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Social interactions are essential in our daily activities and automatic mod-
elling of interactional exchanges has become an active research topic over
the last few years. An important step towards the analysis of social beha-
viour and the understanding of social interactions involves the identifica-
tion of groups of people, which is the goal of this work.
We propose to perform group detection from videos in real surveillance
scenarios through a Dirichlet Process Mixture Model (DPMM) [1]. Within
this model, groups are represented as components of an infinite mixture
model, and individuals are seen as observations generated from them.
Each individual is represented by its position (x and y coordinates) and
velocity (decomposed in heading direction and module) and groups are
detected in an unsupervised way by performing clustering in the feature
space defined above. The introduction of a “social” constraint based on
proxemics rules proposed by Hall [3] allows to only maintain components
associated to groups satisfying theories from social psychology.
In order to keep computation fast and compatible with real-time video
analysis, we propose a sequential variational inference performing single
parameters updates rather then iterating to convergence for each single
frame (see Figure 1). This approach builds upon ideas by Neal and Hin-
ton [5] and is possible because grouping configurations evolve smoothly,
allowing to exploit the temporal correlation across consecutive frames to
refine the detection of groups taking advantage of the evolution of the ob-
servations. The posterior distribution estimated at one time step can then
act as prior knowledge for the following one, distributing inference over
time. This sequential approach also allows to take advantage of the dy-
namics of observations evolution without explicitly modelling it, which is
a valuable feature in cases where no prior knowledge on such dynamics
is available to be coded in the model.

The method has been tested on two public benchmark datasets for
group detection: the BIWI dataset [6], containing the eth and hotel se-
quences, and the Crowd by Example dataset [4], containing the zara01,
zara02, students003 sequences. In order to capture all the relevant
aspects of group detection, comparison with two benchmark methods has
been performed. The proposed method outperforms that by Yamaguchi
et al. [7] on 4 out of the 5 considered sequences, and that by Bazzani et
al. [2] on the chosen test sequence. Examples of the qualitative results
obtained by our method are reported in Figure 2 along with the ground
truth.

Summarising in this paper we propose a model for group detection
which

• Does not require to fix a priori the number of groups to find.

• Can dynamically adapt the number of groups from frame to frame
to effectively match the observed data, also coping with split and
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Figure 1: Pictorial representation of the proposed single-step variational
inference scheme.

Figure 2: Qualitative results on eth (first row), hotel (second row), and
zara01 (last row). The ground truth position of individuals and groups
are shown with green circles and segments, respectively. The estimated
groups are depicted as orange convex hulls (best viewed in colors).

merge of groups.

• Can take advantage of the dynamics of the data without explicitly
modelling it.

• Produces results through online inference.

• Can perform real-time processing up to 42 fps (bounded by the
pedestrian detector performance).

Experimental results show that our method outperforms state-of-the-art
methods on evaluation metrics capturing different aspects of group detec-
tions, suggesting a better overall performance.
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