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Abstract—This paper intends to improve the multilane-road
target tracking performance by considering heading restrictions.
Most existing tracking algorithms assume that vehicles move
independently in an open-field environment. However, the move-
ments of vehicles have to be restricted by the geometry of roads,
traffic rules, or preset routes. The effective utilization of prior
knowledge regarding such restrictions can help to significantly
enhance tracking performance. In this paper, we investigate
the problem of state estimation while taking into account the
heading restrictions imposed by the road direction. To describe
the target longitudinal and lateral maneuvering behavior, we
design the heading restrictions within a 2-D road coordinate
system. The target state vector is then augmented by the y-
intercept of the constraint straight line, and the measurement
vector is augmented by constructing two pseudo-measurements.
Consequently, the heading restrictions are incorporated into
unscented Kalman filter based on two augmented vectors, called
HR-UKF. Furthermore, we employ the singular value decom-
position method to enhance numerical stability. Finally, the
effectiveness of the proposed algorithm is validated through
numerical simulations and real-measured data.

Index Terms—Multilane-road target tracking, heading restric-
tions, 2-D road coordinate, pseudo-measurements, unscented
Kalman filter.

I. INTRODUCTION

Target tracking is one of the most important tasks in

intelligent transportation systems [1], ground surveillance [2],

and autonomous vehicles [3]. However, a common assumption

in most current approaches is that the tracked traffic vehicle is

permitted to move freely in an open-field environment. It poses

a formidable challenge for traditional tracking algorithms

to achieve robust on-road vehicle tracking. Proverbially, the

motion of many targets is constrained by external physical

limitations. For instance, land-based vehicles adhere to road-

ways [4], ships navigate predefined sea routes [5], and aircraft

follow established flight paths. The external restrictions could

be considered as prior information incorporated into the es-

timation process to enhance the tracking performance for the

constrained targets [6], [7]. This paper aims to improve the

vehicle tracking performance by leveraging prior knowledge

of the road environment.

The problem of state estimation with equality constraints

has been studied in recent years, and can be mainly classified
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into three categories. The first category converts the equality-

constrained filtering problem into an unconstrained one. This

approach offers the advantage of dimension reduction, often

referred to as model reduction algorithms [6], [8], [9]. Never-

theless, the physical interpretation of the state components may

not be convinced. The second category of algorithms is de-

nominated as pseudo-measurement methodologies [10]–[12].

This methodology aims to augment the original measurements

by seamlessly incorporating pseudo-measurements, employing

equality constraints. Although implementing this structure is

relatively straightforward with a clear interpretation, numerical

issues may arise due to the singularity of the covariance matrix

of the measurement noise [13]. The third category consid-

ers the original estimate result projected onto the constraint

surface [7], [14]–[17]. However, as the projected point is in

proximity to the unconstrained estimates rather than the true

constrained state, these approaches do not yield the desired

optimal estimate result.

Recently, the external physical restrictions have been in-

troduced to formulate the equality constraints for state esti-

mation. For instance, the destination restriction of the target

is considered for state estimation [18]–[20], with the ac-

knowledgment that only one point (i.e., the destination) on

the restricted straight line can be precisely determined. The

trajectory shape restriction on target motion is investigated

in [10]. The problem of heading restrictions is first presented,

and three pseudo-measurements are constructed to incorporate

the heading constraint into the estimators in [12]. However,

these restrictions [10], [12], [18]–[20] are only enforced on

the longitudinal motion of the target, and the width of the

roads is neglected. Furthermore, inspired by the social force

model [21], [22], R. Ding et al. [23] extended it to vehicle

tracking by integrating physical environmental restrictions into

the tracking process. This extension involves considering the

interactions between the dynamic model’s noisy control input

and the environment. Nevertheless, it still fails to account for

lateral maneuvering behaviors such as lane changing.

