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Vehicle Motion Reconstruction via Multi-Modal Sensor Fusion
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Abstract : Recent explosive interests in autonomous driving have led to the development of various background technologies.
Among them, vehicle localization and pose estimation are needed directly or can be used for advanced applications, which is
why these topics have been consistently studied from the past. Although a lot of research have been done in this field, most of
the studies assumed ideal driving scenarios where all sensor data are available throughout the experiment. However, this is not
the case for general driving, where sensor signals can be degraded or even be lost for extreme cases. Thus, this study presents a
novel sensor fusion framework to enhance vehicle motion reconstruction, even for challenging scenarios. Other than
conventional INS and GNSS, learning-based lane detection system is added to the sensor configuration to enhance estimation
accuracy. Robustness and performance of proposed sensor fusion framework was verified through the comparison with State-
of-the-Art visual odometry algorithms, by testing on real vehicle driving dataset.

Key words : Autonomous Driving(A}-£-<= ), Multi-Modal Sensor Fusion("2 E] L& AlA] F7), INS, GNSS, Nonlinear Least
Squares Optimization (W] A3 Z AAl5 & 2 3h)

Nomenclature 8¢ :rotation perturbation vector € R3*1
8v : velocity perturbation vector € R3*?

R : SO3 rotation matrix € R3*3 8p : position perturbation vector € R3*!
v : velocity vector € R3*?
p : position vector € R3*1 Subscripts
b® : acceleration bias vector € R3*! i :state number index
b9 : gyro bias vector € R3*1 INS : INS cost function residual vector indicator
[ :lateral lane distance € R GNSS : GNSS cost function residual vector indicator
L : relative lane point vector € R3*1 LANE : lane cost function residual vector indicator
Q :INS covariance € R*?
Y : measurement covariance Superscripts
L : cost function j :lane preview number
r : cost function residual vector A: hat operator (maps R3*! vector to R3*3 skew
Exp : SO3 exponential mapping from R3*! to R3*3 symmetric matrix)
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