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Abstract—With the increasing demand for traffic situation
awareness, extended traffic target (ETT) tracking is a significant
yet challenging task especially in tough scenarios with dense and
various ETTs. Due to the spatial proximity of ETTs and a noisy
sensor, it is challenging for multi-target tracking algorithms to
effectively distinguish and track ETTs. To improve the accuracy
and robustness of ETT tracking in tough traffic scenarios, we an-
alyze the interaction among ETTs and the lane constraint. Firstly,
we develop an interactive motion model for collision avoidance to
address trajectory confusion when ETTs are in close proximity.
Additionally, we propose a lane constraint method that models
lanes as pseudo measurements and constrains the motion of ETTs
via pseudo update. Considering the complexity and extendibility,
the extended target trajectory probability hypothesis density (ET-
TPHD) filter is adopted to achieve a more accurate estimation of
ETT trajectories. Specifically, we realize the proposed interactive
motion model and lane constraint method based on the ET-
TPHD (IC-ET-TPHD) filter. Performance comparisons between
our proposed filter and other algorithms are conducted through
both simulations and experiments.

Index Terms—Extended traffic target tracking, interactive
motion, lane constraint, trajectory PHD filter

I. INTRODUCTION

Situation awareness of traffic scenarios, particularly focus-
ing on extended traffic target (ETT) tracking, is crucial for
aiding urban traffic management [1] and intelligent transporta-
tion systems (ITS) [2]. A range of advanced sensors typically
installed on stationary platforms offer real-time and accurate
traffic information through the detection and tracking of ETTs,
including cars, trucks, buses, bicycles and pedestrians. Firstly,
tracking results can reflect traffic flow, aiding in monitoring
traffic congestion [3]. Secondly, ETT tracking can detect
abnormal traffic behavior, such as sudden deceleration, illegal
lane change, etc., prompting swift responses from drivers
and traffic management departments to prevent accidents [4].
Moreover, advanced ETT tracking algorithms also enhance
path planning and traffic signal optimization. Consequently,
developing a novel algorithm improves real-time accuracy is
paramount for ETT tracking.

The characteristics among ETTs are close proximity, high
density and various sizes, making it difficult to determine
which ETT produced the measurement and the association is
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complex. This complexity confuses the trajectories of neigh-
boring ETTs for tracking algorithms. Moreover, when an ETT
is far from the sensor, the large measurement noise degrades
the quality of its trajectory obtained by the tracker. However,
unlike aerial targets, it is inspirational that ground ETT usually
interacts with each other and is constrained by lanes which can
be utilized to optimize system models and recursion [5], [6].

When discussing interactive motion, various models are
considered. The social force model (SFM), which illustrates
pedestrian motion dependence, is examined in [7], [8]. Ad-
ditionally, some car-following models (CFM) of microscopic
traffic flow [9]-[11] describe vehicle dependence. Concepts
like boid flocking [12], virtual leader—follower (VLF) [13],
targeting group behaviors, are also informative. The road map
is utilized as prior information to constrain vehicles [5], [14].
[15], [16] used the road constraint to improve the performance
of data association. Furthermore, modeling the target state in
the road coordinate system, capturing longitudinal and lateral
motion behaviors, proves convenient [17]-[19]. However, to
our knowledge, most literature does not simultaneously con-
sider the interaction and constraint in challenging scenarios
with dense and various ETTs.

With the enhancement of detection and recognition capabili-
ties in modern sensors, the extension of ETTSs becomes critical
and cannot be overlooked. Much literature aim to model and
estimate the shape of extended targets [20]. Some algorithms
represent the extension as a fixed shape, e.g., ellipse and rect-
angle [21], [22], while others can handle irregular shapes [23],
[24]. In this paper, we do not estimate the shape but instead
focus on the center state to reduce complexity. Moreover, due
to the limitations of the standard measurement model [25], the
point condensation before tracking is unnecessary.