To the best of our knowledge, the state estimation with

equality constraints for vehicle tracking on multilane roads has

received relatively little attention in the literature. As a result,

building upon [12], this paper proposes a novel approach

called HR-UKF to simultaneously consider the longitudinal

and lateral maneuvering behaviors of vehicles on multilane

roads. This solution incorporates heading restrictions into the

unscented Kalman filter (UKF) within the 2-D road coordinate



system [4]. The main contributions of this work are summa-

rized as follows:

1) Designs of heading restrictions: The heading restrictions

are designed using pseudo-measurements method in two

typical situations, one is with a lane keeping, the other is

a lane changing. For the lane keeping case, the pseudo-

measurement is formulated by utilizing the equality re-

lationship between position components of target state.

For the case with lane changing, the pseudo-measurement

is generated by considering the equality relationship

between velocity components of target state. Next, the

measurement vector is augmented by the two pseudo-

measurements. Also, the target state vector is augmented

by the y-intercept of the constraint straight line. Finally,

the heading restrictions are incorporated into the tracking

filter via the augmented state and measurement vectors.

2) Tracking filter incorporating heading restrictions: To

tackle the strong nonlinearity between the augmented

state and the augmented measurement, the unscented

Kalman filter (UKF) [24] is employed. Moreover, the

singular value decomposition method [25] is applied to

improve the numerical stability resulting from singular

measurement noise. The comprehensive performance as-

sessments of the proposed HR-UKF method are con-

ducted through numerical simulations and real-measured

data, and the results confirm its effectiveness compared

with the conventional UKF algorithm.

II. TARGET MODELS

A. Dynamic Model

In [4], the on-road motion of the target is represented in

a 2-D road coordinate system, utilizing the traveled distance

(mileage) coordinate sk and its displacement from the central

line dk at index k. As illustrated in Fig. 1, the assumption is

made that there are N lanes on the road, each with a width of

2Δ. The displacement dk adheres to the constraint |dk| < NΔ.

A point P = (sk, dk) in the 2-D road coordinate system can

be uniquely transformed into Cartesian coordinates(xk, yk) by

xk = gx(sk, dk) = x0 + sk cosα+ dk sinα, (1)

yk = gy(sk, dk) = y0 + sk sinα− dk cosα, (2)

where sk denotes the segment arc length between the starting

point (x0, y0) and P = (xk, yk), and dk represents the signed

distance between P and its orthogonal projection onto the

centerline. The angle α is defined as the angle between the

linear road segment and the X-axis.

According to (1), we can also derive as

sk = gs(xk, yk) = (xk − x0) cosα+ (yk − y0) sinα, (3)

dk = gd(xk, yk) = (xk − x0) sinα− (yk − y0) cosα. (4)

In the 2-D road coordinate system, the vehicle’s dynamic

state can be separated into longitudinal and lateral motions,

xk =

[

xl(k)
xd(k)

]

=
[

sk, ṡk, s̈k, dk, ḋk, d̈k
]�

, (5)
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Fig. 1. The road-vehicle geometry. The black dot-dashed line represents the
centerline of the road, while the pink dot-dashed line denotes the trajectory
of the vehicle.

where ṡk and s̈k denote the velocity and acceleration of

longitudinal motion, and ḋk and d̈k represent lateral speed and

acceleration, respectively. The longitudinal and lateral states

are straightforwardly given by

xl(k) =
[

sk, ṡk, s̈k
]�

, xd(k) =
[

dk, ḋk, d̈k
]�

. (6)

In the 2-D road coordinate system, the dynamic motion of

a target is modeled as

xk+1 = Fkxk + Γkvk, (7)

where Fk denotes the state transition matrix, Γk is the process

noise distribution matrix, vk represents process noise account-

ing with covariance qk for uncertainties in the prediction.

For the nearly constant acceleration (NCA) model, the state

transition matrix and noise distribution matrix are given by

Fk =

⎡

⎣

1 T T 2/2
0 1 T
0 0 1

⎤

⎦⊗ I2×2,Γk =

⎡

⎣

T 2/2
T
1

⎤

⎦⊗ I2×2, (8)

respectively, where T is the sampling interval and ⊗ denotes

the Kronecker product, and I2×2 is a unit diagonal matrix with

two dimensions.

