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Abstract

This paper presents a destination and time-series inference algorithm for tracking moving targets. The destination of the
object is considered the intent, and inference and state estimation are performed in the Bayesian framework. To describe
the destination-aware target motion, we construct the state transition model using a conditionally Markov process. We
introduce a multiple model to achieve simultaneous intent and time-series inferences. Given finite destination candidates,
the maximum a posteriori hypothesis is chosen as the destination. For time-series inference, local estimates obtained from
Kalman filters are fused to yield target state estimates. To address unspecified terminal conditions, the proposed algorithm
incorporates parameter correction techniques based on relative geometry. Numerical simulations are performed to validate

the proposed inference algorithm.

Keywords Intent inference - Conditionally Markov process - Target tracking - Multiple model adaptive estimation -

Bayesian inference - Kalman filtering

1 Introduction

Destination inference has garnered considerable attention
in recent years as it can enable better understanding of the
object behavior and enhance pattern recognition, thereby
supporting informed decision-making. The destination
helps clarify the object intent and expected future behavior,
thereby enabling more accurate state estimations. In general,
destination inference involves selecting the most probable
intent within a finite set of destination candidates collected
a priori. The intent inference problem has been investi-
gated using probabilistic approaches based on estimation
theory [1-4], the Bayesian inference framework [5-7], pat-
tern matching [8, 9], and machine learning techniques [10,
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11]. In addition, intent inference has been extended to many
applications, such as surveillance [9], air-traffic control [2, 3,
10], human—machine interaction [4, 11, 12], and intelligent
interactive displays [5, 6, 13].

Considering the inferred destination, time-series infer-
ence requires sophisticate modeling of the target motion.
This type of inference is aimed at estimating the object’s
current and future trajectory over time. The inferred desti-
nation provides information regarding the future goal point,
which can be used to infer the time-series of the target more
accurately. To incorporate destination information into time-
series inference, destination-driven dynamic modeling is
necessary. Unlike the Markov process (MP), the destination-
driven dynamic model generally consists of the destination
component in addition to the initial distribution and evolu-
tion law, enabling more accurate tracking by incorporating
the expected future information into the current estimates.
However, the destination-driven dynamic model requires
a generalized stochastic process that exhibits non-causal
properties, as the destination implies the future position of
the object. Several stochastic processes, such as reciprocal
process (RP) [14—-17], Markov bridge [6], and conditionally
Markov process (CMP) [15, 18-21], have been developed
to address these non-causal properties.

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s13272-024-00763-5&domain=pdf

S. Lee, H.-S. Shin

Intent inference and state estimation have been exten-
sively studied. In [1, 2], hybrid state estimators using an
interactive multiple model (IMM) filtering were proposed.
Moreover, state estimation has been achieved using Markov
process models for finite flight modes, with destination infer-
ence and state estimation simultaneously performed by com-
puting the likelihood between the target’s velocity vector
and destination. However, these studies primarily focused on
the flight mode inference for state estimation, and the des-
tination information was not directly incorporated into the
inference. Other researchers [5, 6] incorporated the destina-
tion information into the dynamic model for Bayesian intent
inference. Reference [5] used an Ornstein—Uhlenbeck (OU)
process to build the state transition probability, with destina-
tion inference performed by sequentially calculating the like-
lihoods via the multiple model adaptive estimator (MMAE).
Reference [6] derived the RP model as the state transition
probability using the Markov bridge. MMAE-based filters
capture the influence of the endpoint on the dynamic model
and have been noted to be effective in human—machine inter-
action tasks. However, the Markov-bridging model in [6]
assumes that the initial distribution is independent of the
terminal distribution, which may be inconsistent with the
Markov nature of the transition density. To apply a more
generic model that includes such a correlation, it is nec-
essary to describe the dynamic model with a general and
constructive framework.