A suitable tracking framework is also fundamental. Main-
stream frameworks include: 1) Data association-based methods
[26], e.g., joint probabilistic data association (JPDA) and
multiple hypothesis tracking (MHT); 2) Random finite set
(RFS)-based methods [27], e.g., probability hypothesis density
(PHD) filter, cardinalized PHD (CPHD) filter, multi-Bernoulli
(MB) filter, the generalized labeled MB (GLMB) filter [28]
and the labeled MB (LMB) filter [29]. In dense and various
ETT tracking scenarios, the accuracy of trajectories is quite
important. The motivations for choosing extended target tra-
jectory PHD (ET-TPHD) filter [30] in this paper are as follows:
1) Although we do not aim at the shape of ETTs, the ET-TPHD



filter can cope their extension; 2) The TPHD filter is not only
a filter but also a smoother can smooth and optimize historical
trajectories; 3) The RFS-based ET-TPHD filter is efficient and
flexible. The main contributions can be summarized as follows:

« Inspired by driving habits, we propose an interactive mo-
tion model to avoid collision when ETTs are neighboring.
This model enhances sensor capability in distinguishing
targets and mitigates trajectory confusion.

o To mitigate the impact of measurement noise, especially
in scenarios where ETTs are far, we propose a lane
constraint method. In this method, lanes are modeled
as pseudo measurements, allowing for the constraint of
ETTs through pseudo update.

o The interaction and constraint based on the ET-TPHD
(IC-ET-TPHD) filter is realized for ETT tracking. The
performance is assessed by simulation and experiment.

II. BACKGROUND
A. Variables and notations of sets of trajectories

Let x; € X be the single target state at time k£ where X
denotes the space of single target state. In the context of traffic
target tracking, we are interested in estimating the current state
of traffic targets as well as their previous states. Consequently,
trajectory, a sequence of target states that can start at any
time step and have any length, is suitable for this application.
Further, a single trajectory at time k is represented by X =
(t,x'°) where x%° = (x!,...,x°) denotes a sequence of
target states at consecutive time steps starting at time ¢ with
length o. At time k, a trajectory X, = (¢,x%°) exists from
time ¢ to £ 4 o0 — 1, the variable (¢,0) € O,y = {(t,0) : 0 <
t<k,1<o<k—t+1}and X € T(k) = &J(t70)e@(k){t}XXO
where & is the disjoint union [30].

Here, we consider that x5, = [pxyk,vm,k,py’kmyyk]—r where
“T* is the matrix transpose operation, p; » and v, j, denote the
position and velocity in the x-direction, p,  and v, ; denote
the position and velocity in the y-direction so that X = R*.
We define the velocity vector of target ¢ at time k

6]

Let X, = {X},..., X"} € F(T(y)) denote the trajectory
set at time k where ny, is the number of trajectories at time k
and F(T)) denotes the set of all finite subsets of T .

R R
U = Vg T + Uy Y-

B. Standard ET-TPHD filter

The adopted Poisson model for extended targets can be
found in [25]. Let Dyr—1 and Dy denote the prior and
posterior intensities at time k, respectively. The prediction
equation is given by [30]

Dy = D1 (X) + DJ(X) @)
where the survival term and the newborn term respectively are
Dijp—y (£,x) = ps(x ) f(x°x°71)
X Dkfl(t, Xl:oil)l{k} (t +o0— ].)7

D) (t,x%°) = Dg_(x")1 4 (t)

with f(-|x) the single target transition density, pg(x) the
probability of survival, 3.(-) the Poisson multitarget density
of newborn targets and the indicator function

z€A

L,
lA(Z)_{ 0, z¢ A
The update equation is given by [25], [30]
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Di(X) = [D%D(X )+ )] Lip—ot1y(t)
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where the missed detection term and the detection term are

D}XID (t7x1:o) = (1 — (1 — e_W(XO))pD(xO))DMk_l (t xl"’)

