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This paper proposes a state estimation and prediction for tracking guided targets using intent information. A 
conditionally Markov process is used to describe the destination-oriented target motion, and the collision intent 
is incorporated through the zero-effort-miss guidance information. The expected arrival time necessary for the 
conditionally Markov model is determined through the collision geometry and destination motion. Finally, the 
Kalman filter technique is used to estimate and predict the target state. Numerical simulations demonstrate that 
the proposed approach can improve state estimation accuracy in both static and dynamic destination cases.
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 Introduction

Target tracking is essential in many applications, ranging from 
rveillance to autonomous navigation. A crucial aspect of target track-
g is the development of an accurate state-space model that can cap-
re the target behavior and enable the prediction of its future trajectory 
]. A stochastic process is commonly used to mathematically describe 
e target model; however, there is an inevitable mismatch with the 
tual target in the modeling process. This discrepancy may lead to in-
curate trajectory prediction state estimation errors. In general, the 
tents of most guided objects, such as autonomous vehicles, are pre-
anned, and such objects are controlled by specific maneuvers. Conse-
ently, it is challenging to capture their complex motion using simple 
nematic models such as those based on constant velocity (CV), con-
ant acceleration, and constant turning. State estimation based on these 
odels may not yield the precise trajectory estimate required for effec-
e target tracking.
The motion of objects can be more accurately predicted by incorpo-
ting the information of their intents into the target motion model. 
any researchers have attempted to determine the intent expressed 
 objects of interest [2–7]. In general, the intent of the target can 
 expressed in terms of the destination or guidance mode [2,3]. The 
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destination represents where the target aims to go, and the guidance 
mode indicates how the object will behave in its quest for reaching the 
destination while satisfying the pre-designated flight plan. The guid-
ance law determines the trajectory for a flight mode while satisfying 
a specific flight maneuver. The guided motion defines the shape and 
characteristics of the target trajectory. Owing to these characteristics, 
the destination and target movements are correlated with the future 
target position, and their contextual information can be used to capture 
the target behavior [8,9] and estimate trajectories [10–19].

For systematically accommodating the destination intent in tar-
get dynamic modeling, several researchers have attempted to estab-
lish destination-driven state-space models. For example, the Ornstein–
Uhlenbeck (OU) process has been used to derive destination-driven 
target model. This stochastic process model includes a mean-diverting 
component such that the resultant state-space model tends to exponen-
tially drift from the given initial states toward the mean values [20]. 
The spatial information of the destination is incorporated to build math-
ematical model, and several mean-reverting models can be extended 
to generalize the destination-driven model [21,12,18]. However, this 
approach requires stationary system matrices and their destination com-
ponent. Moreover, because the state transition depends on the system 
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rameters, they must be optimally selected to establish an effective 
rrogate model [21].
Alternatively, the conditionally Markov (CM) process can be used to 
scribe the destination-directed target motion in a more generalized 
amework [22–26]. CM sequences consist of three components, i.e., 
e initial distribution, terminal distribution, and transition probabil-
. Unlike the Markov process, the CM process requires the destination 
stribution with final time information a priori, and the state evolution 
 then evaluated as the state transition probability conditioned on the 
evious states and destination states. Furthermore, unlike the OU pro-
ss model, the CM process model includes the effect of the temporal 
pendency of the endpoint on the current state. Specifically, the end-
int information encompasses temporal information in terms of the 
al time-to-arrival, and thus, the effects of the endpoint from the final 
e to the current state transition can be considered in the state-space 
odel. Consequently, the CM process model can be applied when the 
mporal information is available a priori. Several researchers [23,25]
ve shown that the CM process contains the Markov process (MP), re-
procal process (RP) [27,23,28,29], and Markov bridge [13–15]. The 
stination-driven target motion modeled by CM sequences has been ex-
nded to state estimation [26], multiple waypoint tracking [25], and 
ided target tracking [30].
Despite considerable research, the existing CM-based approaches 
hibit several limitations. First, only a few models simultaneously con-
der the guidance mode and destination in trajectory prediction. Rezaie 
d Rong Li [26] described the destination-aware motion using the CM 
ocess. However, the path was predicted under the assumption that 
e target moves with constant velocity to reach the destination. In this 
se, the target motion derived by the CV model may not accurately 
present the guidance-specific motion, especially when the target aims 
 intercept an object. Second, target models based on the CM process 
ve not yet been explored for moving destinations. Rezaie and Rong 
 [30] proposed an approach to model a guided target that pursues 
moving destination. The destination-driven model derived by the CM 
ocess was modified to simultaneously address the destination and tar-
t motions. This approach is effective when the target pursues a slowly 
oving destination. However, the modified CM process requires full in-
rmation of terminal states, and the formulated sequence favors only 
il-chase engagement.
Considering these aspects, this study aims to develop an intent-
iven trajectory prediction approach against hostile targets. The intent 
formation is assumed to be known in terms of destination and guid-
ce. Motivated by the work of Rezaie and Rong Li [26], we formulate 
e target state-space model by the CM process. To reflect the guidance 
formation, the guided target motion is derived by the predictive guid-
ce law, which has been widely applied and noted to be compatible 
ith other guidance schemes such as proportional navigation and opti-
al guidance laws [31–36]. Moving destinations are considered, and a 
edictive concept used in guidance schemes is used. A predicted inter-
pt point (PIP) and the arrival time instance are specified. The guided 
rget motion takes the PIP as the destination and uses the arrival time 
formation to ensure that the derived target model can be interpreted 
 the CM process model. State estimation and trajectory prediction are 
alized using the Kalman filter theory.
The contributions of this study can be summarized as follows. First, a 
nstructive approach reflecting the movement of the destination from 
e perspective of the CM process is established. The instantaneous col-
ion geometry allows us to specify the terminal destination and arrival 
e. In contrast to the existing model [30], which follows an instant 
stination that is consistently moving, the proposed target model fol-
ws a predicted impact point as its stationary destination. Second, the 
oposed approach provides an intent-driven target model by accommo-
ting guidance and destination intents for precision estimation. Unlike 
e CV-based model [30], the proposed model is derived using the guid-
ce information in the form of a zero-effort-miss (ZEM)-based law, 
2

signed to arrive at the destination through a predictive concept. More an
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portantly, the guidance information based on the predicted geometry 
lps specify the expected arrival time, which is not known a priori. By 
corporating the temporal information, the resulting target model com-
ies with the CM process and exhibits better estimation performance 
an the CV-based models in the guided target tracking scenario. The 
rformance improvements over the existing approach [30] are clearly 
monstrated in trajectory prediction tasks with both head-on and tail-
ase engagement scenarios.
The remaining paper is organized as follows. Section 2 presents the 
eoretical background as preliminary information. Section 3 describes 
e benchmark approaches for modeling the destination-directed tra-
ctory (DDT) for target tracking. Section 4 describes the proposed 
ate estimation filter, modeling of the ZEM-based guided target in the 

 formulation, and trajectory prediction for moving destinations. Sec-
n 5 presents the simulation results. Section 6 presents the concluding 
marks and highlights the scope for future work.

