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An Algorithm for Fast Visual Location with the Humanoid
Robot in Indoor Environment
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Abstract; Visual location is one of the most important issues in robot visual navigation. The locating effi-
ciency has a large impact on the performance of the visual navigation. A fast visual location method is
proposed;: BRISK is employed as the local invariant features, the scene model based on aggregate is de-
scribed and the similarity of the scenes is measured by Sorensen coefficient to avoid complex computation
for efficiency. The method has been verified by simulation and experiment with a humanoid robot in in-
door environment. The effectiveness is 99% and the average measuring time is 0. 03 s (33 fps). The re-
sult demonstrates that the method has good performance in terms of effectiveness, robustness and real
time.
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Table 1  The effectiveness of algorithm
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