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# 1 MED DEV-O dataset T®D AP
Table 1 AP of the proposed and comparative method with the MED DEV-O

dataset.
Event Class Tang et al. [1] | proposed method

Birthday party 4.38% 1.64%
Changing a vehicle tire 0.92% 1.14%
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Making a sandwich 0.84% 1.74%
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Working on a sewing project 5.48% 0.79%
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Abstract Event detection methods from videos using results of object detection have been proposed.
Detection errors of object detectors cause low accuracy of those event detection methods. However, there
is a tendency of misdetection; object detectors misdetect objects which are similar to target objects. In
this paper, we explore the possibility to detect events from videos with noisy object detection results.

Experimental results suggested the possibility.

Key words Event detection, object detection, nearest neighbor search