 Preliminaries

1. CM process

We consider a stochastic process that incorporates the destination 
formation in generating stochastic sequences. The following notation 
 used throughout the paper.

𝑘]
𝑗

𝑖
= {𝐱𝑖,𝐱𝑖+1,⋯ ,𝐱𝑗}, [𝐱𝑘] = [𝐱𝑘]𝑁0 , 𝐙𝑘 = {𝐳1, 𝐳2,⋯ , 𝐳𝑘},

here 𝐱𝑘 ∈ℝ𝑝 represents the 𝑝-dimensional state variables, and 𝐳𝑘 ∈𝐑𝑞

presents the 𝑞-dimensional observation output variables. Subscript 𝑘
notes the current time instance, and 𝑁 denotes the final time in-
ance. When the endpoint distributions are given, a proper stochastic 
ocess that describes the endpoint-directed motion must be estab-
hed. In this study the CM process is used to describe the motion, 
hich can be defined as follows:

efinition 1 (Definition of a CM sequence [27]). [𝐱𝑘] is 𝐶𝑀𝑐 , 𝑐 ∈ [0, 𝑁], 
∀𝑖 ∈ [0, 𝑁],

(𝐴,𝐵|𝐱𝑖,𝐱𝑐 ) = 𝑃 (𝐴|𝐱𝑖,𝐱𝑐)𝑃 (𝐵|𝐱𝑖,𝐱𝑐) (1)

here 𝐴 ∈ 𝜎([𝐱𝑘]𝑁𝑖+1∖{𝐱𝑐}) and 𝐵 ∈ 𝜎([𝐱𝑘]𝑖−10 ∖{𝐱𝑐}); 𝜎(⋅) on set 𝑋 repre-

nts a collection Σ of subsets of 𝑋. Moreover, 𝐶𝑀𝑐 is termed 𝐶𝑀𝐿

hen the endpoint 𝐱𝑐 is selected to be 𝐱𝑁 .

By definition, the boundary 𝐱𝑐 can be considered as either the initial 
int 𝐱0 or endpoint 𝐱𝑁 . In this study, we consider the CM process 
 be driven only by the endpoint 𝐱𝑁 . According to the definition for 
e 𝐶𝑀𝐿 sequences, the endpoint distribution 𝐱𝑁 explicitly influences 
e evolution of the sequence 𝐱𝑘 for 𝑘 ∈ [1, 𝑁 − 1]. Using (1), the state 
ansition probability under the 𝐶𝑀𝐿 sequences is

𝐱𝑘|[𝐱𝑖]𝑘−10 ,𝐱𝑁 ) =
𝑝(𝐱𝑘, [𝐱𝑖]𝑘−20 |𝐱𝑘−1,𝐱𝑁 )

𝑝([𝐱𝑖]𝑘−20 |𝐱𝑘−1,𝐱𝑁 )

=
𝑝(𝐱𝑘|𝐱𝑘−1,𝐱𝑁 )𝑝([𝐱𝑖]𝑘−20 |𝐱𝑘−1,𝐱𝑁 )

𝑝([𝐱𝑖]𝑘−20 |𝐱𝑘−1,𝐱𝑁 )
= 𝑝(𝐱𝑘|𝐱𝑘−1,𝐱𝑁 )

(2)

The key difference between MP and CM pertains to the appearance 
 the 𝐱𝑁 term in the state transition probability.
Using the state transition probability, the linear state-space model 
scribed by the CM process with zero mean nonsingular Gaussian 
MNG) noise w𝑘 can be obtained as follows.

eorem 1. [24] A ZMNG [𝐱𝑘] is 𝐶𝑀𝐿 iff it satisfies

=𝐺𝑘,𝑘−1𝐱𝑘−1 +𝐺𝑘,𝑁𝐱𝑁 +𝐰𝑘 (3)
d boundary condition
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=𝐰𝑁, 𝐱0 =𝐺0,𝑁𝐱𝑁 +𝐰0 (4)

here 𝐰𝑘 ∼ (0, 𝐺𝑘) and (𝐺𝑘,𝑘−1, 𝐺𝑘,𝑁 ) represent state transition matrices.

Several researchers have investigated the properties of the CM pro-
ss through a comparison with other stochastic processes, i.e., MP and 
 [27,23,24]. The results highlighted an inclusive relation between 
ese processes: 𝑀𝑃 ⊂𝑅𝑃 ⊂ 𝐶𝑀 , which indicates that the CM process 
 the most generalized among those processes [24]. Another advantage 
 using the CM process is that the influence of the terminal state on the 
rrent state evolution can be clarified.

2. Equations of motion

Consider the planar motion of a vehicle shown in Fig. 1. The vehicle 
oves from the initial position to the pre-specified goal point. The pla-
r motion between two objects can be described in the discrete-time 
ate-space form as

𝑘

𝑘

]
=
[
𝐼 Δ𝑡𝐼
0 𝐼

][
𝐩𝑘−1
𝐯𝑘−1

]
+
[

0
Δ𝑡𝐼

]
𝐚𝑘 +𝐰𝑘 (5)

here 𝐩𝑘 = [𝑝𝑥, 𝑝𝑦]𝑘 and 𝐯𝑘 = [𝑣𝑥, 𝑣𝑦]𝑘 represent the position and velocity 
ctors, respectively. 𝐚𝑘 = [𝑎𝑥, 𝑎𝑦]𝑘 is the acceleration, considered to be 
control variable, and 𝐰𝑘 is the process noise. The state variables 𝐱𝑘 =
𝑥, 𝑝𝑦, 𝑣𝑥, 𝑣𝑦]′𝑘 use the position and velocity vectors to describe the state 
ansition model (3). The destination and guidance law are assumed to 
 provided as intents from intent inference [3,4]. Thus, the following 
nditions are established.

• (AS1) The target is assumed to move with awareness of its desti-
nation. The position of the destination is known in terms of the 
prior distribution, whereas the terminal time 𝑡𝑓 and velocity 𝐯𝑓 are 
unknown.

