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Abstract : In this paper, the target vehicle trajectory prediction is proposed in order to improve the accuracy and robustness
against the noise of the sensors. The physics-based model and maneuver-based model are composed and integrated to predict the
trajectory accurately. First, the physics-based model is designed using the relative position information of the vehicle. Second, the
maneuver-based model reflects the vehicle driving pattern, such as lane keeping or changing. The maneuver-based predicted
model candidates are selected through a probabilistic approach. The integrated prediction algorithm is implemented through a
physics-based model and a stochastically selected trajectory candidate. In particular, the proposed algorithm can only be designed
by using the onboard sensor data, and it is validated by using the computer simulation software, CarSim and MATLAB/Simulink,

and experimental test.
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Nomenclature
X,y : relative longitudinal/lateral position, m
X,y  :relative longitudinal/lateral velocity, m/s
X,y : relative longitudinal/lateral acceleration, m/s?
T, : sampling time, sec
w : process noise
v : measurement noise

a, b, ¢ : maneuver-based model parameter
n,m :sigmoid function parameter

M : maneuver-based model

: measurement variable

: estimated state

: kalman gain

: error covariance

: system model variable

: state transition matrix

TN oA v ox s N

: measurement matrix
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: process noise covariance matrix
: measurement noise covariance matrix
: likelihood
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Subscripts

: relative

: longitudinal direction

: lateral direction

: longitudinal, lateral

: time

: transpose

: predicted value

: lane change to left motion

: lane keeping motion

: lane change to right motion

: root-mean-square
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