Additionally, the process noise covariance matrix qk =
diag{δ2s , δ

2
d}, where δs and δd denote the standard deviations

along the longitudinal and lateral directions, respectively.

B. Measurement Model

Assuming that the millimeter-wave radar provides measure-

ments of the range rk, the radial velocity vk, and the azimuth

θk. Thus, the model for the corresponding target-generated

measurements is described as

zk =

⎡

⎣

rk
vk
θk

⎤

⎦ = h(xk) +wk (9)

=

⎡

⎢

⎢

⎢

⎢

⎢

⎣

√

gx(sk, dk)2 + gy(sk, dk)2

gx(sk, dk)ġx(sk, dk) + gy(sk, dk)ġy(sk, dk)
√

gx(sk, dk)2 + gy(sk, dk)2

tan−1(
gy(sk, dk)

gx(sk, dk)
)

⎤

⎥

⎥

⎥

⎥

⎥

⎦

+wk,

(10)



where ġx(sk, dk) and ġy(sk, dk) represent the derivatives with

respect to the time variable. The function h(xk) denotes

the nonlinear vector-valued function, and wk is zero-mean

Gaussian noise in the measurement with variances δ2r , δ2v , and

δ2θ , respectively. The covariance matrix of the measurement

noise can be written as

Rk =

⎡

⎣

δ2r 0 0
0 δ2v 0
0 0 δ2θ

⎤

⎦. (11)

For on-road vehicle targets, the movements of vehicles are

influenced by the physical characteristics of the road. Specifi-

cally, the direction of vehicle movement is determined by the

shapes of the road when navigating along a particular stretch.

In this case, the anticipated direction of motion can be known

in advance, and the target state is governed by an implicit

restriction referred to as the heading restriction, imposed by

the road. This paper aims to enhance tracking performance by

integrating the heading restriction into tracking systems.

III. DESIGNS OF HEADING RESTRICTIONS

In this section, we design the heading restrictions for

two typical motion stages, namely, lane-keeping and lane-

changing, on a straight-line multilane-road segment. For lane-

keeping, the heading restriction is directly described by the

equality relationship between the positions of the target state.

In the case of lane-changing, both the positions and velocities

of the target state are applied to formulate the heading restric-

tions. Next, to seamlessly integrate the heading restrictions

into the tracking system, the state vector is augmented by the

y-intercept, and two pseudo-measurements are generated to

augment the measurement vector.

A. Pseudo-Measurement for Lane Keeping Stage

It is assumed that the target moves along a linear road

segment, maintaining its current lane. The 2-D road-vehicle

geometry with a heading of α is illustrated in Fig. 1. The

pink dot-dashed line depicts the true trajectory of the vehicle,

and the target’s position in Cartesian coordinates at time step

k is expressed as (xk, yk). During the lane keeping stage, the

heading restriction can be designed as an equality constraint,

relying on the restrictive relationship between the position

components in Cartesian coordinates, namely,

yk = tanα · xk + bk, (12)

where bk represents the y-intercept at time step k.

While the restriction on the 2-D road coordinates system

can be defined as

gy(sk, dk) = tanα · gx(sk, dk) + bk. (13)

Remark 1: Note that the y-intercept bk differs from the

definition in the literature [12]. In our method, we purposely

make the y-intercept bk vary with each time step. This inten-

tional choice is important because it prepares us to explain

the heading restriction in detail during the next subsection,

particularly in the context of lane-changing.

According to (13), the pseudo-measurement about the target

state’s position components can be designed as

ξk = gy(sk, dk)− tanα · gx(sk, dk)− bk. (14)

B. Pseudo-Measurements for Lane Changing Stage

The act of lane changing involves the vehicle maneuvering

across other lanes to enhance navigability by overtaking slower

vehicles or evading obstructions.