• (AS2) The target chases the destination with a specific guidance 
mode. The guidance command 𝐚𝑘 uses the terminal position infor-
mation in updating the current path to reach the desired destina-
tion.

e abovementioned conditions clarify the target tacking scenario con-
dered in this study. Usually, the goal point of the target 𝐩𝑓 is provided 
priori through the destination information, and its arrival time and 
locity at which the target arrives are rarely given. Considering this 
pect, AS1 can sufficiently reflect the practical situation. AS2 defines 
e model information that affects the state transition probability. The 
sulting state-space model can belong to the CM process model. Note 
at the absence or inaccuracy of intent information can impede track-
g performance. To address such cases, an intent inference procedure 
n be incorporated before intent-driven state estimation, which allows 
r the inference of the target’s intent in cases where this information 
 missing or imprecise. For the measurement model, the position of the 
rget is defined as [12,26]

=𝐻𝐱𝑘 + 𝐯𝑘, 𝐻 =
[
1 0 0 0
0 1 0 0

]
, 𝐯𝑘 ∼ (0, 𝑉𝑘) (6)

e objective of this study is to use the state/measurement models to 
timate the target state.

 Destination-directed guided trajectory modeling: benchmark 
proaches

This section describes two existing approaches for modeling the 
stination-directed target formulated by the CM process, which does 
t contain a guided mode in target motion. Section 3.1 describes 
e Markov-induced 𝐶𝑀𝐿 model [24], derived from the relationship 
tween the MP and CM process, for a target chasing a stationary desti-
tion. Section 3.2 introduces a modified 𝐶𝑀𝐿 model [30] based on the 
3

arkov-induced 𝐶𝑀𝐿 model for a target chasing a moving destination. [2
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Fig. 1. Geometric representation.

1. Markov-induced 𝐶𝑀𝐿 model for stationary destination

For DDT modeling, the 𝐶𝑀𝐿 parameters (3) must be appropriately 
t. Unlike the conventional dynamic model based on the Markov as-
mption, the 𝐶𝑀𝐿 parameters cannot be directly determined in the 
namic equation form because they should be determined in relation 
 the conditional probability density function 𝑝(𝐱𝑘|𝐱𝑘−1, 𝐱𝑁 ). Rezaie 
d Rong Li [24] proposed a Markov-induced 𝐶𝑀𝐿 model to design 
rameters (𝐺𝑘,𝑘−1, 𝐺𝑘,𝑁 , 𝐺𝑘) based on two assumptions: (i) The mo-
n follows the nearly CV model driven by the MP, and (ii) the joint 
igin and destination density is known. According to (i), the nearly CV 
odel takes the linear state-space form from the origin 𝐱0 ∼ (𝜇0, 𝐶0) to 
∼ (𝜇𝑁 , 𝐶𝑁 ) when the conditional transition is marginalized with 
as

=𝑀𝐱𝑘−1 +𝐰𝑀
𝑘

(7)

here 𝐰𝑀
𝑘

∼ (0, 𝑄), and the state transition matrix 𝐹 is defined as

=
[
𝐼 Δ𝑡𝐼
𝟎 𝐼

]
,𝑄 = 𝑞

[
Δ𝑡3
3 𝐼

Δ𝑡2
2 𝐼

Δ𝑡2
2 𝐼 Δ𝑡𝐼

]
(8)

here 𝐼 is an identical 2 × 2 matrix, and 𝟎 is the 2 × 2 zero matrix. 
e covariance matrix considering the cross-correlation between the 

igin and destination is 𝐶 =
[

𝐶0 𝐶0,𝑁
𝐶𝑁,0 𝐶𝑁

]
. Using Bayes’s rule, the lin-

r state-transition model (7) can be converted to the 𝐶𝑀𝐿 model, i.e., 
) as [24]

=𝐺𝐶𝑉
𝑘,𝑘−1𝐱𝑘−1 +𝐺𝐶𝑉

𝑘,𝑁
𝐱𝑁 +𝐰𝑘

= 𝜇0 +𝐺0,𝑁 (𝐱𝑁 − 𝜇𝑁 ) +𝐰0

= 𝜇𝑁 +𝐰𝑁

(9)

here the matrices are calculated to represent the evolution law (7) in 
rms of 𝐶𝑀𝐿 as

𝐶𝑉
𝑘,𝑘−1 = (𝐼 −𝐺𝑘,𝑁𝑀𝑁−𝑘)𝑀, 𝐺𝐶𝑉

𝑘,𝑁
=𝐺𝑘(𝑀𝑁−𝑘)′𝐶−1

𝑁|𝑘
𝐶𝑉
𝑘

=
(
𝑄−1 + (𝑀𝑁−𝑘)′𝐶−1

𝑁|𝑘𝑀𝑁−𝑘
)−1

,

|𝑘 =
𝑁−1∑
𝑛=𝑘

𝐹𝑁−𝑛−1𝑄(𝑀𝑁−𝑛−1)′

(10)

fter determining the parameters, the boundary covariance matrices 
0, 𝐺0,𝑁 , 𝐺𝑁 ) can be selected from the initial distribution matrix 𝐶 as

0,𝑁 = 𝐶0,𝑁𝐶−1
𝑁

, 𝐺𝑁 = 𝐶𝑁, 𝐺0 = 𝐶0 −𝐶0,𝑁𝐶−1
𝑁

𝐶 ′
0,𝑁 (11)

ote that every Markov sequence is 𝐶𝑀𝐿, and 𝐱𝑘 has the same evolu-
n law but an arbitrary boundary condition. The 𝐶𝑀𝐿 model with the 
rameter-selection process is termed the Markov-induced 𝐶𝑀𝐿 model 

4].
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2. Markov-induced guided target model for moving destination

This section describes the benchmark approach for deriving a DDT 
odel when the destination is moving [30]. If a target is chasing a mov-
g object, the moving object can be considered the destination of the 
rget. Let 𝐝𝑘 = [𝑝𝑑

𝑥
, 𝑝𝑑

𝑦
, 𝑣𝑑

𝑥
, 𝑣𝑑

𝑦
] represent the destination state variables. 

ssuming that the destination motion follows the MP, the state transi-
n model of the destination can be expressed as

