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Abstract

This paper presents a classifier-based ap-
proach to recognize possibly sophisticated
events in video surveillance. The aim of this
work is to propose a flexible and generic event
recognition system that can be used in a real
world context. Our system uses the ensem-
ble of randomized trees procedure to model
each event as a sequence of structured ac-
tivity patterns, without using any tracking
method. FExperimental results demonstrate
the robustness of the system toward artifacts
and passer-by, and the effectiveness of its
framework for event recognition applications
in visual surveillance.

1. Overview

The growing number of cameras in public and pri-
vate areas increases the interest of the image process-
ing community in automated visual surveillance sys-
tem. Nonetheless, there is still a broad gap between
what automated systems offer and the actual needs
of the industry (Dee & Velastin, 2007). The system
we propose aims at reducing this gap, by using a co-
herent framework that links local and coarse features
with meaningful concepts. Those local features are at-
tributes representing the moving objects (the blobs)
in the scene, at each frame. No tracking procedure
nor intermediate reasoning (eg. occlusions) is needed
which leads in a greater genericity. The framework
we propose (figure 1) relies on two main parts that
are both based on the ensemble of randomized trees
concept (Geurts et al., 2006).

In the first stage (section 2), sophisticated features are
built by clustering the blobs according to their fea-
ture’s values at each frame. Those clusters are tagged,
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Figure 1. Overview of the system

and each tag is then associated to the appropriate
frames in the video sequences. In the second stage
(section 3), the events are classified, based on the tem-
poral distribution of those tags in the sequences. The
main idea is to discriminate event classes by investi-
gating the temporal relationships between the tags, for
example by asking if there is a blob of one type before
a blob of another type. This framework is inspired
from Geman works in (Amit & Geman, 1997).

2. Construction of elaborated features
and definition of tags

From the blob’s features, we adopt an information-
theoretic approach and cluster similar blobs by using
the decision tree methodology. Two sets of clustering
trees are built according to the type of attributes used
by the trees:



e In the first pool, attributes are based on blob’s
features (i.e its position, size and velocity)

e In the second pool, attributes are based on pair
of blob’s features (i.e the distance between the
blobs and their relative velocity). For efficiency,
from all pairs of blobs in each frame, we keep only
pairs having a relatively short distance between
the blobs

At each node of one tree, a question is selected by
choosing one attribute, i.e by picking one feature and
one threshold that reduce as much as possible the class
entropy within the node. Thereby, each blob (or pair
of blobs) inherit the event class of the whole sequence
it belongs to.

Once the trees are built, we tag each node of the trees,
except for the root node. Hence, by definition, each
tag correspond to a specific combination of coarse and
local features, that characterize each frame of the video
sequences. Diversity of the tags can then be boosted
by increasing the number of the clustering trees Nor,
while more specificity is obtained by increasing the
depth of the trees. For instance, we observed in our
experiments that the system achieved the best perfor-
mance for Nop =~ 10. This supervised clustering pro-
cess allows each tag to be more discriminant regarding
the event classes, while using only local information
(each frame individually).

3. Modeling the spatio-temporal events
with randomized trees

Once the elaborated features are computed, we use
another set of randomized trees to model and classify
the video sequences, based on the spatio-temporal ar-
rangement of those advanced features. This is done
by defining the two output branches of a tree node
based on the presence/absence of a specific temporal
arrangement A of tags in the video sequence. In order
for these arrangements to be scale invariant (and bet-
ter fit the notion of visual surveillance event), coarse
binary relations like ”before”, ” after” and ” at the same
time” are used. An example of arrangement would
then be: tag x exists "before” tag y which exists ”at
the same time” as tag z.

At the root node N, a tag T, from the full set 7 of
tags is chosen. The Question (Qo) is "Does T, ewist
in the training sequences?”. Those training samples
for which Qn, = 0 are in the "no” child node and
we search again through 7. Those samples for which
@n, = 1 are in the ”yes” child node and we then put
T, among the participating tags 7,. Further question

can be:

31,7 T, eT
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with < meaning 'before’, | during’ and > ’after’.

4. Experiments and perspective

The described system was tested on two scenarios.
The first one used simulated video surveillance events,
while the second is a real case scenario, which occurs
in the entrance lobby of a public company. More in-
formation about those datasets can be found on the
web . Results are encouraging our framework, even
if passer-by or by-stander are significantly decreasing
the accuracy.

Further improvement could then analyze how to use
histograms of similarity between the blobs to enrich
our elaborated features and gain some robustness,
along with features characterizing each frame more
globally (i.e. the number of blobs in the frame, the
density of the moving objects in each frame, the aver-
age/variance of each features..). We will also focus on
using an active learning procedure in order to interact
with the user, and to be able to enhance the system
on line.
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