IW\
DP (t,xlzo,W) = 7’ )pD z wp Z 7
pLZy Wep
g(z|x° 0
)\(C| (z)) Dij—1 (£, ")
zEW kCk
with g(-|x) the measurement likelihood, |- | the cardinality of

a set, y(x) the expected number of generated measurements,
pp(x) the probability of detection, A\ and cg(-) are the mean
number and spatial distribution of clutter at time k. The
notation pZ£Z;y, indicates the partitioning of the measurement
set Zy, = {z}, ..., z,"* } with my, the number of measurements
into non-empty cells W across all possible partitions. w, and
dw , the normalization factors, are given by [25], [30]

. — HWEp dw (5)
P szzk HW’Ep’ dw:’
dw = w1 (6)
() \W\ d
+/e ~(y)Wlpp H /\ka Dyype—1(y)dy
where 0; ; is the the Kronecker delta and
Dyjie—1( /Dk\k (xR y) dx ()
with the set 1ntegral on single trajectory space Ty [30]
/D(X)dX = Y [ D(tx")dx".  (®)
(t,0)€0)
III. THE PROPOSED IC-ET-TPHD FILTER FOR ETT
TRACKING

In this section, we propose the interactive motion model and
the lane constraint method. On this basis, the implementation
of the IC-ET-TPHD filter is detailed.

A. Interactive motion model for collision avoidance

When a vehicle travels on the road, its motion is typically
influenced by neighboring vehicles to avoid collision. To
determine whether there is interaction between targets in a
rational way, the distance matrix at time k is defined by

D= (d) ©)



where dzj is the Euclidean distance between target ¢ and target
j at time k. Therefore, the interactive motion model can be
written as

xi g = Fixi™ + vy, (10)

aug 1, T N, 11T ¢
where x,° = [x,’ ,...,x,* | is the augmented state

vector consisted of all target states at time k, and vy, is the
Gaussian process noise vector with zero mean and covariance
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2] I'", where I =
Ty

T2
0 0 & T
T, is the sampling interval, o, o, are the standard deviations
of acceleration in the x and y directions, respectively. Besides,
the interactive motion function of target ¢ at time k is

= [Fi',... Fi, ... F] (12)
where F}j is the preset motion model. Moreover, according to
the distance between target ¢ and target j (i # j),

. 04 4 d;g > ¢
F) = oy 0 0 T, i (13)
. ‘ <
o g% 1] =2

where 0;; is the 7 X j zero matrix, ‘®’ is the Kronecker
product, ¢ is the threshold deciding whether the target interact
with each other, o) and 3, are the interactive factors at time
k of target j on target ¢ in x- and y-direction, respectively.
Obviously, there is an interaction force of target j on target ¢
only when d” < ¢. Moreover, the interactive motion function
F k] resultlng from the interaction force is detailed below.

Firstly, the interactive direction matrix L, and vector 7, k at
time k are defined by

(p;k - p;’k)f+ (p;,k

—ij —ij
L= (T7) T = == E_u
e \/(p;,k = Pew)® + Py — Pys)’
) (14)
It is remarkable that |7)/| = 1 with | - | the norm operator,
and the interactive direction vector [}, points from target i to
target 7, indicating the direction of the potential interaction
force of target j on target ¢
Then, the magnitude matrix Ay at time k is defined by

*P;,k)g

Ay = (ak) where all =4 - I} (15)
N XN
is the magnitude of the velocity @, along the direction 17 . As
a basis for whether there is interaction between target ¢ and
target j except Dy, a;’ denotes the magnitude of the velocity
of target ¢ along the dlrectlon 7.

Besides, the interaction force matrix at time k is defined by

B, = (z;g)nkm (16)

where Z;ZJ is the interaction force of target j on target ¢ and is
calculated by

dy’
—k >
1] Jr
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Fig. 1. Schematic diagram of interaction force.