In this context, CMP can suitably address the destination
and time-series inference in a constructive and generalized
manner. Stochastic sequences based on CMP consist of three
components: initial distribution, terminal distribution, and
transition probability. The principle of CMP is that the state
evolution can be described as the state transition probabil-
ity conditioned on the current state and endpoint. Several
studies [15, 20] have demonstrated that CMP is a more gen-
eral process than MP and RP. Moreover, a Markov-induced
dynamic model can properly describe destination-oriented
motion [19], and a Kalman filter can be implemented for
state estimation based on CMP models [21]. Although CMP
models have been recently extended to a series of waypoint
tracking target estimation tasks [20], intent inference based
on CMP has not been extensively explored.

Building upon the work of [19-21], this study is aimed
at extending CMP-based time-series inference to simultane-
ously address the intent and time-series inference problems.
Specifically, we propose a destination and time-series infer-
ence algorithm based on CMP, with the effective manage-
ment of unspecified parameters in the modeling process.
For intent inference, a destination is considered the intent
of the object, and the Bayesian inference framework is used
to estimate the intended destination by choosing the maxi-
mum posterior probability density from a finite set of candi-
dates. For each candidate destination, the destination-driven
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state transition model is formulated using the CMP. Thus,
the state transition model based on the CMP can accurately
describe more general destination-driven target motion in
time-series inference, outperforming the Markov-bridging
model outlined in Ref. [6]. To incorporate the arrival time
and terminal velocity as critical components of the CMP
model, we introduce a recursive estimation process for ter-
minal values before the time-series inference step, thereby
easing the dependence on the prior distribution for state esti-
mation. Consequently, the proposed intent inference process
yields reliable destination and state estimates.

The main contributions of this study can be summarized
as follows. First, we develop intent and time-series infer-
ence algorithms using a general class of destination-aware
models via CMP. The CMP-based intent inference can cap-
ture more general destination-aware motion than the exist-
ing approaches based on MP and RP. Second, the recursive
parameter update strategy in time-series inference can suit-
ably manage undetermined parameters present in terminal
states by considering the instantaneous relative geometry.
This treatment can alleviate the dependency on the accuracy
of prior distributions, thereby improving destination infer-
ence as well as time-series estimation.

The remaining paper is organized as follows. Section 2
provides preliminary results for CMP along with MP and
RP. Based on this mathematical background, the intent
inference algorithm is proposed, as outlined in Sect. 3. To
demonstrate the effectiveness of the proposed algorithm, a
numerical study is performed, and the results are discussed
in Sect. 4. Section 5 presents the concluding remarks and
provides recommendations for future research.

2 Preliminaries

This section provides a preliminary and mathematical basis
for describing destination-aware motion based on stochastic
processes. Definitions of key stochastic processes, such as
MP, RP, and CMP, are introduced, and several useful proper-
ties, such as the inclusive relations between these processes,
are presented. The destination-aware dynamical model is
introduced based on the stochastic process presented in [19].

2.1 Definitions and preliminaries

Throughout this study, the following notation is used to
describe the sequences of state variables:

j N
F= X ox ) g = g

Various stochastic processes can be used to represent state
sequences. In this section, we briefly review several stochas-
tic processes with important properties.
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Lemma1 [19][x,] is Markov iﬁ”F(éil[xk]Z)) = F(&lx)Vj <,
V& € R", where F(:|-) denotes the conditional cumulative
distribution function.

Lemma 2 [16] [x;] is RP iﬁF(é‘ink}i , [xk]f’) = F(&|x;, x)
Vi<i<lel[0,N], V¢ € R

Lemma 3 [19] [x] is CM, if and only if
F(éil[xk]] ’xc) = F(ézlxpxc) V] < l € [OaN]a véz € Rn‘

In particular, the concept of CM; is applied when c in
CM., is designated as the endpoint N. Unlike MP, RP and
CMP exhibit non-causal properties suitable for describ-
ing destination-aware motions. RP can be character-
ized by a three-point distribution, where the conditional
probability density function (PDF) depends on its adja-
cent points. In contrast, CMP, especially in the context
of CM,, realizes stochastic sequences based on both the
endpoint and previous point. The PDF in CM; satisfies
Pl 618" xy) = py |, xy). Based on this relation-
ship, the CM; sequence can be generated through the fol-
lowing steps: (i) generate endpoint states from the den-
sity p(xy,xy) and (ii) sequentially update the states using
PO Xy Xy)

