is the covariance matrix,
− 1

2X
T
t M

−1Xt indicates the data fit to the observed
target, the complexity penalty 1

2 log |M | is deter-
mined solely by the covariance function and input,
and n

2 log(2π) is the normalization constant. “ | · |”
represents the determinant of the matrix. The hy-
perparameters are learned using the maximum likeli-
hood estimator. This involves calculating the partial
derivative of log (Xt | Tt, θ) and then using gradient
descent to determine the optimal hyperparameters
at time t.

3.3 Prediction

During the prediction process, we use the time-
varying CV model instead of GP forecasting. The
time-varying CV model involves the estimate of the
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velocity based on the last two variables (xt−1 and
xt−2) of the training set Xt before a prediction is
made. The velocity estimate Vxt−1 for the x coordi-
nate can be expressed as

Vxt−1 = (xt−1 − xt−2) /Td, (12)

where Td is the time difference between xt−1 and
xt−2. In the same way, the velocity estimate Vyt−1 of
the y coordinate can be obtained. The state at time
t − 1 is given by St−1 =

[
xt−1, yt−1, Vxt−1 , Vyt−1

]T.
The state and covariance prediction equations are

S̃t = FSt−1, (13)

P̃t = FPt−1F
T +Q, (14)

where F is the state transition matrix, S̃t =[
x̃t, ỹt, Ṽxt , Ṽyt

]T
is the prediction vector, Pt−1 is

the covariance at time t − 1, and Q is the process
noise covariance.

3.4 Generalized probabilistic data associa-
tion algorithm

In this subsection, we perform correlation
matching between the measurement and the target
at time t based on the prediction vector S̃t. The pro-
posed method introduces the concept of determinis-
tic association measurement of the GPDA algorithm
(Pan et al., 2005; Guo et al., 2016). Under this con-
cept, the belief is that both the measurement and
target can be reused, and that a generalized joint
event is constructed. The association probability is
obtained according to the Bayesian rule, to deter-
mine the association measurement.

First, a tracking gate is created with the pre-
dicted vector S̃t as its center, and the permissible
measurements are determined based on this gate.
This can be formulated as
(
Zt(i)− S̃t

)T
Bt

(
Zt(i)− S̃t

)
≤ γ, i = 1, 2, . . . , N,

(15)
Bt = HP̃tH

T +R, (16)

where Zt(i) represents the ith measurement at time
t, R denotes the measurement noise covariance, Bt

denotes the residual covariance, N represents the
number of measurements, H denotes the observation
matrix, and γ is the hypothesis testing threshold of
χ2. If inequality (15) holds true, it indicates that the

measurements within the gate collectively contribute
to the target.

Then, the association probability matrix G is
computed based on the predicted state S̃t, the pre-
dicted covariance P̃t, the residual covariance Bt, and
the associated valid measurements (Pan et al., 2005):

G =

⎡
⎢⎢⎢⎣

g00 g01 · · · g0J
g10 g11 · · · g1J
...

...
...

gm0 gm1 · · · gmJ

⎤
⎥⎥⎥⎦ , (17)

where gij is the probability density between measure-
ment i and target j, i = 0, 1, . . . ,m, j = 0, 1, . . . , J ,
and m and J are the numbers of measurements
and targets respectively. The calculation of G is
divided into three parts: (1) The first row, g0j =

(nV )−1 (1− PDPG), represents the probability den-
sity between measurement 0 and target j (j �= 0),
where PD is the detection probability, PG is the gate
probability, V is the volume of the gate, and n is
the coefficient. (2) The first column, gi0 = λ, rep-
resents the probability density between target 0 and
measurement i (i �= 0), where λ is the clutter den-
sity, target 0 means no target of interest, which may
be a new target or a false target, and measurement
0 means no measurement (that is, the target is not
detected). (3) The probability density between mea-
surement i and target j (i �= 0, j �= 0) is

gij = P−1
G |2πBt|−1/2

exp

(
−1

2
vT
ijB

−1
t vij

)
, (18)

where vij = Zij−S̃t, Zij represents the ith measure-
ment of target j at time t, and S̃t is the prediction of
target j at time t. Additionally, g00 = 0. Based on
the target and measurement, the probability matrix
G is normalized as⎧⎪⎪⎨

⎪⎪⎩
εij =

gij∑m
i=0 gij

,

ξij =
gij∑J
j=0 gij

.
(19)

Finally, the correlation probability βij of mea-
surement i and target j is calculated based on the
normalized εij and ξij , to obtain the associated mea-
surement Zt =

∑m
i=0 βijZij of target j, where

βij=
1

c

⎛
⎜⎝ρεij

J∏
h=0
h �=j

m∑
r=0
r �=i

εrh+(1−ρ)ξij

m∏
r=0
r �=i

J∑
h=0
h �=j

ξrh

⎞
⎟⎠ .