Due to the non-compliance of the equality constraint (12)

during lane changing, we assume that the lane-changing oper-

ation is executed through translational motion along the lateral

direction in this paper. It can be equivalent to the constraint

straight line having a movement speed ḃk along the Y-axis. As

depicted in Fig. 2, the heading of the vehicle remains constant

during the lane-changing stage. The position restriction defined

in (13) is still met. Therefore, we can further consider the

velocity components to formulate the restriction relationship,

ẏk = tanα · ẋk + ḃk, (15)

where ẏk and ẋk represent velocities along the y-axis and

x-axis in Cartesian coordinates, respectively. The term ḃk
denotes the velocity of the y-intercept.

In light of (13), the restriction relationship on the 2-D road

coordinates system can be given by

ġy(sk, dk) = tanα · ġx(sk, dk) + ḃk, (16)

where ḃk have

ḃk = ḋk · cosα. (17)

From (16) and (17), the pseudo-measurement about target

state’s velocity components is

�k = ġy(sk, dk)− tanα · ġx(sk, dk)− ḃk. (18)

C. Construction of Augmented Vectors

The road heading α is known in (14) and (18) as we have

prior confirmation of the road geometry, while the y-intercept

bk varies with each time step. It can be deemed as an extra

state component in target state vector.

Thus, the augmented state vector xa
k can be written as

xa
k =

[

sk, ṡk, s̈k, dk, ḋk, d̈k, bk
]�

. (19)

In practical traffic scenarios, vehicles often undergo both

lane-keeping and lane-changing maneuvers during traveling

on the road. The two pseudo-measurements ξk and �k are
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Fig. 2. Illustration of the lane-changing stage. The red dotted line illustrates the constrained straight line, which maintains a consistent incline angle but
exhibits a changing y-intercept as time progresses. The shadow of the vehicle denotes its historical position during the lane change.

both incorporated into the augmented measurement model, as

follows

zak =

⎡

⎢

⎢

⎢

⎢

⎣

rk
vk
θk
ξk
�k

⎤

⎥

⎥

⎥

⎥

⎦

= ha(xa
k) +wa

k (20)

=

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

√

gx(sk, dk)2 + gy(sk, dk)2

gx(sk, dk)ġx(sk, dk) + gy(sk, dk)ġy(sk, dk)
√

gx(sk, dk)2 + gy(sk, dk)2

tan−1(
gy(sk, dk)

gx(sk, dk)
)

gy(sk, dk)− tanα · gx(sk, dk)− bk
ġy(sk, dk)− tanα · ġx(sk, dk)− ḃk

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

+wa
k,

(21)

where wa
k denotes augmented measurement noise with the

augmented covariance matrix Ra
k.

In principle, the pseudo-measurements ξk and �k are con-

sidered noise free as they are uncorrelated with the physical

measurements rk and θk. Consequently, the augmented covari-

ance matrix Ra
k can be given by

Ra
k = Rk ⊕ 02×2, (22)

where ⊕ denotes the direct sum operation, and 02×2 represents

the zero square matrix with two dimensions.

In light of (21), it is apparent that two types of equality

constraints, imposed by the target direction, are incorporated

into the measurement model, which play a crucial role in the

tracking association and updating steps within the Kalman

filter iteration.

IV. TRACKING FILTER INCORPORATING HEADING

RESTRICTIONS

In this section, we introduce a heading restrictions unscented

Kalman filter (HR-UKF) method to improve tracking perfor-

mance on a multilane road. The HR-UKF incorporates heading

restrictions of the target within a 2-D road coordinate system.

It’s worth noting that other popular nonlinear filters, such as

extended Kalman Filter (EKF) [26], [27] or cubature Kalman

filter (CKF) [28], could also be considered as alternatives for

addressing the nonlinear filtering problem.

As shown in (19), the base state vector xk is augmented by

the y-intercept bk to formulate the restricted relationships (13)

and (16). Consequently, based on (7) and (17), the augmented

state equation model can be written as

xa
k+1 = Fa

kx
a
k + Γa

kvk

=

[

Fk 0Ns×1

01×Ns−1 T · cosα 1

]

·

[

xk

bk

]

+

[

Γk

01×2

]

vk,

(23)

where Ns is the dimension of the base state vector xk.