The interaction force is reflected as the repulsive force. 5}: in
(17) is in terms of a{; which shows that the repulsive force
of target j on target ¢ depends on the velocity of target j.
An example with four cases is given in Fig. 1, omitting the
time stamp, there are two neighboring targets xi;, Xo whose
distance d'2 = d?' < ¢. The interaction decision is as follows.
Note that this is not the particular case of z-direction, but the
common case and the interaction force is put on the direction
of the connection.

Case Magnitude Criterion Interaction force
(@ a'?2<0,6?' <0 d'2?/(a'? +a?!) B2 = 0,521 =0
(b) a12 > 07 a21 >0 dlZ/(a12 + a21) >0 512 75 07 521 75 0
(© a'?2<0,a?' >0 d'2/(a'?+a?) B2 = 0,521 =0
@ a'2<0,a2'>0 d'2/(a'?+4a%')>0 512 — 0, p21 #0

Lastly, after calculating the matrix Ly, Ay and By step by
step, we can obtain

af =n X)), B =n-D0Y), (18)
where n > 0 is the scale factor and the operators
X(aZ+ b)) =a, Y(aZ+by)=0. (19)

B. Lane constraint via pseudo update

When a vehicle travels on the road, its motion is influenced
not only by neighboring vehicles but also by road information.
A typical example is that drivers often keep their cars in
the middle of the lane, with lane change behaviors being
infrequent, rapid, and brief. Lanes can thus be considered as
prior information to leverage and improve the performance of
the filter.

As illustrated in Fig. 2, there are two parallel lanes of width
M whose center x coordinates are L; and Lo, respectively.
Besides, their are two vehicles at time & — 1, marked with
stars, whose posterior states are

1 1
1~ NCsmy_, Pry),
2 2
1~ N(smy_y, Pi_y)
where N (;m, P) denotes a Gaussian density with mean m

and covariance P. Here, we only consider the current state
while the trajectory version is detailed in the Section III-C.

(20a)
(20b)
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Fig. 2. Schematic diagram of lane constraint.

1) Lane change trend judgment

To determine whether the target should be constrained by
the lane, their prior states are

(21a)
21b)

1 ol 1

Xglk—1 ™ N( my k1, Pk|k—1)a
2 cn2 2

Xk|k—1 ™ N( My ik—15 Pk|k—1)

according to the interactive motion model mentioned in Sec-
tion III-A. Then, once we obtain the prediction of targets,
a gating operation is executed to judge whether each target
intends to change lanes or not. A simple but intuitive way is
to firstly calculate the Mahalanobis distance of measurements
(i.e., black forks in Fig. 2) and the prediction state (i.e.,
triangles in Fig. 2)

— (oY
B = (o)
Mg XNk —1

el = (2, — Z7§|k—1)TS§1(Z{c ~ Zje1)

where z}ﬂ‘ w—1 and Sy can be calculated by measurement
function.
Then, the association matrix G, and the association indi-

cator g} at time k are defined by

G == ( ”) ) Y= { ’ f:
k gk Mg XNk —1 gk O, ek,] 2 '(/)
where 1 is the gating threshold. Accordingly, we can judge

whether each target at time £ — 1 has a tendency to change
lanes at time k& with Gy. Here, we define the judgement matrix

(22)

(23)

(24)

Uy = (ujj ) (25)
Mg XNk —1
where the indicator
ij 1 g”zle”*l
A 9 k 2
Yk { 0, otherwise (26)
with the lane indicator
Ny measurement ¢ and target j
6 = ’are in different lanes 27

0, otherwise

Finally, the lane change vector can be defined by

(28)

Ng— 1]

Xk = [Xhks-- - X

where the trend indicator

1, >Zg /2

0, otherw1se

(29)

means that if more than half of the associated measurements
of the target are not in the same lane as the target, the target
is considered to have a trend to change lanes (i.e., Xfc =1).
In Fig. 2, target 1, tagged as cl, intends to change lanes while
target 2, tagged as sl, does not, and (21) can be rewritten as