(20)
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Here, c is the normalization coefficient, ρ is the
weight factor, h is the target index, and r is the
measurement index.

3.5 Update

This subsection consists of two parts: the target
state update and the training set update. The state
update is similar to the Kalman filter update, and
the state and covariance of the x coordinate are up-
dated based on the x-component xt of the associated
measurement Zt. The update equations are

μ̂f
t = x̃t +Kt (xt − x̃t) , (21)

Ĉf
t = C̃f

t −KtC̃
f
t , (22)

Ct = Cf
t−1J

T
t

(
C̃f

t

)−1

Ĉf
t , (23)

where Kt = C̃f
t

(
C̃f

t + σ2
nI
)−1

is the Kalman gain,
x̃t is the x-coordinate component of state prediction
S̃t, and C̃f

t is the x-coordinate component of predic-
tion covariance P̃t. Jt = k (t,Tt) k (Tt,Tt)

−1. Ct is
the cross-covariance between training set and state
estimation vector.

Additionally, the distribution of the training set
is updated to obtain p (f | xt−d+1:t)=N

(
μf

t ,C
f
t

)
,

to prevent GP from underfitting. The mean and
covariance of the training set distribution at time t

are
μf

t = μf
t−1 +Lt

(
μ̂f

t − x̃t

)
, (24)

Cf
t = Cf

t−1 +Lt

(
Ĉf

t − C̃f
t

)
LT

t , (25)

where Lt = Cf
t−1J

T
t

(
C̃f

t

)−1

. Substituting μ̂f
t and

Ĉf
t in Eqs. (21) and (22) into Eqs. (24) and (25)

respectively, the mean and variance of the updated
distribution are

μf
t = μf

t−1 + K̃t

(
xt − μ̃f

t

)
, (26)

Cf
t = Cf

t−1 − K̃tJtC
f
t−1, (27)

K̃t = LtKt = Cf
t−1J

T
t

(
C̃f

t + σ2
nI
)−1

, (28)

where K̃t is the gain matrix.
The method proposed above, which combines

elements of both the model-driven and data-driven
approaches, is called the hybrid-driven GPMT and
is summarized in Algorithm 1.

Algorithm 1 Hybrid-driven GPMT
Input: Xt, Tt, θ
Output: µ̂f

t , Ĉf
t , µf

t , Cf
t , Ct

1: Hyperparameter θ is learned via Eq. (11)
2: Compute the predicted state S̃t via Eq. (13) and the

predicted covariance P̃t via Eq. (14)
3: Compute the associated measurement Zt according to

inequality (15) and Eqs. (16)–(20)
4: Compute mean µ̂f

t and covariance Ĉf
t of the estimated

state via Eqs. (21) and (22), respectively
5: Compute cross-covariance Ct via Eq. (23)
6: Compute mean µf

t and covariance Cf
t of the training set

by Eqs. (26) and (27), respectively

4 Performance validation

In this section, the advantages of the proposed
method have been verified under the prevalence of
challenging scenarios. Section 4.1 provides an intro-
duction to these scenarios and the configuration of
parameters. The comparison methods and their pa-
rameter settings are given in Section 4.2, while the
simulation results are discussed in Section 4.3.