Also, the augmented covariance of the process noise term

in (23) can be written as

Qa = Q⊕ 01×1, (24)

where Q = ΓkqkΓ
�

k serves as base state transition process.

Building upon the augmented state equation (23) and the

augmented measurement equation (21), the steps of the HR-

UKF method are outlined as follows:

1) Initialization: Usually, the initial values for the target

state and covariance are determined based on the first three

measurements (k = 1, 2, 3) [29]. Thus, we transform the

original radar measurements to construct the target state,

employing unbiased measurement conversion method [30].

The initial values for the target state can be calculated as

xk,k =

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎣

sk
(sk − sk−1)/T
(ṡk − ṡk−1)/T

dk
(dk − dk−1)/T

(ḋk − ḋk−1)/T

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎦

. (25)

The unbiased conversion of original radar measurements to

Cartesian coordinates can be expressed as

xk = μθrk cos θk, yk = μθrk sin θk, (26)

where μθ denotes the bias compensation factor given by

μθ ≡ E(coswθ
k) = e−δ2

θ
/2. (27)

Substituting (26) and (27) into (3) and (4), we obtain

sk=(μθrk cos θk − x0) cosα+(μθrk sin θk − y0) sinα, (28)

dk=(μθrk cos θk − x0) sinα−(μθrk sin θk − y0) cosα. (29)



The initial covariance corresponding to target state xk,k is

given by

Pxx
k,k =

[

P11,k P12,k

P�

12,k P22,k

]

, (30)

where Pxx
k,k is a symmetric matrix, and the elements P11,k,

P22,k, and P12,k represent the converted measurement error

matrix, and are derived based on [30].

From (25) and (19), the initial augmented state xa
k,k can be

given by

xa
k,k =

[

x�

k,k, bk,k
]�

. (31)

In (31), the initial y-intercept bk,k is calculated as

bk,k = y0 − x0 tanα− dk (cosα+ sinα tanα) . (32)

It is evident that the y-intercept bk,k is independent of

sk. Further, the initial augmented covariance corresponding

to augmented state xa
k,k is written as

Pxaxa

k,k =

[

Pxx
k,k Pxb

k,k

(Pbx
k,k)

� P bb
k,k

]

, (33)

where Pxb
k,k is the initial cross-covariance between the base

state xk and y-intercept bk, which is expressed as

Pxb
k,k =

[

P sb
k,k, P

ṡb
k,k, P

s̈b
k,k, P

db
k,k, P

ḋb
k,k, P

d̈b
k,k

]�

. (34)

P bb
k,k = var[bk | rk, θk]. (35)

2) Generate Sigma Points: Due to the singularity of the

measurement noise covariance (22), there may be an increased

possibility of the state covariance being negatively defined. To

improve the numerical stability of unscented transformation

(UT) in UKF, the singular value decomposition of state

covariance is used to generate the sigma points [25].

Definition 1: Let define

σi =
√

λi((Pxaxa

k,k )�Pxaxa

k,k ), i = 1, 2, . . . , n (36)

where σi denotes the singular value of Pxaxa

k,k , λi(·) is the

function to get the ith characteristic value of matrix.

Thus, the symmetrical positive semidefinite matrix Pxaxa

k,k

can be decomposed as

Pxaxa

k,k = U

[

D 0
0 0

]

V, (37)

where U and V are unitary matrix, and D is a diagnal matrix

with all the nonzero singular values of Pxaxa

k,k , i.e.,

D = diag(σ1, σ2, . . . , σn). (38)

Instantiating (38) into UT processing, the sigma points can

be calculated as

X 0
k,k = xa

k,k (39)

X j
k,k = xa

k,k +
[

U
√

(Nx
s + λ)DU�

]

j
, j = 1, . . . , Nx

s (40)

X j
k,k = xa

k,k −
[

U
√

(Nx
s + λ)DU�

]

j−Nx
s

, (41)

j = Nx
s + 1, . . . , 2Nx

s

where Nx
s represents the dimension of the augmented state

vector xa
k.