=𝐺𝑑
𝑘,𝑘−1𝐝𝑘−1 +𝐰𝑑

𝑘

=𝐻𝐝𝑘 + 𝐯𝑑
𝑘

(12)

here [𝐰𝑑
𝑘
] represents white Gaussian noise with zero mean. For sim-

icity, we assume that the destination follows the CV model, i.e., 
𝑑
𝑘,𝑘−1 = 𝑀 . The position vector is chosen as the observation for the 
stination, in accordance with the considered scenario.
Combining (9) with (12), Rezaie and Rong Li [30] derived a new 

ate-space model for guided targets by modifying the Markov-induced
𝑀𝐿 model as

𝑘 =𝐺
𝐶𝑉 ,𝑥

𝑘,𝑘−1𝐱𝑘−1 +𝐺
𝐶𝑉 ,𝑑

𝑘,𝑘−1𝐝𝑘−1 +𝐰𝑘 (13a)

𝑘 =𝐺𝑑
𝑘,𝑘−1𝐝𝑘−1 +𝐰𝑑

𝑘
(13b)

= 𝐝𝑁 +𝐰𝑁 (13c)

sing this model, 𝐱𝑘 is updated by assuming that 𝐝𝑘−1 is stationary, i.e., 
fixed destination, and 𝐝𝑘 is updated by the Markov sequence. Notably, 
is approach has several drawbacks. The derived target dynamics re-
ires full information of the terminal states. The unspecified terminal 
nditions 𝑡𝑓 , (𝑣𝑥𝑓 , 𝑣𝑦𝑓 ) affect the estimation performance, similar to the 
ationary case. More importantly, the state estimation uses the destina-
n information of the previous step, which cannot accurately reflect 
e motion especially when the destination motion is significant. In 
rticular, the state equation accommodates the destination velocity 
mponents in 𝐝𝑘−1, which inherently causes the state estimate to gen-
ate a tail-chase like trajectory of the target.

 Proposed approach for guided trajectory prediction

This section describes the proposed approach for the state estimation 
 a guided target whose dynamics is driven by the guidance mode 
scribed in AS2. Section 4.1 describes the state transition modeling 
sed on predictive guidance, which belongs to the category of 𝐶𝑀𝐿. 
ction 4.2 describes the PIP calculation and determinations of terminal 
nditions considering the destination motion. Section 4.3 discusses the 
tering and prediction of the target states using the estimation theory.

1. ZEM-based guided-target model

The predictive guidance concept in terms of the ZEM is used to de-
ribe the guided target motion: The collision path is corrected based 
 the predicted collision geometry to ensure that the target pursues 
e PIP 𝐩𝑃𝐼𝑃 to reach the destination at the predicted time of arrival 
= Δ𝑡𝑁 . These guidance laws are introduced as they are consistent 
ith AS1 and AS2 and compatible with the proportional navigation 
idance (PNG) law with navigation gain 𝐾 , which can describe the 
neric guided trajectories. Given that the final time instance 𝑁 and fi-
l position 𝐩𝑃𝐼𝑃 are known, the ZEM vector is defined as the expected 
spersion from the destination when no corrective action is taken:

𝐌𝑘 = 𝐩𝑃𝐼𝑃 − 𝐩𝑘−1 − 𝐯𝑘−1𝑡𝑔𝑜 (14)

here the time-to-go 𝑡𝑔𝑜 represents the time remaining until arrival at 
e destination and satisfies 𝑡𝑔𝑜 = 𝑡𝑓 − 𝑡 =Δ𝑡(𝑁 − 𝑘). The guidance com-
and is then given by [31]

𝐾 𝐾 ( )

4

=
𝑡2
𝑔𝑜

𝐙𝐄𝐌𝑘 =
𝑡2
𝑔𝑜

𝐩𝑃𝐼𝑃 − 𝐩𝑘−1 − 𝐯𝑘−1𝑡𝑔𝑜 (15)
pr
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Fig. 2. Geometric definition of ZEM against moving destination.

here 𝐾 denotes the guidance gain. When 𝐾 = 3, the predictive guid-
ce is equivalent to the ZEM guidance, which corrects a path in terms 
 the predictive error in an energy-optimal manner [33,37]. By substi-
ting (15) into (5) along with 𝐱𝑃𝐼𝑃

𝑁
= [𝐩𝑇

𝑃𝐼𝑃
, 𝐯𝑇

𝑃𝐼𝑃
]𝑇 , the guided-target 

odel can be derived as

𝑘

𝑘

]
=

[
𝐼 Δ𝑡𝐼

− 𝐾

Δ𝑡(𝑁−𝑘)2 𝐼 𝐼 − 𝐾

𝑁−𝑘 𝐼

][
𝐩𝑘−1
𝐯𝑘−1

]

+

[
0 0
𝐾

Δ𝑡(𝑁−𝑘)2 𝐼 0

][
𝐩𝑃𝐼𝑃
𝐯𝑃𝐼𝑃

]
+𝐰𝑘

∶=𝐺𝑍𝐸𝑀
𝑘,𝑘−1 𝐱𝑘−1 +𝐺𝑍𝐸𝑀

𝑘,𝑁
𝐱𝑃𝐼𝑃
𝑁

+w𝑘

(16)

e zero entries in 𝐺𝑁,𝑘 indicate that the terminal velocity 𝐯𝑓 is not 
cessarily specified for this model as it does not contribute to the state 
olution. An initial guess can be arbitrarily selected for the unspecified 
to convert the closed-loop system into the CM process model. In 
ntrast, the terminal time 𝑡𝑓 and 𝑁 appearing in the state transition 
odel must be properly specified to ensure that the state-space model 
rresponds to the CM process.
For a moving destination, the target motion is separate from the 
stination motion as the transition model does not directly depend on 
e destination states. The correlation between these two motions is 
nsidered by the reaching condition 𝐩𝑁 = 𝐩𝑑

𝑁
= 𝐩𝑃𝐼𝑃 . The equations of 

otion can thus be rewritten as

• Target motion

x𝑘 =𝐺𝑍𝐸𝑀
𝑘,𝑘−1 x𝑘−1 +𝐺𝑍𝐸𝑀

𝑁,𝑘
x𝑃𝐼𝑃
𝑁

+w𝑘 (17a)

p𝑁 = p𝑃𝐼𝑃 + w̃𝑁 (17b)

• Destination motion

d𝑘 =𝐺𝑑
𝑘,𝑘−1d𝑘−1 +w

𝑑
𝑘

(18a)

p𝑑
𝑁
= p𝑃𝐼𝑃 + w̃𝑑

𝑁
(18b)

emark 1. This model has two key differences with the formal guided 
rget model [30]: First, d𝑘−1 appearing in (13a) is replaced by the PIP 
ctor x𝑃𝐼𝑃

