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Abstract

This paper presents a method that estimates distance and velocity of an object with reliability regardless of maneuver
status of the target in stereo vision system. A stereo vision system can calculate a distance with disparity from left and
right images. However, the distance estimation error may occur due to quantization error of image pixel. A sub-pixel
interpolation method minimizes the quantization error and estimates accurate disparity with real value. Extended Kalman
filter (EKF) was used to minimize the error covariance and estimate the object’s velocity. However, divergence problem
occurs due to model uncertainty when a target maneuvers highly, which makes the estimation error increase. In this
paper, we propose a virtual model extended Kalman filter (VMEKEF) method that minimizes the processing time and
provides reliable estimation ability regardless of maneuver status. Computer simulations and experimental results in real
road environments demonstrate that the proposed method gives a reliable estimation performance and reduces processing
time under various maneuver status while comparing other estimation filters.

Keywords : stereo vision, state estimation, sub-pixel interpolation, Kalman filter, maneuver
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2.
2. Distance estimation method using IPM approach.
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