4.1 Testing scenarios and parameter settings

In a two-dimensional space, the target surveil-
lance region has a size of V = πr2, with r = 50 km,
and the motion state of the target denoted as X =

[x, y, Vx, Vy]
T includes the position and velocity com-

ponents. There are four targets with randomly ini-
tialized positions. The maximum acceleration for
target maneuvering is 8×9.8 m/s2. The range of the
angular velocity ω of the maneuver is [−18◦, 18◦].
The acceleration and angular velocity for each tar-
get maneuver are randomly set. The duration of each
maneuver is randomly determined within [8, 10] s.
The target velocity is within [100, 680] m/s. The
initial target velocity is randomly assigned within
[100, 300] m/s. The detection probability is given as
PD = 0.98. Clutter returns can be generated using
a Poisson process with K(z) = λV c(z), where the
clutter density is λ = 0.5 × 10−7 m−2. The clut-
ter is assumed to have a uniform spatial distribution
throughout the surveillance region, as represented by
c(z). Given the unknown target motion model, the
state equation can be formulated as

Xt =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

F1Xt−1 +Uϕt−1, a = 0, ω = 0,

F2Xt−1 +Da+Uϕt−1, a �= 0, ω = 0,

F3Xt−1 +Uϕt−1, a = 0, ω �= 0,

f (Xt−1) +Uϕt−1, a �= 0, ω �= 0.

(29)
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The state equation consists of different models
represented by the first to the fourth rows, corre-
sponding to the CV, constant acceleration (CA), co-
ordinated turn (CT), and nonlinear models, respec-
tively. a = [ax, ay]

T is the acceleration vector, where
ax and ay represent the acceleration components of
the x- and y-coordinate axes respectively. ω is the
angular velocity. F1, F2, and F3 are expressed in
terms of

F1 = F2 =

⎡
⎢⎢⎣

1 0 Tdata 0

0 1 0 Tdata

0 0 1 0

0 0 0 1

⎤
⎥⎥⎦ , (30)

F3 =

⎡
⎢⎢⎢⎣

1 0 sin(ωTdata)
ω

cos(ωTdata)−1
ω

0 1 1−cos(ωTdata)
ω

1−cos(ωTdata)
ω

0 0 cos(ωTdata) − sin(ωTdata)

0 0 sin(ωTdata) cos(ωTdata)

⎤
⎥⎥⎥⎦ .

(31)
The state transition function of the nonlinear

model is denoted by f . Xt−1 and Xt represent the
target states. The control matrix D and process
noise matrix U are given by

D =

⎡
⎢⎢⎢⎣

T 2
data
2 0

0
T 2
data
2

Tdata 0

0 Tdata

⎤
⎥⎥⎥⎦ ,U =

⎡
⎢⎢⎢⎣

T 2
data
2 0

0
T 2
data
2

Tdata 0

0 Tdata

⎤
⎥⎥⎥⎦ .

(32)
The process noise ϕt−1 has a covariance matrix

given by

Qϕ =

[
12 0

0 12

]
. (33)

The measurement equation of the target is

Zt = HXt−1 + η, (34)

where

H =

[
1 0 0 0

0 1 0 0

]
, (35)

η is the measurement noise, and its covariance ma-
trix is

Rη =

[
ξ2x 0

0 ξ2y

]
. (36)

Here, ξx = ξy = 300 m.
The simulation time is 100 s. The sampling pe-

riod Tdata = 1 s. The performance of the tracking

method is evaluated through 500 Monte Carlo simu-
lations. The root mean square error (RMSE) is

RMSEk =

√√√√ 1

NMC

NMC∑
i=1

(qik − q̂ik)
2, (37)

where NMC is the number of Monte Carlo simula-
tions, and qik and q̂ik are the true and estimated
values, respectively.

4.2 Compared methods

The popular model-driven IMM and the data-
driven GPMT are chosen as the comparison meth-
ods. For the proposed method and GPMT, the train-
ing set, measurement data, and noise standard de-
viations are scaled down at the input. The state
estimate vector is upscaled at the output. The scal-
ing is 1

1000 . The training set consists of the first q = 8

measurement data samples. The hyperparameter set
θ =

{
l, σ2

f , σ
2
n

}
is initialized by maximizing the like-

lihood estimator of the training set, where l and σ2
f

are the length scale and kernel variance hyperparam-
eters, respectively. σn = 300 m is the measurement
noise variance hyperparameter. Following each iter-
ation, the oldest data element in the training set is
removed and a new state estimate is added to the
training set. In GPDA, ρ = 0.5.