𝑁
as the goal point of the target. In effect, the proposed tar-

t model tends to approach the quasi-stationary point, i.e., the PIP 
int, instead of the consistently moving destination. Therefore, the 
ate-space model (17) corresponds to the 𝐶𝑀 process, which ensures 
nsistency with the theoretical foundation and justifies the extensibil-
 of the proposed estimation for cases with stationary and moving 
stinations. Second, the proposed target model with (𝐺𝑍𝐸𝑀

𝑘,𝑘−1 , 𝐺
𝑍𝐸𝑀
𝑁,𝑘

)
flects the characteristics of the closed-loop dynamics guided by the 

edictive guidance schemes. The guided target model entails the col-
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ion intent with the destination and can thus better reflect the target 
asing moving objects in head-on and tail-chase geometries.

emark 2. The terminal velocity is unspecified, according to AS1, and 
e ZEM-based guided target dynamics are derived in accordance. If 
e terminal velocity is known a priori, the guided target dynamics can 
 derived based on the generalized vector explicit (ZENEX) guidance 
5], which expresses the closed-loop system in the zero-effort-velocity 
EV) form. By introducing the ZEV variable 𝐙𝐄𝐕 = 𝐯𝑓 − 𝐯(𝑡) with the 
undary condition 𝐯(𝑡𝑓 ) = 𝐯𝑓 , we obtain the optimal control command 
d corresponding closed-loop system as

𝑚𝑑 =
𝐾1
𝑡2
𝑔𝑜

𝐙𝐄𝐌−
𝐾2
𝑡𝑔𝑜

𝐙𝐄𝐕 (19)

NEX guidance is equivalent to ZEM/ZEV guidance when (𝐾1, 𝐾2) is 
osen to be (6, 2).

𝑘+1

𝑘+1

]
=

[
𝐼 Δ𝑡𝐼

− 𝐾1
Δ𝑡(𝑁−𝑘)2 𝐼 𝐼 − (𝐾1−𝐾2)

𝑁−𝑘 𝐼

][
𝐩𝑘
𝐯𝑘

]

+

[
0 0

𝐾1
Δ𝑡(𝑁−𝑘)2 𝐼 − 𝐾2

𝑁−𝑘 𝐼

][
𝐩𝑓
𝐯𝑓

]
+𝐰𝑘

∶=𝐺𝑍𝐸𝑁𝐸𝑋
𝑘+1,𝑘 𝐱𝑘 +𝐺𝑍𝐸𝑁𝐸𝑋

𝑁,𝑘
𝐱𝑃𝐼𝑃
𝑁

+𝐰𝑘

(20)

not known, vector 𝐯̂𝑓 must be appropriately estimated. A potential 
proach is to recursively update the terminal values as the desired 
ming direction shown in Fig. 1. The target directly pursues the desti-
tion with the desired velocity, which can be defined as

= 𝑉 [cos𝜆, sin𝜆] (21)

2. PIP calculation

To consider the destination motion in target estimation, it is neces-
ry to estimate the destination state. The intercept position can also be 
edicted in this stage as the interception occurs over the future desti-
tion trajectory. To calculate the terminal time index 𝑡𝑓 and 𝑁 , the 
P is estimated in destination motion. Specifically, p𝑃𝐼𝑃 is obtained 
 assuming that the two objects are moving at constant speed in a 
n-maneuvering manner on the collision course. Using the confirmed 
P, the target estimation is realized considering the target motion (17). 
nsider the collision geometry used in the ZEM formulation shown in 
g. 2. 𝑉 and 𝑉𝐷 represent the current speeds of the target and destina-
n, respectively. 𝛾𝐷 denotes the heading of the destination, defined by 
= tan−1(𝑣𝑑

𝑦
∕𝑣𝑑

𝑥
). 𝛾∗ is the desired heading to achieve the collision ge-

etry. Using the sine formula and 𝑟 = ||𝐩𝑑
𝑘
− 𝐩𝑘|| = ||𝐻(𝐝𝑘 − 𝐱𝑘)||, the 

lation between the incident angles forming the collision geometry can 
 expressed as [31,38,39]:

𝑉

n(𝛾𝐷 − 𝜆)
=

𝑉𝐷

sin(𝛾∗ − 𝜆)
=

||𝐻(𝐝𝑘 − 𝐱𝑘)||
𝑡𝑔𝑜 sin(𝛾𝐷 − 𝛾∗)

= 𝐶 (22)

 solving (22), the desired heading 𝛾∗ can be obtained as 𝛾∗ = 𝜆 +
−1

(
𝑉𝐷

𝐶

)
. The time-to-go for arriving at the PIP, 𝑡𝑔𝑜, and terminal 

e index estimates 𝑁̂ can be explicitly obtained as

𝑜 =
||𝐻(𝐝𝑘 − 𝐱𝑘)||
𝐶 sin(𝛾𝐷 − 𝛾∗)

, 𝑁̂ = 𝑘+ 𝑟𝑜𝑢𝑛𝑑

(
𝑡𝑔𝑜

Δ𝑡

)
(23)

Once 𝑁 is specified, p𝑃𝐼𝑃 can be computed by propagating the mov-
g destination from the current state to the predicted terminal incident 
by assuming that the destination is moving at a constant velocity.

𝐼𝑃 =𝐻𝐺𝑐𝑣
𝑘,𝑁
d𝑘 =

[
𝐼 𝟎

] [𝐼 𝑡𝑔𝑜𝐼

𝟎 𝐼

][
𝐩𝑑
𝑘

𝐯𝑑
𝑘

]
= 𝐩𝑑

𝑘
+ 𝑡𝑔𝑜𝐯𝑑𝑘 (24)

here 𝐺𝑐𝑣
𝑘,𝑁

denotes the state transition matrix considering the constant 
5

eed motion. By augmenting a slack vector for the terminal velocity 𝐺
Aerospace Science and Technology 143 (2023) 108713

, the PIP state vector 𝐱𝑃𝐼𝑃 = [𝐩𝑃𝐼𝑃 , 𝐯𝑓 ] is obtained and used in the 
ate estimation and prediction.

emark 3 (ZEM-Based Guided Target for Stationary Destination. [30]). If 
e target is chasing a stationary destination, the PIP 𝐩𝑃𝐼𝑃 is deduced 
 𝐩𝑓 known a priori. The time-to-go 𝑡𝑔𝑜 and terminal time instance 𝑁
n be calculated as

𝑜 =
||𝐩𝑓 − 𝐩𝑘||||𝐯𝑘|| cos𝜎, 𝑁 = 𝑘+ 𝑟𝑜𝑢𝑛𝑑

(||𝐩𝑓 − 𝐩𝑘||||𝐯𝑘||Δ𝑡 cos𝜎
)

(25)

here 𝜎 is the lead angle defined by the deviation from the line-of-sight 
gle to the heading angle 𝜎 = 𝛾 − 𝜆.

