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ABSTRACT

This paper presents LIDAR static obstacle map based vehicle dynamic state estimation algorithm for urban
autonomous driving. In an autonomous driving, state estimation of host vehicle is important for accurate
prediction of ego motion and perceived object. Therefore, in a situation in which noise exists in the control
input of the vehicle, state estimation using sensor such as LiDAR and vision is required. However, it is difficult
to obtain a measurement for the vehicle state because the recognition sensor of autonomous vehicle perceives
including a dynamic object. The proposed algorithm consists of two parts. First, a Bayesian rule—based static
obstacle map is constructed using continuous LiDAR point cloud input. Second, vehicle odometry during the
time interval is calculated by matching the static obstacle map using Normal Distribution Transformation
(NDT) method. And the velocity and yaw rate of vehicle are estimated based on the Extended Kalman Filter
(EKF) using vehicle odometry as measurement. The proposed algorithm is implemented in the Linux Robot
Operating System (ROS) environment, and is verified with data obtained from actual driving on urban roads.
The test results show a more robust and accurate dynamic state estimation result when there is a bias in
the chassis IMU sensor.
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Fig. 1 Overall architecture of proposed system
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Table 1 Sensor specifications for a test car

Components/Model Specification

— Type: Electric 4—door sedan

Test Car /
. — Length: 4470 mm
Hyundai IONIQ — Width: 1820
— Channels: 16

— Update rate: 5—20 Hz

— Position accuracy: 3 cm

— Angular resolution (horizontal):
0.2 degree

— Update rate: 200Hz
Reference GPS/ | — Position accuracy: 0.4 m

Inertial Labs INS.P (DGPS)/ 0.01 m (RTK)

— Velocity accuracy: 0.03 m/s

3D-LiDAR /
Velodyne VLP—16
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3.2. Process update

AN EA == F7HA] eAlol whgh o] ERT)
WA= Process update® HA o Ex| o] L4l 2}
gkt

Algorithm Map_PU(m[k —1], 0)
cos(0,)
T=|sin(6,) cos(9,) 0,
0 0 1
for all cells m, of m[k —1] do
p' = index2 position(i)

—sin(0,) o

x

i, = position2index(T"' p")
m, [k]=m[k~1]
endfor
return m[k]

Fig. 3 Static obstacle map process update algorithm
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3.3. Measurement update
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Fig. 4 Measurement classification using LIDAR point cloud
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Fig. 6 Aligned map by NDT matching algorithm
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5.2. Dynamic state estimation result
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Fig. 9 Velocity estimation (Combined driving)
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