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Realtime mobile AR with fast object recognition framework

YUuicHI YOSHIDAt and MITSURU AMBATt

We propose a new fast object recognition method for mobile and realtime AR, which is
highly efficient in computational cost and memory usage. Image-based object recognition is
a problem of finding an image that contains the same object appeared in an input image,
from image database. One of the well known methods of object recognition uses point cor-
respondence between input and reference images. Recently, such method has been applied
to makerless AR because the corresponding points could be also used to calculate relative
position of the object between input and reference images. But, one has to overcome two
problems for implementing such AR system on mobile devices. First, computational cost is
too large for mobile devices to calculate local descriptors such as SIFT, which are used to find
corresponding points. Second, a database is too large and searching the right object takes too
much time. Our proposed method resolves both problems so as to make AR with image-based
object recognition feasible. We evaluate execution time and efficiency of memory usage about
our method. As a result, our method implemented on a mobile device is shown to have the
same level of performance computing with the existing client/server AR system.
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