HE A FE RS WGk -13-4-9-
$13% H4%, 2008, 7. 2008-13-4-21

Place Modeling and Recognition using Distribution of
Scale Invariant Features
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Abstract

In this paper, we propose a place modeling based on the distribution of scale-invariant features, and
a place recognition method that recognizes places by comparing the place model in a database with the
extracted features from input data. The proposed method is based on the assumption that every place can
be represented by unique feature distributions that are distinguishable from others. The proposed method
uses global information of each place where one place is represented by one distribution model. Therefore,
the main contribution of the proposed method is that the time cost corresponding to the increase of the
number of places grows linearly without increasing exponentially. For the performance evaluation of the
proposed method, the different number of frames and the different number of features are used,
respectively. Empirical results illustrate that our approach achieves better performance in space and time
cost comparing to other approaches. We expect that the proposed method is applicable to many ubiquitous
systems such as robot navigation, vision system for blind people, wearable computing, and so on.

» Keyword : 2AA|1 261 EX(Scale-invariant Feature), E&E2Z(Feature Distribution), &9l
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Features

50 100 180 200 250 300 350

P{ | 991 100 100 100 100 100 100

of Frames P2 | 782 8.7 905 938 94 100 100
P3| 983 100 100 100 100 100 100
PO 1 5 10 6 P4 | 951 909 933 100 100 100 100
P1 974 99.3 99.3 100.0 P5 | 921 949 983 100 100 100 100
P2 58.3 67.2 85.0 85.0 P6 | 883 912 949 968 993 996 996
P3 99.0 95.3 100.0 100.0 P7 | 877 80 81 85 956 972 972
P4 75.0 87.7 100.0 100.0 P8 | 894 945 950 954 980 981 989
P5 75.0 91.7 100.0 100.0 PO | 781 829 939 980 980 985 987
P6 70.6 89.8 100.0 100.0 P10 | 873 932 949 968 993 996 996
P7 77.2 92.7 935 99.8 P117] 911 989 999 100 100 100 100
P8 817 88.8 99.0 100.0 HF | 89.52 92.84 9535 97.21 98,69 99.36 99.45
P9 84.5 97.3 99.2 100.0
P10 79.9 86.2 100.0 100.0
P11 835 96.3 100.0 100.0
B 80.19 90.21 97.82 98.62
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