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Figure 1: An illustration of the detection pipeline for the ’drinking’ action: (1) a frame from the input video, (2) spatio-temporal features are
computed throughout the video, (3) exemplar-based hypotheses are generated and scored, (4) a grouping algorithm yields two distinct detections.
Over recent years, a lot of progress has been made towards automatic annotation of video material, especially in the context of object and scene
recognition. However, in comparison, action recognition is still in its
infancy. Whereas originally silhouette-based approaches or approaches
based on pose estimation have been studied mostly, good results have
been reported recently using extensions of traditional object recognition
approaches to the spatio-temporal domain [2, 3, 5]. These methods consider actions as typical spatio-temporal patterns that can be modeled using
local features, optical flow, or gradient-based descriptors. It is in this line
of research that our work is situated. More specifically, we build on the
work of Chum et al. [1] which is an exemplar-based approach for object
detection using local features that can be situated somewhere in between
sliding window based approaches and the Implicit Shape Model (ISM) [4].
We extend the exemplar-based object detection work of Chum et al.
[1] to the spatio-temporal domain where we use the recently proposed
local, dense, scale-invariant spatio-temporal features [6]. The overall
pipeline is shown in figure 2.

Detection The detection pipeline extracts all local spatio-temporal features within the video, keeps those belonging to the top N most discriminative visual words, and generates a set of hypotheses. A first pruning step
removes hypotheses that are not deemed useful because of their bounding
box properties. We compute the bag-of-words from the features inside
each hypothesis’ bounding box and assign them a confidence based on
the decision value of the previously trained SVM classifier. A second
pruning step further removes all hypotheses with a confidence value below a pre-defined threshold. Finally, a simple greedy algorithm is used to
merge all hypotheses into several detections. As movie segments, like the
test video, typically contain many shot cuts, we do not allow hypotheses
to merge together across shot cuts. The different steps in the pipeline are
illustrated in figure 1.
We evaluate our approach on the DrinkingSmoking dataset from [3]
and a novel ExtendedDrinkingSmoking dataset, which includes the annotations of 3 additional movies. The latter has also been made publicly
available. On the DrinkingSmoking dataset, we achieve an Average Precision of 45.2% for the ‘Drinking’ action, outperforming the best result
from [3] by 3%. The top 15 of those detections are shown in figure 3.

Figure 3: The top 15 detection results for ’Drinking’ action on the
DrinkingSmoking dataset (top to bottom, left to right). True positives are
shown in green, false positives in red.

Figure 2: Overview of the exemplar-based detection pipeline.

Details of the implemented pipeline together with a quantitative evaluation are described in the paper. We report state-of-the-art results on challenging datasets, extracted from real movies, for both classification and
localization. Although the approach has been stripped of any refinements
that may boost performance further, the results clearly demonstrate its
viability.
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