(30a)
(30b)

cl . cl cl
Xklk—1 ™ N(; mk\k717Pk|k71)7

sl . sl sl
Xklk—1 ™ N(; My 515 Pk|k71)'

2) Pseudo measurements of lanes

Since target 2 does not intend to change lanes, a pseudo
measurement of lane 2, marked with red dot in Fig. 2, based
on its state is generated by

Lo(xi1) ~ N(smip_y Phpoy) where (31

S S S T
mj = [Lo,p-m3), 1 (2),m3), 1 (3),my), (4)]
Py = blkdiag([(M/3)% Py, _1(2:4,2:4)))

with © < 0 the decay factor dragging the target towards the
lane center. Here, m(¢) is the ith element of the vector m and

P(a: b,c: d) is the submatrix, consisted of the a ~ b rows
and ¢ ~ d columns of the matrix P. It is significant that the
value M/3 is according to 3o criterion.

3) Pseudo update using the pseudo measurements of lanes

A pseudo update step is performed to constrain the targets
that do not intend to change lanes, approaching to the middle
of the same lane. The targets after pseudo update are
(32a)
(32b)

1 CL
Xk|k—1NN( my 17Pk|k 1)

2 SL,
Kklk—1 ™ N(; mk\k—17Pk|k—1)
where the mean and covariance of target 1 are fixed, that is

CL _ cl
My -1 = Mpp_q, Pk|k 1= Pk\k 1

However, the mean and covariance of target 2 after pseudo
update, marked with red square in Fig. 2, are

m%ﬁc 1= miﬂk 1+ Pil\k 1I:ITS71(m§c|k—1 - m?cl\k—l)v
Py = (L—Py, H'ST'H)P}, (33)

where all the parameters can be calculated by Kalman filter
T l -
S = HPk|k 1H + Py, H=IL

where I; is the identity matrix of dimension .



C. The proposed IC-ET-TPHD filter

In this part, we realize the interactive motion model and lane
constraint method based on the ET-TPHD filter mentioned in
Section II-B. Moreover, Gaussian mixture (GM) approxima-
tion [31] is adopted as the implementation tool because it is
convenient to be embedded with other models and methods.

We firstly define the trajectory Gaussian density [30]

. N(xtomy, Py), t =tx,0=0
1:0. _ ) kyX k), ks k
N (8% b, my, Py) = { 0, otherwise
(34)
where o = dim(myg)/d, is the duration with d, = 4 the

dimension of target state, t; is the start time, m; € R*ox
is the mean and P, € R*°:*4% {5 the covariance. We
hold the assumption that the expected number of generated
measurements, the target survival and detection probabilities
are constant, i.e.,

’Y(X) =7, Ds (X) =PpPs, PbD (X) =PbD- (35)

1) The prediction of IC-ET-TPHD filter

Suppose the posterior intensity at time k£ — 1 is a trajectory
GM of the form

Jik_1

Dy—1(X) = Z wi:fr/v (X;t2717m2717 24)
i=1

(36)

where i, + o0} |, —1 =k — 1. The prior intensity at time k

is also a trajectory GM of the form where the newborn term

is obtained by track initiation and the survival term in (2) is
Jr—1

= Z wiuﬂfﬂ\/‘ (X§t2|kf1vm§c|k71»P§c\k71)
i=1
(37)

D1 (X)

and

t;-c\k—l = t?c—p
miu_gl)—r:| ! )
PR

F,  PiEF, +Q

i _ i
Wk k-1 = PSWg_1,
i, T i
mk|k 1= (M 17( k—1
1
P,

i _
klk—1 = |t aug
Fk:—lPk—l

with 1:"};_1 the interactive motion function in (12) while

1 T
F, | = [02102_1_1,12} ® [O 1} and

04701_17 d;‘Cj > ¢
Fl = ’ Al 0 0 7]
Cre b | e

because the target is in the form of trajectory rather than
current state in Section III-A. Here, the constant velocity
model is adopted. However, the preset motion model can
be generalized to other more complex motion models [32].
Besides, the augmented components

aug |: 1, T

Je1,T1T
m" = m, ,...,m ,

k—1
P4 = blkdiag ([PL_,,.... P}y ]).

