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A Method For Finding The Image Pair Capturing The Same Object
Based On Local Image Features

ATSUSHI YASUDA™  TOSHIKAZU WADAT?

Crime investigation based on surveillance videos requires time and manpower consuming work, where the main
task is to find the same person captured by different videos. This task is important for tracing the suspects or
related people, and the results sometimes provide important cues for solution. However, so many surveillance
videos are working in urban areas, and the investigators gather them and inspect them by using many workers for
long time. If this task is automated, we can reduce the number of workers and overlooking. Also the automated
system works faster than human inspection, we can accelerate the investigation process. This paper proposes a
system finding the image pair capturing the same person based on local features. This implies our method does not
require human detection or tracking. This property is suitable for practical situations, where people are occluded by
obstacles, and most human detection systems fail. Our method detects local features for input image and by
suppressing those features detected at the background region. The resulted local features are assigned as positive
images and by computing the Commonality measure derived from Diverse Density, we can find the image pairs
having high commonality. We applied our method to multiple video sequences, and confirmed that the proposed
method is promising when the local features are roughly preserved.
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