3) Calculate the Predicted State xa
k+1,k and Associated

Covariance Pxaxa

k+1,k:

(X j
k,k)

∗ = Fa
kX

j
k,k, xa

k+1,k =

2Nx

s
∑

j=0

w
(m)
j (X j

k,k)
∗, (42)

Pxaxa

k+1,k =

2Nx

s
∑

j=0

w
(c)
j ((X j

k,k)
∗−xa

k+1,k)((X
j
k,k)

∗−xa
k+1,k)

�+Qa,

(43)

where w
(m)
j and w

(c)
j is given by

w
(m)
0 =

λ

Nx
s + λ

,w
(c)
0 =

λ

Nx
s + λ

+ (1− ζ2 + β), (44)

w
(m)
j = w

(c)
j =

1

2(Nx
s + λ)

, j = 1, ..., 2Nx
s , (45)

where λ = (Nx
s + κ)ζ2 −Nx

s , where ζ represents the control

factor for sigma point distribution, κ is a scaling parameter,

and β is a nonnegative constant.

4) Update:

Yj
k,k = ha((X j

k,k)
∗), ya

k+1,k =

2Nx

s
∑

j=0

w
(m)
j Yj

k,k, (46)

Sa =

2Nx

s
∑

j=0

w
(c)
j (Yj

k,k − ya
k+1,k)(Y

j
k,k − ya

k+1,k)
� +Ra, (47)

Ga =

2Nx

s
∑

j=0

w
(c)
j ((X j

k,k)
∗ − xa

k+1,k)(Y
j
k,k − ya

k+1,k)
�, (48)

Ka
k+1 = Ga(Sa)−1, (49)

Pxaxa

k+1,k+1 = Pxaxa

k+1,k −Ka
k+1S

a(Ka
k+1)

�, (50)

xa
k+1,k+1 = xa

k+1,k +Ka
k+1(z

a
k − ha(xa

k+1,k)). (51)

V. SIMULATIONS AND REAL-MEASURED DATA PROCESS

In this section, both numerical simulations and real-

measured data are provided to validate the effectiveness of

the proposed HR-UKF method. Due to Zhang et al. [12] not

considering the problem of multiland-road vehicle tracking,

the proposed method is only compared to the traditional UKF

tracking algorithm.

A. Numerical Simulations

The performance of the proposed HR-UKF algorithm is

analyzed for two different scenarios with the target traveling

at nearly constant velocity. The parameter settings for the

scenarios are as follows: sampling time T = 1 s; process noise

standard deviation of the tracker δs = 0.5 m/s, δd = 0.5 m/s;

slant angle of the lane α = 1.5342 deg; measurement noise

δr = 2 m, δv = 1 m/s, δθ = 0.15 degrees; spatial density of

false alarms λφ = 5× 10−3; detection probability Pd = 0.95.

The UKF-related parameters are ζ = 1, κ = 2, β = 2.
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Fig. 3. Illustration of the tracking results for different method in Scenario 1.
(a) The traditional UKF method. (b) The proposed HR-UKF method.

(a) (b)

Fig. 4. The RMSE performance of longitudinal and lateral motion in Scenario
1. (a) The RMSE of longitudinal motion. (b) The RMSE of lateral motion.

The first (Scenario 1) and second (Scenario 2) scenarios

consist of N = 3 lanes, each having a width of 2Δ = 4m.

In Scenario 1, the target travels on the road (from bottom to

top) while maintaining a constant velocity and staying in the

current lane. In Scenario 2, the target undergoes lane changes

(from left to right) two times during the simulated duration.

