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Abstract

In general, feature detection and tracking algorithms is classified by EBGM using Garbor-jet,
NNC-R and STK algorithm using pixel eigenvalue. In those algorithms, EBGM and NCC-R detect
features with feature model, but STK algorithm has a characteristics of an automatic feature
selection. In this paper, to solve the initial problem of NR tracking in STK algorithm, we detected
features using STK algorithm in modelled feature region and tracked features with NR method. In
tracking, to improve the tracking accuracy for features by NR method, we proposed BMA-NR
method. We evaluated that BMA-NR method was superior to NBMA-NR in that feature tracking
accuracy, since BMA-NR method was able to solve the local minimum problem due to search
window size of NR.
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Table 2. Comparision of NBMA-NR and
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Table 3. Comparision of NBMA-NR and

BMA-NR for 8-feature tracking.
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Fig. 8. Result of feature tracking: (a) O-frame
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