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Human Interaction Recognition Using Spatio-Temporal Words
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Abstract  This paper proposes a hierarchical approach for recognizing person-to-person interac-
tion in indoor scenario from a single view, which is based on spatial-temporal feature extraction
and representation. The dense space-time interest points detected from videos are divided into
two sets exclusively according to the history information along the evolvement and the connectivi-
ty of the two human silhouettes. Then K-means clustering performs on points in the training set
and learns the spatial-temporal codebook. For a given set of interest points, a spatial-temporal
word is built by allowing each point to vote softly into the few centers nearest to it and accumula-
ting the scores of all the points. The Conditional Random Field (CRF) whose inputs are the spa-
tial-temporal words is used to modeling the primitive actions for each person, and common sense
domain knowledge and first order logic production rules with weights are employed to learn the
structure and the parameters of Markov Logic Network (MLN). The MLN can naturally in-
tegrate common sense reasoning with uncertain analysis, which is capable to deal with the uncer-
tainty produced by CRF. Experiment results on the interaction dataset are provided to demon-

strate the effectiveness and the robustness.
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person and the interactions among different persons.
Features used in the existing methods can be divided into
three categories (Niebles et al. ) ; static features based on ed-
ges and limb shapes, dynamic features based on optical
flows, and spatial-temporal features based on space-time vol-
ume data. In particular, features from spatial-temporal inter-
est points have shown to be useful in the human action recog-
nition task, providing a rich description and powerful repre-
sentation. Each video sequence is represented as a spatial-

temporal word by extracting space-time interest points. The
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dense space-time interest points detected from videos are di-
vided into two sets exclusively according to the history infor-
mation along the evolvement and the connectivity of the two
human silhouettes. Then K-means clustering performs on
points in the training set and learns the spatial-temporal code-
book. For a given set of interest points., a spatial-temporal
word is built by allowing each point to vote softly into the
few centers nearest to it and accumulating the scores of all
the points.

Since many methods have been presented for human in-
teraction recognition. Inspired by the hierarchical recognition
framework, the authors divided the task into two consecutive

processes: primitive action recognition and interaction model-

ing. Temporal models such as HMMs have been widely used

to model human primitive actions. However, a strong as-
sumption of independence is usually made in such generative
models. The authors use Conditional Random Field (CRF) to
model the primitive actions of a single person. The inputs of
CRF are the spatial-temporal words and common sense do-
main knowledge and first order logic production rules with
weights are employed to learn the structure and the parame-
ters of Markov Logic Network (MLLN). The MLN can natu-
rally integrate common sense reasoning with uncertain analy-
sis, which is capable to deal with the uncertainty produced by

CRF. Experiment results on the interaction dataset are pro-

vided to demonstrate the effectiveness and the robustness.