2) The pseudo update of IC-ET-TPHD filter

Suppose the prior intensity at time k is a trajectory GM of
the form

Jrlk—1
_ i i i i
)= E wk\qu (thk\k717mk|k71’Pk|kfl) :

i=1

(38)

According to the lane change vector xj in Section III-B, the
pseudo update intensity Dy;_1(X) can be divided into

Dije—1 (X

Dygjp—1(X) = D31 (X) + D§jj, 1 (X) (39)

where D}, (X) and Dfj, (X ) denote the stay lane term
and the change lanes term, respectively. Furthermore,

JI;|k 1
sl,z X tslz sl,z Pslz
E: Wi e— N klk—17 M (k—15 Frfr—1
(40)

Then, the pseudo update intensity at time k is also a
trajectory GM of the form

Dk|k 1(X) + Dk\k 1(X)

k\k 1

Dijp—a(X) = (41)

where the change lanes term Dk‘ o (X) =
the stay lane term after pseudo update is

Dzl‘k 1(X) and

Jklk 1
SL,i SL,i SL,% SL,%
Z wk\k—lN (X -1 My g P 1)

(42)

k|k 1

with

sl,4 SL,e  __ ,sli
Jk|k 1_‘]k\k i w}c\k 1= Wele—1s tepi—1 = tefk—1

SL,i SL,i
and mk‘k 1> P

Klh—1 are given in (33) while

H; = Ol’oi:\k—l_171 @1

because the target is in the form of trajectory rather than
current state in Section III-B.

3) The update of IC-ET-TPHD filter

Suppose the prior intensity after pseudo update at time k is
a trajectory GM of the form

Jrjk—1
i ! *,1 *,%
)= Z wllc\k—lN (X;ﬂc\k—l’ my k-1 Pk|k—1> ‘
i=1
(43)
Then, the posterior intensity at time £ is also a trajectory GM

of the form where the missed detection term DMP(X) in (4)
is the same as the prior term except the weights

Dy (X

w}; = (1 — (1 — 677) pD) w};‘k_l
and the detection term in (4) is
Jkik—1
Z wi’w/\/ (X; t;’w, m
i=1

W pi W
Dk|k 1 Py )

(44)



LW _ 4
where t _tk|k:71’
Wp k\k 1)
Ty (W
wi™ ~dw pp H Akc
zeW k
i, W *,1 i _ i
my =g 1+Kk(z w1 ®Zk:\k71)7
i, W i Qi i, T
Py Pk|k 1 — KL S K
with wy, given in (5) and
-’ i W o_ [T T 1T
g(z |mk‘k ) =N(z zk|k717Sk), z" = [zl,...,z‘wl] ,
Jelk—1 |
zlm;, )
w k\k 1/
dw =S+ Y e Wl T Lot
Acr(2)
1=1 zeEW

Usually, due to the non-linear measurement model and the
augmentation of trajectories, the parameters 2, ,, Kj and
Si can be calculated by the singular value decomposition
(SVD)-based unscented Kalman filter (UKF) [33] to avoid the
issues of non-positive definite matrix and non-linear model.

D. Summary

To alleviate the computation load, the pruning, merging
and capping operations are also adopted like [31]. As time
progresses, the lengths of trajectories increase so that it is
infeasible to implement. Consequently, the L-scan version of
the IC-ET-TPHD filter is adopted like [30], but we omit its
formulas here because of the space constraints.

IV. PERFORMANCE EVALUATION

In this section, to compare the tracking performance of
the proposed IC-ET-TPHD filter and the standard algorithms
comprehensively, the elaborate simulation scenarios and the
experimental data from traffic frequency modulated continuous
wave (FMCW) radar are processed.