3. Filtering for state estimation and prediction

Kalman filtering is applied for a linear minimum mean square error 
timator to yield the target state and destination estimates.

3.1. Target state estimation
After computing the PIP, the state estimator predicts the target tra-

ctory from the current time 𝑘 to the terminal instance 𝑁 for the future 
stination. Let 𝐬𝑘 = [𝐱𝑘, 𝐱𝑃𝐼𝑃 ] be the augmented state variable. The 
ate transition model can be expressed in the following Markov-like 
rm:

𝐬𝑘 =𝐺𝑠
𝑘,𝑘−1𝐬𝑘−1 +𝐰𝑠

𝑘

𝑠
𝑘,𝑘−1 =

[
𝐺𝑥
𝑘,𝑘−1 𝐺

𝑥𝑃𝐼𝑃
𝑘,𝑁

𝟎4 𝐼4

]
, 𝑐𝑜𝑣(𝐞𝑠

𝑘
) =𝐺𝑠

𝑘
=
[
𝐺𝑘 𝟎4
𝟎4 𝟎4

]
𝐳𝑘 = 𝐻̄𝑘𝐬𝑘 + 𝐯𝑘

𝐻̄𝑘 =
[
𝐼 𝟎 𝟎 𝟎

]
, 𝑐𝑜𝑣(𝐯𝑘) = 𝑉𝑘

(26)

here 𝐼4 and 𝟎4 denote the 4 × 4 identity and zero matrices, respec-
ely. As the state transition (26) is described in a linear form, the 
ate predictive density 𝑝(𝐬𝑘|𝐙𝑘−1) = (𝐬̂𝑘|𝑘−1, 𝑃𝑘|𝑘−1) and its a priori es-
ates are obtained as

|𝑘−1 =𝐺𝑠
𝑘,𝑘−1 𝐬̂𝑘−1|𝑘−1,

|𝑘−1 =𝐺𝑠
𝑘,𝑘−1𝑃𝑘−1(𝐺𝑠

𝑘,𝑘−1)
𝑇 +𝐺𝑠

𝑘

(27)

 the measurement update step, the observation predictive density 
llows the Gaussian distribution 𝑝(𝐳𝑘|𝐙𝑘−1) = (𝐳̂𝑘|𝑘−1, 𝑃𝑚

𝑘|𝑘−1), and its 
timates are

|𝑘−1 =𝐻𝑘 𝐬̂𝑘|𝑘−1, 𝑃 𝑚
𝑘|𝑘−1 = 𝐻̄𝑘𝑃𝑘|𝑘−1𝐻𝑇

𝑘
+ 𝑉𝑘 (28)

e state posteriori and covariance matrix can be calculated as

|𝑘 = 𝐬̂(𝑖)
𝑘|𝑘−1 +𝐾𝑘(𝐳𝑘 − 𝐳̂𝑘|𝑘−1), 𝑃𝑘 = 𝑃𝑘|𝑘−1 −𝐾𝑘𝑃

𝑚
𝑘|𝑘−1(𝐾𝑘)𝑇 (29)

here 𝐾ℎ and the covariance matrix are obtained as

𝑘 = 𝑃𝑘|𝑘−1𝐻̄𝑇
𝑘
(𝑃𝑚

𝑘|𝑘−1)−1. Finally, the state estimates and its covariance 
atrix can be defined as

=
[
𝐼4 𝟎4

]
𝐬̂𝑘, 𝑃𝑘 =

[
𝐼4 𝟎4

]
𝑃𝑘

[
𝐼4 𝟎4

]𝑇
(30)

 a similar manner, the state prediction and its covariance matrix for 
< 𝑡 <𝑁 can be obtained as

𝑘 =𝐺𝑠
𝑡|𝑘 𝐬̂𝑘 (31)

|𝑘 =𝐺𝑠
𝑡|𝑘𝑃𝑘

(
𝐺𝑠
𝑡|𝑘
)𝑇

+𝑄𝑡|𝑘 (32)

here 𝐺𝑠
𝑡|𝑘 and 𝑄𝑡|𝑘 are calculated as

𝑠

𝑡−1∏ 𝑡−1∑
𝑠 𝑠

(
𝑠

)𝑇
𝑡|𝑘 =
𝑖=𝑘

𝐺𝑖+1,𝑖, 𝑄𝑡|𝑘 =
𝑖=𝑘

𝐺
𝑡|𝑖+1𝐺𝑖

𝐺
𝑡|𝑖+1 (33)
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3.2. Destination state estimation
To estimate the destination state, the state-space model is governed 

 the MP. Using (18), the Kalman filter is applied to yield the destina-
n estimates.

|𝑘−1 =𝐺𝑑
𝑘,𝑘−1𝐝̂𝑘−1, 𝑃 𝑑

𝑘|𝑘−1 =𝐺𝑑
𝑘,𝑘−1𝑃

𝑑
𝑘−1

(
𝐺𝑑
𝑘,𝑘−1

)𝑇

+𝐺𝑑
𝑘

(34)

|𝑘−1 =𝐻 𝐝̂𝑘|𝑘−1, 𝑃 𝑚𝑑
𝑘|𝑘−1 =𝐻𝑃𝑑

𝑘|𝑘−1𝐻𝑇 + 𝑉 𝑑
𝑘

(35)

𝑘 = 𝐝̂𝑘|𝑘−1 +𝐾𝑑
𝑘
(𝐳𝑑

𝑘
− 𝐳̂𝑑

𝑘|𝑘−1), 𝑃 𝑑
𝑘
= 𝑃 𝑑

𝑘|𝑘−1 −𝐾𝑑
𝑘
𝑃𝑚𝑑
𝑘|𝑘−1(𝐾𝑑

𝑘
)𝑇 ,

𝑑
𝑘
= 𝑃 𝑑

𝑘|𝑘−1𝐻𝑇 (𝑃𝑚𝑑
𝑘|𝑘−1)−1 (36)

here 𝐺𝑑
𝑘
and 𝑉 𝑑

𝑘
represent the process and measurement noise covari-

ce matrices, respectively.