(D) = P([xk]gl_l Iy )p(xy)
= p([xk]]lv_l x> Xp )P (o | xp )P (i)

N-1
= (Hp(xilxi—lva))p(xolxN)p(xN)~

i=1

ey

The inclusive relationships between MP, RP, and CMP
have been previously investigated [14, 15, 19]. Rezaie and
Li [20] identified the properties of stochastic processes in
the context of CM;. As indicated in these studies, suppose
sequence [x; ] is a zero-mean nonsingular Gaussian (ZMNG).
The dynamic model based on (1) can be expressed as

Theorem 1 [20] A ZMNG [x,]is CM, if and only if it satisfies
X = Gy 1%y + G yxy + € 2)
with boundary condition

Xy = ey, Xo = Goyxy + ¢, (€)]

where e, ~ N0, Q) and (Gy;_,, G, y) represent state transi-
tion matrices.

Based on (2) and (3), the following theorems clarify how
the CM; model becomes a reciprocal (Markov) process as

Theorem 2 [20] A ZMNG [x,] is reciprocal if and only if it
satisfies (2) with (3) and

—1 _ —1
G Gre = G;<+1,ka+1Gk+l,c' “@
Moreover, a ZMNG [x;] is Markov if and only if it satisfies
2)-4) and

Gy Gow = G146y G- )

These theorems indicate that CM; is a more general process
than RP and MP, i.e., MP C RP C CM,.

2.2 Markov-induced CM, model

This section describes the destination-aware dynamic model
introduced in [21]. The modeling process requires the follow-
ing assumption.

Assumption 1 The initial and terminal state probability den-
sities are assumed to be known in prior as x, ~ M, Cy) to
Xy ~ A/'(,“N, CN)'

Using this assumption, consider a (nearly) constant velocity
. . . — T
model in two-dimensional space x; = [p,, Pys Vs vy] B

Xy = ka_l + Wi_1» (6)

where w,_; ~ MO0, 0), and state transition matrix F is given
by

I At e
F= 0=q| 2 2 | @)
[0 ! ] [AT’ZI Adl

where [ is an identical 2-by-2 matrix, and 0 is a 2-by-2 zero
matrix. The covariance matrix is established considering the
cross-correlation between the origin and destination as
C = Co Con

Cvo Cy
X, to x), with evolution law (6) can be re-expressed in terms
of a Markov-induced CM; model [19] as

. Then, the dynamic model evolving from

X = G Xm1 + Gryxy + ¢
Xo = Ho + Gon(y — Hy) + € 8)
Xy = Uy t+ ey,
where the matrices are calculated to represent the evolution
law (7) in terms of CM;, as
GO,N = CO,NC_I’ GN = CN’ GO = CO —_ CO,NC]:/ICE),N
Gppt = Uy = Gy FYF
Gk,N — Gk(FN_k)/C;,lk
Gk — (Q—l + (FN_k),CXIIkFN_k)_l
N-1
Cle — Z FN_n_lQ(FN_n_l),,
n=k

®
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where I, denotes the 4-by-4 identity matrix. Detailed deriva-
tions of the state-transition matrices can be found in [19].
Figure 1 shows the sample paths generated by dif-
ferent stochastic sequences, where parameters
for the initial and terminal distributions are set as
U = [2000, 70, 5000, 01%, p, = [80000, 70,7000, 0]* and

. 100 1 100 1
omcema [P

The MP paths expand from the initial location and rarely
reach the designated goal point. In contrast, sample paths
using the CMP disperse in the space after around (30,000,
6000) to satisfy the terminal condition and eventually reach
the designated goal location. The CMP incorporates termi-
nal information and approaches the goal point more effec-
tively. Notably, the final time N significantly influences the
trajectories of RP and CMP sequences. In Fig. 1b, consider-
able speed variations can be observed in CMP sequences,
aimed at satisfying the boundary conditions. Trajectories
driven by the CMP are shaped, while the target reaches the
designated destination in accordance with the speed varia-
tion. CM; paths were generated with two specified terminal
times. It is observed that sample paths with identical termi-
nal times exhibit similar patterns, while different terminal
times result in distinct velocity profiles. This result indicates
that the terminal incident N is properly determined to accu-
rately estimate the target behavior during the entire tracking
period, and accurate terminal time estimation is crucial, par-
ticularly when such information is not provided in advance.
If the terminal time is not known in prior, approximation
methods must be used to appropriately estimate or adjust
the terminal parameter.