For IMM, as there is no prior knowledge about
the target motion, a standard combination of models
(CV, CA, and CT) is chosen, which encompasses 31
models (1 CV model, 24 CA models, and 6 CT mod-
els). For the CV and CA models, the acceleration
vector a satisfies

a ∈{[0, 0]T, [0, 10]T, [0,−10]T, [10, 0]T, [−10, 0]T,

[10, 10]T, [10,−10]T, [−10, 10]T, [−10,−10]T,

[0, 20]T, [0,−20]T, [20, 0]T, [−20, 0]T,

[20, 20]T, [20,−20]T, [−20, 20]T, [−20,−20]T,

[0, 40]T, [0,−40]T, [40, 0]T, [−40, 0]T,

[40, 40]T, [40,−40]T, [−40, 40]T, [−40,−40]T
}
.

(38)
The first element in the set corresponds to the

CV model, and the other elements correspond to
the CA models. For the CT model, the set of the
angular velocity w is {5◦,−5◦, 10◦,−10◦, 20◦,−20◦}.
The measurement noise covariance matrix is as pre-
sented in Eq. (36), the model probability is ϑ = 1

31 ,
and the probability transition matrix is given by
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Ptran = 0.5I31 +
0.5
30 (A− I31). All elements within

matrix A have a value of 1, while matrix I31 is a
31st-order identity matrix. The state noise covari-
ance matrix is set as E = 4002I4, while the process
noise matrix is as presented in Eq. (32).

4.3 Results

Fig. 1 presents the tracking results obtained
from the proposed method, demonstrating its abil-
ity to achieve satisfactory tracking performance for
highly maneuvering targets in cluttered environ-
ments. RMSE values of the proposed method,
GPMT, and IMM are depicted in Fig. 2. The mean
RMSE is shown in Table 1. It can be seen that the
proposed method exhibits a clear advantage in po-
sition estimation compared to the GPMT and IMM
methods. Both IMM and GPMT have a poor track-
ing performance. The reason is that the monitored
targets are being highly maneuverable in a clut-
tered environment. Their maneuvering attributes
encompass wider parameter ranges and display rapid
changes. The tracking effectiveness of IMM is con-
strained by the collection of predefined models. The
precision of tracking diminishes when the predefined
model set fails to encompass the complete motion
pattern of the target. IMM is unable to encompass
all the maneuvering modes of highly maneuvering
targets using a predefined set of models.

Furthermore, another crucial factor contribut-
ing to reduced tracking accuracy of IMM and GPMT
is the presence of background clutter. Due to clutter,
prediction errors are magnified, subsequently affect-
ing data association and the state update process.
With the passage of time, errors will progressively
accumulate. To sum up, the poor tracking perfor-
mance of both IMM and GPMT can be primarily
attributed to the presence of clutter and the inherent
constraints of the algorithms. The proposed method
integrates the time-varying CV model into GPMT to
improve the prediction error and attain satisfactory
tracking performance.

However, there is no significant difference be-
tween the three methods in velocity estimation, and
this is attributable to the fact that velocity measure-
ment is derived from the difference in position mea-
surements. However, for highly maneuvering targets,
this method of obtaining velocity measurements may
not yield accurate results. Notably, the proposed
method estimates the elements in the state vector

Fig. 1 True target tracks and position estimates

Table 1 Mean root mean square error

Method x (m) y (m) Vx (m/s) Vy (m/s)

IMM 4622.23 3893.82 242.07 217.04
GPMT 7518.37 7234.40 238.78 243.84
Ours 297.48 297.44 215.36 227.07

Table 2 Processing time

Method Time (s)

IMM 0.0219
GPMT 0.1829
Ours 0.1816

(x, y, Vx, Vy) independently.
The code is executed on a Windows 10 com-

puter with an i7-9750H 2.6 GHz CPU. The Matlab
version is 2020b. Table 2 displays the processing
time involved in the execution of each iteration un-
der each of the methods, that is, IMM, GPMT, and
the proposed method, for a total of 500 Monte Carlo
simulations. The processing time of the proposed
method falls between those of the IMM and GPMT
methods.

5 Conclusions

This paper presents a novel approach for highly
maneuvering multi-target tracking, combining the
strengths of data-driven GP learning and the sta-
bility of the time-varying CV model prediction. The
proposed hybrid-driven method outperforms existing
techniques such as IMM and GPMT under challeng-
ing scenarios involving highly maneuvering targets
in cluttered environments.
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Fig. 2 Root mean square error of the estimated states for targets 1 (a), 2 (b), 3 (c), and 4 (d)

Contributors
Qiang GUO and Long TENG designed the research and

addressed the problems. Long TENG processed the data and

drafted the paper. Yunfei GUO and Tianxiang YIN helped

with the technical information. Xinliang WU and Wenming

SONG helped organize the paper and supervised the study.