 Numerical simulation

Numerical simulations are performed to validate the proposed tar-
t estimation. We consider a planar engagement scenario, in which a 
rget is expected to intercept stationary and moving destinations. The 
e step for the process update is set as Δ𝑡 = 0.05(20𝐻𝑧). The initial 
nditions of the target are chosen as

= 300𝑚∕𝑠, 𝛾0 = 30◦, 𝐩0 = [0,0], 𝐩𝑓 = [7000,0]

e PNG law is used to guide the target motion trajectory. The target 
nematics are expressed as

= −𝑉0 cos(𝛾 − 𝜆) + 𝑉𝑑 cos(𝛾𝑑 − 𝜆)

=
𝑉0
𝑟
sin(𝛾 − 𝜆) +

𝑉𝑑

𝑟
sin(𝛾𝑑 − 𝜆)

=
𝑎𝑐𝑚𝑑

𝑉0
, 𝑎𝑐𝑚𝑑 = 3𝑉0𝜆̇

(37)

 estimate the target, the intent-driven target dynamic model is used. 
e filter parameters including the initial covariance matrices are de-
ed as

𝑘 ∼ (0,𝐺𝑘), 𝐺𝑘 =𝐺𝑑
𝑘
=

⎡⎢⎢⎢⎢⎣
0.0002 0 0.0050 0

0 0.0002 0 0.0050
0.0050 0 0.2000 0

0 0.0050 0 0.2000

⎤⎥⎥⎥⎥⎦
(38)

v(𝐱0) = 𝐶0 = 𝑑𝑖𝑎𝑔{10,10,100,100},

v(𝐱𝑓 ) = 𝐶𝑓 = 𝑑𝑖𝑎𝑔{10,10,100,100},

v(𝐱0,𝐱𝑓 ) = 𝟎4

(39)

r the measurement model, the position of the target is defined.

=
[
1 0 0 0
0 1 0 0

]
𝐱𝑘 + 𝐯𝑘, for 𝑘 ∈ [1,𝑁𝑇 ], 𝑉𝑘 = 𝑉 𝑑

𝑘
=
[
100 0
0 100

]
(40)

otably, the measurement update considerably affects the estimation 
curacy [40]. The update rate depends on the target tracking scenario. 
 high update rate can be set using a high-performance sensor that uses 
l its resources to track a simple target. In contrast, a longer time inter-
l may be required for the measurement updates if the tracking target 
 complex or there are multiple targets. To investigate the influence of 
e update rate on the estimation accuracy, the update rate is decreased 
om 10 Hz to 1 Hz. [41]
Hundred runs of Monte Carlo simulations are performed for each 
enario. The average root-mean-square error (RMSE) and standard de-
ation (Std) are used to statistically evaluate the performance.

𝑣𝑒𝑟𝑔𝑒𝑅𝑀𝑆𝐸 = 𝜇 = 1
𝑁∑ 𝑀∑√

𝑒2 + 𝑒2 (41)
6

𝑝𝑜𝑠 𝑝𝑜𝑠
𝑁𝑀

𝑖=1 𝑗=1
𝑥 𝑦 ta
Aerospace Science and Technology 143 (2023) 108713

𝑡𝑑𝑅𝑀𝑆𝐸 =

√√√√√ 1
𝑁𝑀 − 1

𝑁∑
𝑖=1

𝑀∑
𝑗=1

(√
𝑒2
𝑥
+ 𝑒2

𝑦
− 𝜇𝑝𝑜𝑠

)2
(42)

here 𝑀 = 100 is the number of trials for Monte Carlo simulations. 
oreover, 𝑒𝑥 = 𝑝𝑥 − 𝑝̂𝑥 and 𝑒𝑦 = 𝑝𝑦 − 𝑝̂𝑦 represent the position error from 
e actual target position.

1. Scenario 1: State estimation of a guided target chasing a stationary 
stination

The target guided by the PNG law pursues a stationary destination 
, and the proposed algorithm aims to track the target. For compar-
on, two target models are considered in the tracking simulation: the 
arkov model, which describes the constant velocity motion derived 
 the MP [42]; and the Markov-induced 𝐶𝑀𝐿 model in (9), which de-
ribes nearly constant velocity motion to reach the destination [26]. 
cause the Markov-induced 𝐶𝑀𝐿 model is required specify the final 
e instance 𝑁 , we set three values in the simulation: true final time 
= 24𝑠 and two incorrect values of 𝑡𝑓 = 30𝑠, 20𝑠.
Fig. 3 shows the trajectories and estimate errors when the mea-
rement sampling time is set as 0.2 s (5 Hz). The target moves to 
e destination with constant speed and reaches it at 𝑡𝑓 = 24𝑠. Among 
e considered models, the proposed model yields the smallest estima-
n error during the tracking period shown in Fig. 3-(b). The proposed 
ethod incorporates the guidance information in the target model and 
us yields a more accurate estimate than the benchmark approaches 
at use the simple CV model. In addition, the time-to-go calculation 
 every state update step adequately corrects the final time parameter 
, which helps enhance the accuracy of the proposed model. In com-
rison, the trajectory using the MP exhibits large deviations from the 
ue target and irregular responses. The trajectory error increases when 
e target is maneuvering and decreases when the target exhibits linear 
otion. The model mismatch leads to increased errors in the coasting 
ase, and thus, repeated corrections are performed during the mea-
rement update. The estimation performance of the Markov-induced
𝑀𝐿 model depends on the terminal time specified. When the final 
e instance is accurate, the estimation errors are decreased, and this 
odel outperforms the Markov model, as shown in Fig. 3-(b). How-
er, when the target model takes an incorrect value of the final time 
stance, the estimation accuracy drastically increases. When the termi-
l time is less than the actual time, i.e., 𝑡𝑓 = 20 < 24 s, the estimator 
nnot update the state estimates after the time exceeds the specified 
rminal time. As shown in Fig. 3-(b), the estimation error consider-
ly increases in this case. When the specified terminal time is larger 
an the true instance, the produced state estimates tend to approach 
e destination slower than the actual target. Thus, the estimation er-
r is larger than that of the proposed algorithm. These results indicate 
at the temporal information is crucial for obtaining accurate state es-
ates using the CM process model. Table 1 summarizes the statistical 
sults. The RMSE and Std increase for all methods as the measurement 
date becomes less frequent. This tendency is consistent with reported 
sults [41]. The performance is severely degraded in the case of a low 
date rate, especially when the benchmark models are used. Never-
eless, the proposed method provides the highest estimation accuracy 
ith the smallest RMSE and consistent performance.

2. Scenario 2: State estimation/prediction of a guided target chasing a 
oving destination

The guided target pursues a destination moving with constant veloc-
. For comparison, we consider three existing target models.
The Markov and Markov-induced 𝐶𝑀𝐿 models are considered, as 

 the previous stationary destination scenario. Note that the Markov-
duced model does not consider the destination motion itself. To ad-
ess this problem, the model is modified such that the target model 

kes the current destination position in every measurement update 
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Fig. 3. Simulation results for Scenario 1: State estimation (Update: 5 Hz). The blue-solid line representing the proposed approach offers more accurate state estimation 
compared to the Markov model, depicted by the red-colored line. The tracking performance of the Markov-induced approach, indicated by the dashed line, is highly 
dependent on the selection of the terminal time 𝑡𝑓 .