89— —cm,
Markov

79 Origin |
—_ Destination
E s000 .
=

5000 &= q

4000 L L T L L L L L

0

v_(m/s)

0 200 400 600 800 1000 1200

3 Bayesian approach for destination
and time-series inference

This section describes the design of our intent and time-
series inference process for moving objects. To address the
inference problem, we use the multiple model approach
based on MMAE [22-24]. The following assumptions are
introduced.

Assumption 2 aset of destinations g € G = {g1, g?, ... g®}
and the corresponding location information set
D= {d(l),d(z), ,d(l)}, d? e R? are given, where [ is the
number of destination candidates.

Assumption 3 The true intent g is invariant and has a mode
space S that is time-invariant and identical to the time-invar-
iant finite model set G.

Assumptions 3 and 4 indicate that the true intent exists
within the candidate set and does not change during maneu-
vers. Using these assumptions, the intent inference problem
can be interpreted as the selection of the maximum posterior
probability pg) = p(g"®;Z,) among the candidate set, given
the observed data Z, = [z, 25 ... » 2"

gk = arg max p;:)a
8€g

(10)

where superscript (i) corresponds to the mode variables.

Note that the estimated intent ¢ has the argument & in its
subscript, because the maximum mode may change depend-
ing on the observed data Z,. Furthermore, state estimation is
regarded as a means of time-series inference

8000

7000 EEL L J

6000
— — —CM_
Markov
Origin
Destination

5000

4000
0

v, (m/s)

(a) Trajectories and velocity in z direction (b) Trajectories and velocity in z direction

(T = 1200 s)

(T = 700 s)

Fig. 1 Sample paths based on different stochastic sequences (blue: Markov-induced CM, ; red: CV model (MP))
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(@) » (t)
Zf’ 1)

The MMAE-based filter is designed to obtain the posterior
probability p( and state estimates X A(’) for each destination
2. We construct multiple models for each destination. State
estimation is performed using the MMAE filter as a means
of time-series inference. Section 3.1 presents an approach
to address the undetermined terminal conditions using the
relative geometry. Section 3.2 describes the filtering strategy
for time-series inference, and Sect. 3.3 discusses destination
inference using the Bayesian framework.

3.1 Recursive correction of undetermined terminal
parameters

In general, the final time instance Iy and N should be known
or estimated through a prior distribution. As mentioned in
Sect. 2.2, the CMP model requires terminal conditions. Con-
sidering Assumptions 1 and 3, the termlnal mean u(') for

— (d(l) (l))
v(’) (’) and N, are parameters to be deter—
p

each destination mode can be represented as u

where v(')

mined. To address the undetermined parameters, Ref. [6]
adopted a quadrature rule to marginalize out 7, on the condi-
tional PDF, which requires parallel calculation of multiple

Kalman filters(KFs) for each quadrature point tj=1,. N,

In addition, v;)

is assumed to be known along with the ter-
minal position for each destination. However, the discrep-
ancy of these parameters at the destination may lead to per-
formance degradation of the intent inference.

To address this limitation, this study proposes a recur-
sive correction of terminal constraints to update the endpoint
distributions. Given destination d® = [d?, a’;")], the relative
distance r, line-of-sight angle A, and current speed V can be
calculated as

10 = 3@~ po? + @ —py 2.