A. Simulation results

As illustrated in Fig. 3 (a) and (b), there are four
lanes of width 3.5m whose center x coordinates are
[—5.25,—1.75,1.75,5.25]m in a [—10, 10]m x [20, 200]m traf-
fic scenario involving 3 and 4 vehicles, respectively. Each
vehicle contains 5 measurement sources within a rectangle
3.5 x 1.5m with detection probability pp = 1 and survival
probability ps = 0.99. The sampling interval T, = 0.1s and
the duration is 10s. The standard deviations of the process
noise o, = o, = 10m/s®. The non-linear measurement model
of FMCW radar [34] is considered

zr = H(xg) + wg (45)

where the measurement vector zj is in terms of range, radial
velocity, bearing, and the non-linear measurement function is

/02 2
pw,k +py,k
Pz, kVz,k +py,kvy,lc

/2 2 ’
p:r,k +py,k

arctan (py k/Dy.k)

H(x) = (46)

----Lanes e Start points 0O Extensions

Trajectories 4 End points

200 | | | 200 |

o i

1 I 1 I

1 I 1 1

1 I 1 1

1 I 1 I

I I I i

155t T T 155t :

1 I 1 I

1 I 1 1

1 I I I

1 I I I

1 I 1 I

1 I 1 1

~ 1 I 1 1

Enot e i 110 t !

> 1 I 1 I

1 I 1 1

1 I 1 1

1 I 1 I

1 I I I

1 I I I

1 I 1 I

651 i i i 651 i

1 I 1 I

1 I I I

1 I 1 I

1 I 1 1

1 I 1 1

1 I 1 I

I I I i

20 1 1 | ) 20 1 |
-10 -5 0 5 10 -10 0 10
X(m) X(m)
(@) (b)

Fig. 3. The scenario and ground truth of two simulations. Their extensions
are plotted every 10 time steps. (a) Simulation 1; (b) Simulation 2.

and wy, is the Gaussian measurement noise vector with zero
mean and covariance R = ¢ - diag([1, 1,0.005]). The other
algorithm parameters are the same as experiments shown
in Table II. The proposed IC-ET-TPHD filter is evaluated
along with the ET-TPHD filter and the JPDA filter [35], and
the optimal sub-pattern assignment (OSPA) error [36] with
parameters ¢ = 2 and p = 1 is computed to compare the
performance. The average OSPA errors over all time steps,
under different measurement noise intensity ¢ and clutter rate
A, are summarized in Table I for both Simulation 1 and 2. The
numbers are averaged over 100 Monte Carlo runs.

1) Simulation 1

As shown in Fig. 3 (a), it is an intractable scenario with
three neighboring vehicles coming together. Due to the spatial
proximity, it is difficult for the clustering algorithm [37], [38]
to distinguish the measurements of three vehicles. Thus, the
JPDA filter certainly will blur them and confuse their trajec-
tories. However, the ET-TPHD filter has better performance
due to the RFS framework and the extended target model.
Besides, the IC-ET-TPHD filter is superior with consideration
of interactive motion and lane constraint. As shown in Table I,
the OSPA error of the IC-ET-TPHD filter is the smallest while
that of the JPDA filter is the largest with almost all parameters.
With the increase of measurement noise density ¢ or clutter
rate A, the performances of the filters deteriorate.

2) Simulation 2

As shown in Fig. 3 (b), it is an elaborate scenario with four
leaving vehicles to test the change lanes case. The general
results are similar to Simulation 1. As the scenario becomes
difficult, the IC-ET-TPHD filter is less affected by clutter and
measurement noise, and the superiority of the IC-ET-TPHD



TABLE I
AVERAGE OSPA ERRORS (m) OVER ALL TIME STEPS FOR DIFFERENT
SIMULATION PARAMETERS: ¢ AND .