Long TENG revised and finalized the paper.

Compliance with ethics guidelines
Qiang GUO, Long TENG, Tianxiang YIN, Yunfei GUO,

Xinliang WU, and Wenming SONG declare that they have

no conflict of interest.

Data availability
The data that support the findings of this study are

available from the corresponding author upon reasonable

request.

References
Aftab W, Mihaylova L, 2020. On the impact of different ker-

nels and training data on a Gaussian process approach
for target tracking. Proc IEEE 23rd Int Conf on Infor-
mation Fusion, p.1-6.
https://doi.org/10.23919/FUSION45008.2020.9190413

Aftab W, Mihaylova L, 2021. A learning Gaussian process
approach for maneuvering target tracking and smooth-
ing. IEEE Trans Aerosp Electron Syst, 57(1):278-292.
https://doi.org/10.1109/TAES.2020.3021220

Da K, Li TC, Zhu YF, et al., 2021. Recent advances in
multisensor multitarget tracking using random finite
set. Front Inform Technol Electron Eng, 22(1):5-24.
https://doi.org/10.1631/FITEE.2000266

Deng LC, Li D, Li RF, 2020. Improved IMM algorithm based
on RNNs. J Phys Conf Ser, 1518:012055.
https://doi.org/10.1088/1742-6596/1518/1/012055

Guo YF, Fan KS, Peng DL, et al., 2015. A modified vari-
able rate particle filter for maneuvering target tracking.
Front Inform Technol Electron Eng, 16(11):985-994.
https://doi.org/10.1631/FITEE.1500149

Guo YF, Tharmarasa R, Rajan S, et al., 2016. Passive
tracking in heavy clutter with sensor location uncer-
tainty. IEEE Trans Aerosp Electron Syst, 52(4):1536-
1554. https://doi.org/10.1109/TAES.2016.140820

Guo YF, Li Y, Tharmarasa R, et al., 2019. GP-PDA filter for
extended target tracking with measurement origin un-
certainty. IEEE Trans Aerosp Electron Syst, 55(4):1725-
1742. https://doi.org/10.1109/TAES.2018.2875555

Guo YF, Li Y, Ren X, et al., 2020a. Multiple maneuvering
extended target tracking based on Gaussian process.
Acta Autom Sin, 46(11):2392-2403 (in Chinese).
https://doi.org/10.16383/j.aas.c180849

Guo YF, Li Y, Xue AK, et al., 2020b. Simultaneous tracking
of a maneuvering ship and its wake using Gaussian
processes. Signal Process, 172:107547.
https://doi.org/10.1016/j.sigpro.2020.107547

Guo YF, Zhu JJ, Zhou S, et al., 2022. A joint model
and data driven track segment association algorithm for
manoeuvring target tracking. IET Radar Sonar Nav,
16(10):1670-1680. https://doi.org/10.1049/rsn2.12288



1656 Guo et al. / Front Inform Technol Electron Eng 2023 24(11):1647-1656

Huber MF, 2014. Recursive Gaussian process: on-line regres-
sion and learning. Patt Recogn Lett, 45:85-91.
https://doi.org/10.1016/j.patrec.2014.03.004

Li TC, Hlawatsch F, 2021. A distributed particle-PHD fil-
ter using arithmetic-average fusion of Gaussian mixture
parameters. Inform Fusion, 73:111-124.
https://doi.org/10.1016/j.inffus.2021.02.020

Li TC, Su JY, Liu W, et al., 2017. Approximate Gaussian
conjugacy: parametric recursive filtering under non-
linearity, multimodality, uncertainty, and constraint,
and beyond. Front Inform Technol Electron Eng,
18(12):1913-1939.
https://doi.org/10.1631/FITEE.1700379

Li TC, Liu ZG, Pan Q, 2019a. Distributed Bernoulli filtering
for target detection and tracking based on arithmetic
average fusion. IEEE Signal Procss Lett, 26(12):1812-
1816. https://doi.org/10.1109/LSP.2019.2950588