) d(i) —Dyk
A(l) - tan_l Y (12)

d(l) px k

— 2 2
V= ‘/vx’y TV

Note that state values p, ;, py . vy, and vy, are used to cal-
culate values in (12) when these are available. Considering
that the true states are unavailable, we can substitute the
state estimates X, into (12) to obtain the parameters. When
the moving target has a constant speed, the desired motion
of the CV model is to move toward the destination by align-
ing its heading with the destination, which coincides with
the line-of-sight (LOS). In this respect, the ideal heading

angle Vf deal

and the instantaneous geometry with the destination as

is considered in terms of the current speed V

0]

=() _ vx,f,ideal
fiideal — ‘_}(i)
y.f.ideal (]3)
_ [Veos2®
| Vsin A®
Using (13), the terminal velocity vector ['(’) (l,)f] can be

recursively corrected as

-0 _ =0 (1) —(l)
Verk = Voot OO e = Vg )

=@ (t) G _(1)
Virk = Vg1 T “(Vy,f,ideal Vof k= 1

(14)

where (v(’) p® )k represent the terminal velocity parameters
recurswely updated at the current step k, and (v(’) o N
denote the parameters from the previous stepk — 1. € [0, 1]
is the design parameter for the recursive update. The bar
notation implies that the updated values will be used as the
mean, and the terminal velocity V}(,i) is selected at every time
instant k by the probability distribution, which has the mean
and covariance

Vi ~ M@ 0052, (15)

where %, / is the covariance matrix.

For determining the terminal time, the ideal time-to-go
is considered as the desired motion of the target, described
by a constant velocity model directly heading toward the
destination. By the definition ff = fgo + ¢, and ¢ is the cur-
rent time instant, the ideal terminal time can be expressed
as

. (i)
1 e = rV +1. (16)
Finally, the recursive update for the terminal time can be
expressed in the similar form shown in (14)

2 _ 40 (l) ()
tf =Ly l+a<f1deal . 1) a7

)
Lk
in the discrete time domain N, are selected by considering
=)

Similar to (15), the terminal time ¢,, and terminal incident

uncertainty around the updated value 7 Oy with the following
probability distribution:

D
£ ~ NG 6%, N = round 2 t (18)

where o, is the covariance, and At is the time step for
discretization.
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Remark 1 The recursive update with a non-zero value for «
enables a seamless transition from the previous parameters
to the current ones, because of its mathematical formulation.
When « is set to 0, the parameter estimate relies entirely on
the initial setting, and the update revolves around this mean
due to the influence of covariance (Eq. (14)). This approach
may result in inaccurate estimation, particularly when the
initial guess is incorrect. On the other hand, when « is set to
1, the update is primarily driven by the instantaneous geom-
etry. Setting a value between 0 and 1 for a effectively acts as
a low-pass filter, facilitating a smooth shift from the previous
parameters to the input derived from the current geometry.
This adjustment offers robust performance, mitigating errors
associated with the initial setting and estimation.

Remark 2 Among the two unknown parameters, inaccu-
rate temporal information has a greater impact on estima-
tion accuracy. When the actual terminal time deviates from
the predefined range, the estimation filter tends to over- or
under-estimate the target state, resulting in significant esti-
mation errors near the destination. Compared to the temporal
parameter, inaccurate terminal velocity may show marginal
impact on estimation performance. In scenarios where the
terminal velocity or speed is unknown, one approach is to
configure a relatively large covariance in the initial distribu-
tion of the terminal velocity and accommodate uncertainty.
Bayesian filtering can adapt the initial error covariance.
However, this adaptation may result in slower convergence
and a reduced utilization of the CM property. The proposed
recursive correction of terminal parameters based on instan-
taneous geometry can be beneficial, especially when the tar-
get abruptly changes its heading toward the destination. This
alignment of the terminal velocity direction with the current
velocity direction quickly adjusts the heading intent in the
destination-directed motion, leading to enhanced estimation
accuracy.