Table 1

Result: RMSE (Scenario 1).
Proposed Markov [42] Markov-induced 𝐶𝑀𝐿 [26]

𝑡𝑓=24 s (true) 𝑡𝑓=30 s 𝑡𝑓=20 s

Mean Std Mean Std Mean Std Mean Std Mean Std

10 Hz 3.997 2.592 20.157 9.543 6.224 3.240 56.962 48.084 172.18 188.88

5 Hz 4.362 2.078 40.853 22.923 7.404 3.915 74.432 63.04 198.83 215.75

2 Hz 6.904 4.321 109.46 68.599 10.954 6.328 104.410 85.178 245.08 261.19

1 Hz 8.137 5.366 249.75 137.00 13.161 7.896 132.72 108.73 282.33 289.99

Table 2

Comparative target models.
Proposed Markov [42] Markov-induced 𝐶𝑀𝐿 [26] Markov-induced guided target [30]

Target dynamics ZEM guidance CV nearly CV nearly CV

State-space model (17)–(18) (7) (9)–(11) (13)

Stochastic process CM Markov CM CM-like

Intent Dynamic destination, guidance - Static destination Dynamic destination
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ithout considering the destination motion and corrects the goal point 
 the model. The third benchmark approach is the Markov-induced
ided target model [30] designed for moving destinations. The sim-
ation results for Scenario 1 indicate that when the specified final time 
proaches the actual value, accurate trajectory estimation is achieved 
 the CM process. Thus, we first perform the simulation for the pro-
sed method. Next, we select 𝑡𝑓 for the Markov-induced models as 
ing close to the actual value. Two sub-scenarios are specified to eval-
te the estimation performance. Other characteristics of the target 
odels are summarized in Table 2.

2.1. Scenario 2-1: State estimation in head-on engagement
Fig. 4 shows the simulation results for the head-on scenario. The pro-
sed approach outperforms the benchmark approaches in the tracking 
enario. Compared with the Markov-induced 𝐶𝑀𝐿 model, the proposed 
rget model accounts for guided behavior driven by the ZEM law. 
e guidance information effectively characterizes the collision mo-
n by the true target and yields a more accurate state estimation. In 
mparison, the Markov and Markov-induced guided target [30] show 
nsiderable estimation errors, as shown in Fig. 4-(a). In particular, the 
timated trajectory using the guided target model is greatly distorted 
ar the destination. The current destination in (13)-(a) confines the 
rminal velocity direction of the target to coincide with that of the 
rrent destination, owing to which, the Markov-induced guided target 
odel exhibits limited dynamic representation. Table 3 summarizes the 
7

SEs pertaining to different measurement update rates. For the bench- (3
ark approaches, the statistical results deteriorate significantly as the 
date rate decreases. In contrast, the proposed target model provides 
liable state estimations even with a low update rate.

3. Scenario 2-2: Trajectory prediction in tail-chase engagement

Trajectory prediction is performed for a scenario in which the target 
acks the destination from behind. For the prediction, the measurement 
 updated up to 𝑡 < 20, and the prediction is performed to produce 
|𝑁𝑇

for 𝑘 >𝑁𝑇 , where 𝑁𝑇 = 20∕Δ𝑡 = 400 is the time step at which the 
ediction is initiated.
Fig. 5 shows the simulation results. The proposed target model out-
rforms the benchmark models in terms of the prediction accuracy. 
l benchmark methods exhibit significant tracking errors. The Markov 
odel forecasts the trajectory based on the tangential velocity direc-
n at the latest measurement update and thus deviated from the actual 
rget. The Markov-induced 𝐶𝑀𝐿 model generates the predicted trajec-
ry to the destination measured at 𝑡 = 20 s, as the destination motion 
 not considered in the prediction. The Markov-induced guided target 
odel generates the path such that the target reaches the actual destina-
n. However, the path is aligned with the destination path. The target 
odel instantaneously specifies the terminal velocity coinciding with 
e destination, causing the predicted trajectory to converge the target 
 the expected destination and move along as the destination is in mo-
n. In contrast, the proposed model predicts the destination through 

4)–(36) and also estimates the PIP. The trajectory shows that the tar-
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Fig. 4. Simulation result for Scenario 2-1: State estimation in head-on interception (Update: 5 Hz).

Table 3

Result: RMSE (Scenario 2-1).
Update Rate Proposed Markov [42] Markov-induced guided target [30] Markov-induced 𝐶𝑀𝐿 [26]

Mean Std Mean Std Mean Std Mean Std

10 Hz 5.865 4.188 18.750 6.088 258.31 144.88 21.025 19.437

5 Hz 6.455 2.982 37.07 13.595 325.60 181.55 32.410 26.163

2 Hz 10.70 6.306 92.391 46.994 428.42 247.18 60.991 40.787

1 Hz 12.869 9.655 172.67 111.86 507.15 302.93 94.832 54.681

Fig. 5. Simulation result for Scenario 2-2: Trajectory prediction in tail-chase engagement (Update: 5 Hz).
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in
t moves toward the PIP instead of the estimated current destination. 
e guidance information properly reflects the target model, thereby 
suring that the predicted path is consistent with the actual target path 
 the prediction period. This result indicates that the proposed estima-
n is superior to the benchmarks approaches in describing the target 
hose aim is to intercept moving objects in head-on and tail-chase en-
gements.

 Conclusions

This paper proposes a novel method for estimating the trajectory of 
ided targets by using the intent information. The intent-driven tar-
t model is derived on the CM process. The ZEM-based guided target 
presents the hostile intent of colliding with the destination. The PIP 
 adequately considered in the guided target motion for the moving 
8

stination. Kalman filtering is introduced to yield the target state es- th
ates and predicted trajectory. The predicted trajectory ensures that 
e target pursues the PIP instead of the current destination. The results 
 simulation studies demonstrate that the proposed approach outper-
rms the benchmarks in trajectory estimation and prediction. Intent 
ference and advanced target modeling, such as the use of a multiple-
odel approach, nonlinear filtering, and machine learning methods, 
n be integrated into the proposed approach to enhance and refine tar-
t estimation. The proposed intent-driven trajectory prediction model 
n facilitate air-traffic monitoring and target tracking systems for mis-
le defense.
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