Simulation 1 Simulation 2

@) IC-ET-TPHD ET-TPHD JPDA IC-ET-TPHD ET-TPHD JPDA
(1,10) 0.435 0.778 0.754 0.724 0.890 0.858
(2,10) 0.557 0.770 1.232 0.701 0.922 0.891
(4,10) 0.589 0.986 1.261 0.742 0.964 1.072
(2,20) 0.559 0.779 1.250 0.732 0.931 0.933
(2,30) 0.561 0.803 1.252 0.737 0.935 0.953
TABLE 11

THE PARAMETERS OF SCENARIO AND ALGORITHM
Parameter Value \ Parameter Value
Sampling interval T 50ms Range of p 0 ~ 200m
Process noise 0z, oy 1Om/s2 Range of v —20 ~ 20m/s
Survival probability pg 0.99 Range of 6 —7/2 ~ /)2
Detection probability pp  0.98 Clutter rate A 20
The expected number of Measurement noise 3m, 1.5m/s,
generated measurements y Op, Oy, O¢ 0.5°
Lane width M 3.5m Threshold ¢, 8m, 5
Decay factor p —0.5 L-scan 5
Scale factor n 0.5

filter is highlighted. In addition, the extension of neighboring
vehicles are also addressed with the IC-ET-TPHD filter. Thus,
the proposed IC-ET-TPHD filter can handle the neighboring
vehicles change lanes when the measurement noise is large.

B. Experimental results

The parameters of scenario and algorithm are listed in
Table II. To relieve the impact of numerous zero-Doppler
clutter (e.g., green belts and fences) and compare the algorithm
performance directly, the moving and static target separation
strategy [34] is adopted. The details of two experiments and
results are shown below.

1) Experiment 1

As shown in Fig. 4 (a), there are four longitudinal coming
lanes whose center 2 coordinates are [—5, —1.5,2, 5.5]m with
trees and piers along the road in Experiment 1. It can be
seen from Fig. 4 (b)-(d) that static clutter on both sides of
the road is filtered out. Moreover, almost all the vehicles
within the scenario can be detected and tracked except two
neighboring trucks on the left. The ET-TPHD filter missed the
left truck due to the proximity and the JPDA filter estimates
the two trucks are in a tangle, but the IC-ET-TPHD filter
can distinguish them well. The superiority of the proposed
IC-ET-TPHD filter is also demonstrated by comparing the
lateral error, especially when the vehicles change lanes or are
neighboring. The error of common JPDA filter is significant
while the ET-TPHD filter is more robust especially when the
interaction and constraint are considered. Additionally, it is
remarkable that the algorithm framework of RFS-based PHD
filter is more efficient that JPDA filter from Fig. 4 (c) and (d).

2) Experiment 2
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Fig. 4. The image of Experiment 1 and the tracking results of each algorithms.
A grayscale is used to denote different time steps of measurements. (a)
Experiment 1 image; (b) IC-ET-TPHD; (c) ET-TPHD; (d) JPDA.

As shown in Fig. 5 (a), there are three longitudinal coming
lanes, three longitudinal leaving lanes and some static trees in
Experiment 2. The center x coordinates of the six lanes from
left to right are [—3.5,0,3.5,10.5, 14, 17.5|m. Different from
Experiment 1, the main error is caused by measurement noise
rather than process noise since this is an expressway scenario
and most vehicles are distinguished. Similarly, in Fig. 5 (b)-
(d), all the vehicles can be detected and tracked but the IC-
ET-TPHD is more accurate because the measurement noise is
eliminated greatly with consideration of lane constraint.

V. CONCLUSION

This paper proposes a novel ET-TPHD filter that incorpo-
rates interactive motion and lane constraint to improve the
tracking performance of ETTs when they are neighboring
and dense. The proposed interactive motion model calculates
indices to derive interaction forces aimed at collision avoid-
ance. Additionally, lanes are modeled as pseudo measure-
ments, enabling the incorporation of lane constraint through
pseudo update. On this basis, the novel IC-ET-TPHD filter is
developed, and its performance is evaluated through simulation
and experiment, comparing it with standard algorithms.
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