3.2 Filtering for time-series inference

State-augmentation based filtering is used for time-series
inference of destination-aware object motion [21]. An aug-
mented state variable y, = [x;,xy]" is introduced. Then, the
state transition model can be expressed in the linear form as

Vi =Gy € (19)

where cov(e}) = G, and

G G
y kk-1 GkN
Gl = [ %,
(20)
G = Gy 04
k 0, 0,

@ Springer

where 0, denote the zero matrix, and (Gy;_;, Gy, Giyy)
defined in (9) are used to build the state transition model.
Because the evolution law is described in a linear form,
the state predictive density and its priori estimates (for
i=1,...,1) are obtained as

p(y([)lzk l) _J\[(y(l)lygl)k 1’2/(<l|)k 1)

) P A OIN()]

Yik-1 = OipmiVeliper 2D
(i) V(1) (@) V(D) \T Y

i = G B (G ) + G

Moreover , the observation z; = [p,, py]]{ can be expressed
in the state space form z; = H,y, + v;, where

H,=[1000]. (22)

Then, the observed predictive density and its estimates can
be described as

i D) mm (D)
P&z, (l))Nledk 1> Zigesr)
~@@) _ @)
Tkt = Hidpys (23)
mm, (i) __ (i) T
Zk|1<—1 _szklk (Hi + Ry

The state posteriori for each mode i can be calculated as

@) _ 5@ T rmm,(i)y—1

K =X H e Z))

N0} N 0] A0

Vi = Vepr T K @ =20 (24
) _ @O (i) (@)

Lo = — KHZ -

Finally, the state estimates can be obtained as
_ (O (z) (@) A(z)
Z Pk Z P [, 0,] Yrike 25)

where p,(:) is the mode probability to be determined as
described in the next section.

3.3 Destination inference

The key principle of intent inference is to calculate the mode
probabilities based on Bayesian inference

P 2 p(g?1Z)  p(Z, 18" )p(g™), (26)

where p(Z,|g®?) is the likelihood, and p(g'?) is the prior dis-
tribution of the destination. Without knowledge of any prior
information, the prior function can be intuitively set as the
uniform distribution p(g®”) = 1/1. In this case, the MAP is
equivalent to the maximum likelihood problem. Prediction
error decomposition yields the likelihood expressed in the
recursive form

p(Z |g(i)) = p(ZlZi_ys g(i))P(Zk—l |g(i))~ 27
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Using Eq. (26), the likelihood can be recursively calculated.
After updating the likelihood, the posterior probability is
normalized to evaluate the mode probability

p(i) _ p(Zk|g(i))p(g(i))
O Y oea PZg)p(e?)

(28)

The overall flow of the destination and time-series inference
using MMAE is presented as Algorithm 1.

Algorithm 1 Intent and time-series inference via MMAE

procedure MAP(", g )y
Input: p(g?) (priors), d® (intended goal point) i =1,--- 1
nitialize 30,2, (80 0, 5 0, 5))
for each observation at time instants k =1,--- ;N do
for all Intent candidate i =1,---,[ do ) ) )
Update mean values of terminal parameters (551)“ 735/1)“ #;l)
using Eqgs. (14) and (17)
Calculate parameters for terminal conditions v(f7),C and
(t(;)ANf(Lz) using Egs. (15), and (18)
Calculate state matrices Gzi,(;zl,(}z'm using Eq. (20)
Calculate ;17,(&,?2’_1 and Z;’i)k_l using Eq. (21)
Calculate 2,(;&_71 and ka‘zl;(f) using Eq. (23)

Calculate likelihood Zif) = p(zk| Z—1,9?) and Lif) = p(Zk|g™)
Calculate unnormalized posterior probability p(g(?|Zy)
Calculate U)(;\L and EEJ) using Eq. (24)

end for

i 5(g(
Calculate normalized posterior probability p(") = Pz

kT p(99 Zk)
Store estimated intent g = arg max e cg pgj)

Store estimated states g = Zl p,(;)y,(‘llgC
end for

return g = {g1, -+, gn} " ¥ {41, I~}
end procedure

4 Numerical simulation

Numerical simulations are performed to validate the pro-
posed inference algorithm. In the simulation scenario, a
single target is moving from an origin (0, 0) with constant
speed V; = 10 m/s toward a destination. The target motion
is described as

i =—=V,cos(4—y)

. VO .
A= —sin(4A —y)
r

a

(29)
cmd

Yo

)

where r and A represent the relative distance and LOS angle
from the target position to a destination d with known g,
respectively. y is the flight path angle of the target, and a4
is the lateral acceleration. The target executes a homing
maneuver until it reaches the destination

aomg = 3V A+ U, 2) sin((r/7y)*).

