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OBJECTIVE

We study action detection in video. We systematically assess the role that human
detection can play in action detection. We analyze the statistical properties of In-
tentional movement in action regions and propose a method that leverages such
Intentional movement without requiring explicit human detection or tracking.
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Cluster the graph into action proposals

We find that explicitly incorporating human detection performs worse than implic-
itly incorporating information about the intentional movement of the human.
Our action detection training is weakly supervised and bounding-box free.

Extract improved dense trajectories Build space-time graph on trajectories Perform recognition on the proposals
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Experiments

Datasets : Comparisons:

UCF Sports: 150 videos, 10 actions. DPM-based human detector baseline.
Sub-J-HMDB: 316 videos, 12 actions. MVS, SDPM, FC, RDP, Tubelets,
MSR-II: 54 testing videos, kth for training. IDT+FV, Cao et al., Raptis et al.

The Puzzle : Action requires the intentional movement, or movement to achieve
some active purpose, of an actor. Yet, in works on individual action understanding
like action recognition and action detection,
the explicit use of human detection and sub- =
sequent processing seems unnecessary.
We focus on trajectories since these remain
top-performing action features.

Define a novel distance between trajectories that emphasizes the spatiotem-
noral overlap as motivated by our intentional movement analysis.

Denote the set of n-frame continuous m trajectories extracted a video as T =
{T! ... T™}. The kth point in trajectory i is a vector [x%, fi]' € Z3 indicating
the 2D spatial point location x and the temporal frame f in the video. Category-Independent Action Detection

The trajectory graph G for a video, G = (T, E}, where trajectory in T becomes a f§ | 5rqest component in space-time trajectory graph is considered as action.
vertex in this trajectory graph. Edge set E captures the relationship among pairs of

trajectories; the distance d“ between trajectory T and trajectory 77 is defined as
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‘he Study : We analyze the spatiotemporal relationship between trajectories and
the intentional motion region, by way of annotated bounding boxes.
Trajectories are classified accordingly to this spatiotemporal relationship:
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a high density of trajectories imply intentional motion.
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Method | Boxing vHémdclapping Handwaving o o
Cao ot al. 175 132 267 (left) Quantitative Scores. 09 |
SDPM | 389 239 44.4 o8
Tubelets | 46.0 31.4 85.8 (right) Percentage of 307 |
RDP 41.7 50.2 80.9 ground truth actions that & .,
DPM 60.5 39.5 59.5 our proposals cover. 05 -
ours 94.4 73.0 Q77 16 32 48 64 80 96 112 128
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