Li TC, Chen HM, Sun SD, et al., 2019b. Joint smoothing
and tracking based on continuous-time target trajec-
tory function fitting. IEEE Trans Autom Sci Eng,
16(3):1476-1483.
https://doi.org/10.1109/TASE.2018.2882641

Liu JX, Wang ZL, Xu M, 2020. DeepMTT: a deep learn-
ing maneuvering target-tracking algorithm based on bi-
directional LSTM network. Inform Fusion, 53:289-304.
https://doi.org/10.1016/j.inffus.2019.06.012

Liu XC, Lyu C, George J, et al., 2022. A learning dis-
tributed Gaussian process approach for target tracking
over sensor networks. Proc 25th Int Conf on Informa-
tion Fusion, p.1-8.
https://doi.org/10.23919/FUSION49751.2022.9841315

Pan Q, Ye XN, Zhang HC, 2005. Generalized probability data
association algorithm. Acta Electron Sin, 33(3):467-472.
https://doi.org/10.3321/j.issn:0372-2112.2005.03.021

Rasmussen CE, Williams CKI, 2006. Gaussian Processes for
Machine Learning. MIT Press, Cambridge, USA.

Sun MW, Davies ME, Proudler I, et al., 2020. A Gaus-
sian process based method for multiple model tracking.
Proc Sensor Signal Processing for Defence Conf, p.1-5.
https://doi.org/10.1109/SSPD47486.2020.9272174

Tian WM, Fang LL, Li WD, et al., 2022. Deep-learning-based
multiple model tracking method for targets with com-
plex maneuvering motion. Remote Sens, 14(14):3276.
https://doi.org/10.3390/rs14143276

Wang LP, Zhan RZ, Huang Y, et al., 2021. Joint track-
ing and classification of extended targets with complex
shapes. Front Inform Technol Electron Eng, 22(6):839-
861. https://doi.org/10.1631/FITEE.2000061

Wu WH, Cai YC, Jin HB, et al., 2021. Derivation of the
multi-model generalized labeled multi-Bernoulli filter: a
solution to multi-target hybrid systems. Front Inform
Technol Electron Eng, 22(1):79-87.
https://doi.org/10.1631/FITEE.2000105

Xiong W, Zhu HF, Cui YQ, 2022. Recurrent adaptive ma-
neuvering target tracking algorithm based on online
learning. Acta Aeronaut Astronaut Sin, 43(5):325250
(in Chinese).
https://doi.org/10.7527/S1000-6893.2021.25250

Zhang D, Liu MQ, Zhang SL, et al., 2018. Mutual-
information based weighted fusion for target tracking
in underwater wireless sensor networks. Front Inform
Technol Electron Eng, 19(4):544-556.
https://doi.org/10.1631/FITEE.1601695

Zhang XR, He FH, Zheng TY, 2019. An LSTM-based tra-
jectory estimation algorithm for non-cooperative ma-
neuvering flight vehicles. Proc Chinese Control Conf,
p.8821-8826.
https://doi.org/10.23919/ChiCC.2019.8866249

Zheng Z, Cai SC, 2021. A collaborative target tracking algo-
rithm for multiple UAVs with inferior tracking capabil-
ities. Front Inform Technol Electron Eng, 22(10):1334-
1350. https://doi.org/10.1631/FITEE.2000362

Zhou R, Feng Y, Bin D, et al., 2020. Multi-UAV coopera-
tive target tracking with bounded noise for connectiv-
ity preservation. Front Inform Technol Electron Eng,
21(10):1494-1503.
https://doi.org/10.1631/FITEE.1900617

Zhu Y, Liang S, Wu XJ, et al., 2021. A random finite
set based joint probabilistic data association filter with
non-homogeneous Markov chain. Front Inform Technol
Electron Eng, 22(8):1114-1126.
https://doi.org/10.1631/FITEE.2000209


	Introduction
	Background
	Hybrid-driven highly maneuvering multi-target tracking
	GP modeling
	Hyperparameter optimization
	Prediction
	 Generalized probabilistic data association algorithm
	 Update

	Performance validation
	Testing scenarios and parameter settings
	Compared methods
	Results

	Conclusions


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (sRGB IEC61966-2.1)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /DEU <>
    /ENU <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


