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Abstract

This paper describes a panoramic view-based localization in outdoor environments. Our local-

ization method performs an object-based comparison to be robust to changes of weather and seasons. Our
previous method applied a support vector machine (SVM) algorithm to object recognition and localization
and exhibited a satisfactory performance but was sometimes sensitive to the variation of the robot’sheading.
This paper thus extends the method to use panoramic images. By searching the image for the region which
matches the model image the most, a new method can considerably improve the localization performance
and provide the robot with globally correct directions to move.
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Fig. 1. Two-stage localization using SVMs.
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Fig. 2: Localization failure when using a conventional camera.
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Fig. 3: An example path in our campus.
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(b) A test image taken on 2005/12/28 at 4pm (cloudy).

Fig. 5: A training and test image taken at a same location.
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Fig. 6: A localization result using the panoramic image.
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Table 1. Comparison of localization methods.

Success | Highest-score
ratio ratio
96% 96%
88% 78%
95% 57%

SVM (panoramic)
SVM (conventiona)[8]
Hand-crafted models [7]
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Fig. 7: Determining the target direction.
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Fig. 8: Resolving ambiguity in determining the target direction.
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