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Preprocessing Technique for Improving Action Recognition
Performance in ERP Video with Multiple Objects
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Abstract

In this paper, we propose a preprocessing technique to solve the problems of action recognition with Equirectangular Projection
(ERP) video. The preprocessing technique proposed in this paper assumes the person object as the subject of action, that is, the
Object of Interest (OOI), and the surrounding area of the OOI as the ROIL. The preprocessing technique consists of three modules.
I) Recognize person object in the image with object recognition model. II) Create a saliency map from the input image. III) Select
subject of action using recognized person object and saliency map. The subject boundary box of the selected action is input to the
action recognition model in order to improve the action recognition performance. When comparing the performance of the proposed
preprocessing method to the action recognition model and the performance of the original ERP image input method, the
performance is improved up to 99.6%, and the action is obtained when only the OOI is detected. It can also see the effects of
related video summaries.
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Table 2. Experimental results of OOI extractor with videos and compare
with ROI extractor

Class Frames Original ROI (e]e]]
GolfSwing 16 0.0 47 17.7
Biking 16 99.8 99.9 99.9
Basketball 16 0.0 23.6 429
Billiards 16 0.0 87.5 99.6
horse 16 0.0 6.1 2.9
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