1) Scenario 1

In the Cartesian coordinate system, the parameter settings

are as follows: the initial sensor location is [0 m, 0 m]; the

starting point of the road segment is x0 = y0 = 0 m; the

target’s initial location is [10 m, 40 m]; the target’s initial

velocity is [10 m/s, 5
tanα m/s]; the target’s initial acceleration

is [0 m/s2, 0 m/s2].
Fig. 3 illustrates the truth trajectory and the tracking results

of different methods for a sample run. It can be intuitively seen

that the proposed HR-UKF method demonstrates enhanced

tracking stability, with reduced track jitter. This is a result

of incorporating heading restrictions into the UKF tracking

framework, enhancing both track association and updates.

Fig. 4 illustrates the RMSE performance of longitudinal

and lateral motion after 100 Monte Carlo runs. A comparison

of the position RMSE between two methods reveals that

the traditional UKF tracking algorithm exhibits poor position

estimates, attributed to its failure to consider heading restric-

tions. In contrast, the proposed HR-UKF tracking algorithm

demonstrates improved tracking accuracy.

2) Scenario 2

In this scenario, the target undergoes two lane changes at

time steps k = 25 s and k = 55 s. Fig. 5 and Fig. 6 display

the tracking results and the position RMSE performance in

longitudinal and lateral motion. It is evident that the proposed

HR-UKF method outperforms the traditional UKF method in

terms of the tracked trajectory and position RMSE.
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Fig. 5. Illustration of the tracking results for different method in Scenario 1.
(a) The traditional UKF method. (b) The proposed HR-UKF method.

(a) (b)

Fig. 6. The RMSE performance of longitudinal and lateral motion in Scenario
1. (a) The RMSE of longitudinal motion. (b) The RMSE of lateral motion.

Additionally, as depicted in Fig. 6(b), the tracking error

in lateral motion may increase during lane changes. This

outcome is reasonably explained by the impact of hysteretic

track updates. Specifically, the state covariance of target track

converges to a relatively small value before the lane changing

stage. However, the track state fails to update promptly at the

onset of a lane change, leading to an increase in tracking error.

B. Real-measured Data Process

To further validate the excellent tracking performance of the

proposed HR-UKF method, the real-measured data process is

conducted.

The depicted realistic traffic scene in Fig. 7(a) and Fig. 8(a)

unfolds at a traffic light intersection. Within this dynamic en-

vironment, various vehicles navigate either along their current

lane or make lane changes. 1

As depicted in Fig. 7, a comparison of trajectories in the

far region of the radar reveals that the proposed HR-UKF

tracking algorithm outperforms the traditional UKF method

in terms of both tracking accuracy and smoothness. Due to

measurement jitter in the far region of the radar’s field of

view, the quality of tracks produced by the traditional UKF

method has been severely degraded. Moreover, multi-vehicle

tracking is investigated as shown in Fig. 8. In this scene, one

vehicle keeps moving in its current lane, while another vehicle

initiates a lane change at approximately 120 m (crossing from

lane 1 to lane 2). Notably, the UKF tracking algorithm exhibits

tracking errors, and even incurs cross-lane inaccuracies.

In conclusion, the proposed HR-UKF algorithm effectively

enhances the quality of multilane-road vehicle tracking.

1This study specifically focuses on precisely tracking actively moving
vehicles, deliberately excluding tracks associated with vehicles displaying a
move-stop pattern from our consideration.
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Fig. 7. Illustration of tracking result of real-measured data processing. (a)
Realistic traffic scene. (b) Traditional UKF. (c) The proposed HR-UKF.
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Fig. 8. Illustration of tracking result of real-measured data processing. (a)
Realistic traffic scene. (b) Traditional UKF. (c) The proposed HR-UKF.

VI. CONCLUSIONS

This paper proposes an HR-UKF tracking algorithm for

multilane-road target tracking in a 2D road coordinate sys-

tem, incorporating heading restrictions into the Kalman filter

framework. Two typical situations, lane keeping and lane

changing, are investigated in this work, wherein two pseudo-

measurements are constructed, resorting to the constrained

relationship between position and velocity elements. In both

situations, the tracking performance is significantly improved

in terms of longitudinal and lateral motion compared with the

traditional UKF algorithm.
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