For tracking the single target, the inference algorithm is
required to generate inferred state estimates and the expected
destination. In the first scenario, we focus on the time-series
inference performance assuming that the destination is given
in prior. The second scenario considers both the destina-
tion and time-series inferences. The following simulation
parameters are selected for the proposed inference algorithm

C, = diag{1,1,0.1,0.1},
Cy = diag{1, 1,100, 100}
Con = diag{0.5,0.5,0.01,0.01},

=la ]
3 2
At=01,g=1,0=¢q %’ 51
TI Atl
0.0003 0 0.0050 0
0 0.0003 0 0.0050
~| 0.0050 0 0.1000 0
0 0.0050 0 0.1000
= [g'l 8.1]’2Vf:diag{3’3}» o1 = 0.04.

The performance of the proposed algorithm is compared
with the method outlined in Ref. [6]. The simulation param-
eters are identical for both algorithms, and the prior distri-
bution of the final time is chosen as iy~ U(15, 35), where
U represents the uniform random distribution. Two perfor-
mance measures, i.e., the root-mean-square error (RMSE)
and success rate, are considered to statistically assess the
performances

N
RMSE = 3 1/, = 5.7 + (p, — ,? (30)
=0
SR—i@ siy=4 L T8=s 31
- & N ) 0 otherwise’ @D

4.1 Scenario l: time-series inference

We consider two simulation cases with different locations
of the destination

e Case I-a: d =[—40,250], [vxf, vyf]: unspecified, Iy
unspecified

e Case I-b: d =[—40,350], [vxf, Vy,f]: unspecified, Iy:
unspecified.
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In Case I-b, the destination is farther than in Case I-a, result-
ing in a longer expected time of arrival. The selection of
this case aims to highlight the impact of inaccurate prior
information of the terminal time on time-series inference
and to demonstrate the benefits of the recursive update of the
terminal time parameter proposed in this study, particularly
in mitigating performance deterioration caused by inaccurate
temporal information.

Figure 2 shows the simulation results. In case I-a, both
time-series inference algorithms can successfully estimate
the target trajectory during target tracking. Using the bench-
mark approach, i.e., Kalman filtering with state augmenta-
tion, it was observed that enlarging the covariance improved
the estimation error. However, substantial state errors persist,

250 ' T T ' ' '
200 |
150 f True ]
Proposed(a=1)
--------- Proposed(a =0.5)
Proposed(a =0)
100 [|= = =Ref. [6] 1
50 [ |
0 ‘ : ‘ : ‘
40 20 0 20 40 €0 g
(a) Trajectory (Case I-a)
04

Proposed(a=1)
RS S R Proposed(a =0.5)
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Fig.2 Simulation results: time-series inference (Scenario I)
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particularly as the target nears its arrival. This response is
expected as larger values of covariances are used. On the
other hand, near the destination, the proposed algorithm
demonstrates better tracking accuracy. Using the proposed
recursive update approach, the unspecified mean values of
the velocity are appropriately corrected. Thus, the state esti-
mation performance of the proposed method is improved in
terms of accuracy and consistency. To investigate the effect
of the recursive parameter on the inference performance,
we conducted simulations with different choices of a. the
case where a is set to zero exhibits poor performance. This
outcome can be attributed to the inaccuracies in the initial
settings. In contrast, when a non-zero value of « is used, it
effectively corrects the terminal parameters based on the
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new information derived from the current geometry. In case
I-b, the benchmark approach tends to diverge and no longer
produces reliable state estimates. This phenomenon occurs,
because the actual final time exceeds the prior distribution of
the final time #; € (15, 35). This result highlights the strong
influence of the prior distribution when addressing undeter-
mined parameters using the conventional Bayesian frame-
work. In contrast, using the proposed parameter updates, the
expected final time is corrected by the instantaneous relative
geometry. Consequently, the corrective step can address the
incorrect prior information and improve consistency for the
time-series inference. The RMSE values for Scenario 1 are
summarized in Table 1.

