E TR Electronics and Telecommunications Trends

AR AS B3X1 712 ST

Trends in Temporal Action Detection in Untrimmed Videos

221 (Jinyoung Moon, jymoon@etrire.kr)  A[ZHX|S0i1Al Qo112
28 (Hyungil Kim, hikim@etri.re.kr) AZ R SHTA Molodrel
4Z2 (Jongyoul Park, jongyoul@etrirekr)  AIZXISTH HAATH/HF

ABSTRACT

Temporal action detection (TAD) in untrimmed videos is an important but a challenging problem in the field
of computer vision and has gathered increasing interest recently. Although most studies on action in videos
have addressed action recognition in trimmed videos, TAD methods are required to understand real-
world untrimmed videos, including mostly background and some meaningful action instances belonging
to multiple action classes. TAD is mainly composed of temporal action localization that generates temporal
action proposals, such as single action and action recognition, which classifies action proposals into action
classes. However, the task of generating temporal action proposals with accurate temporal boundaries
is challenging in TAD. In this paper, we discuss TAD technologies that are considered high performance
in terms of representative TAD studies based on deep learning. Further, we investigate evaluation
methodologies for TAD, such as benchmark datasets and performance measures, and subsequently
compare the performance of the discussed TAD models.
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