4.2 Scenario ll: destination inference

In this scenario, we consider the destination inference prob-
lem along with time-series inference. We are presented with
a finite number of destinations as the following set:

D = {[-40, 150], [-40, 250], [50, 350], [100, 150]}.

Two cases of inference scenario are considered, where the
actual destination is selected from the above-mentioned
candidates

e Casell-a: g = g@,d® = [-40,250], [V, > V,s]: unspeci-
fied, iy unspecified

e Case II-b: g = ¢®,d® = [50,350], [V, > V,r]: unspeci-
fied, Iy unspecified.

Figure 3 shows the simulation result for case II-a. The target
initially tends to move toward g and gradually alters its
heading counter-clockwise to reach the actual destination
g%, as shown in Fig. 3a. Both inference algorithms pro-
duce trajectories that closely resemble the true trajectory,
indicating that the time-series inference is satisfactory for
both approaches. In terms of the destination inference per-
formance, the existing method [6] cannot clearly determine
the destination around the 13-s mark, as shown in Fig. 3c.
During this period, the target is equally close to g and g,
and the corresponding probabilities remain similar until the
target approaches the true destination. In contrast, the pro-
posed inference algorithm increases p, at the beginning but
promptly captures the correct inference probability p,. This

behavior may be attributable to the fact that the posterior
probability for mode 1 is computed to be extremely small
owing to the terminal conditions determined in the initial
phase. Consequently, the proposed intent algorithm captures
the true destination while easily distinguishing the actual
intention (mode 2) from other possibilities.

In case II-b, the target trajectory exhibits an S-shaped
curve toward destination 3, as shown in Fig. 3b. Because
the destination is the farthest from the origin, the sinusoi-
dal random maneuver leads to an actual terminal time of
approximately 37 s, which lies beyond the prior distribu-
tion. Consequently, the existing inference algorithm [6] does
not yield state estimates after 35 s and fails the time-series
inference task. For the same reason, the existing algorithm
no longer provides an inferred destination after this tempo-
ral mark. In contrast, the proposed algorithm consistently
produces state estimates. The terminal conditions (v,, Vys tf)
are recursively updated in the CM; model while compen-
sating for unmatched terminal time. As shown in Fig. 3d,
the intent inference probability increases as the state esti-
mates approach g and g® but remains consistent after
20 s. Table 2 summarizes the statistical comparison results
for both cases. The inference using the proposed algorithm
outperforms that achieved using the existing method [6] in
terms of both the RMSE and success rate. Overall, the infer-
ence performance of the proposed algorithm remains satis-
factory even under variations in the destination and terminal
conditions.

5 Conclusion

We address the destination and time-series inference prob-
lem for moving target tracking. The MMAE is used as the
inference algorithm. The constructed CM model suitably
represents the destination-driven time-series and can be
incorporated in intent inference under the Bayesian frame-
work. The formulated CM model can describe more gen-
eral stochastic motion. The proposed approach effectively
alleviates the dependency of the prior distribution setting
by repeatedly updating the terminal conditions based on the
relative geometry.

In future work, the proposed inference algorithm can be
extended to other applications, such as guided target tracking
and inference of group behaviors. Furthermore, the inference

Table 1 Simulation results:

. Case I-a Case I-b
Scenario I
Ref. [6] Proposed Ref. [6] Proposed
a=1 a=0.5 a=0 a=1 a=0.5 a=0
RMSE 0.6210 0.4154 0.4042 0.7540 NaN 0.6636 0.6642 0.8407
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algorithm can be validated under more complex conditions  can be designed to capture more general destination-driven
involving changes in the destination property, such as mov-  dynamic motion of the target for intent inference. Addition-
ing or variable destinations. Interactive multiple model esti-  ally, intent inference can also be extended to meta-level
mation, data-driven, and learning-based inference schemes  intent inference applications.
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