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Abstract This paper presents a classifier-based approach to recognize dynamic events
in video surveillance sequences. The goal of this work is to propose a flexible event
recognition system that can be used without relying on a long-term explicit tracking
procedure. It is composed of three stages. The first one aims at defining and building a
set of relevant features describing the shape and movements of the foreground objects
in the scene. To this aim, we introduce new motion descriptors based on space-time
volumes. Second, an unsupervised learning-based method is used to cluster the objects,
thereby defining a set of coarse to fine local patterns of features, representing prim-
itive events in the video sequences. Finally, events are modeled as a spatio-temporal
organization of patterns based on an ensemble of randomized trees. In particular, we
want this classifier to discover the temporal and causal correlations between the most
discriminative patterns. Our system is experimented and validated both on simulated
and real-life data.
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1 Introduction

Context The growing number of stored video data, along with the improvement of
computer vision techniques, increases the interest of the image processing community
in automated video analysis. One of the most thriving application is automated visual
surveillance system[7,12,10], which has two main purposes. The first one is to help
the control room operators in the tedious work of watching the monitored scenes in
real-time. For instance, it might give an alert when suspicious events appear or select
the views having the greatest interest for the operator to watch. The second goal is to
store, organize, and retrieve video sequences, in an intelligent and efficient way. In that
case, detection and recognition of events permits to support automatic or manually
assisted annotation tools.

Challenges What makes an event interesting is quite dependent on the context
at hand. For instance, surveillance systems may monitor cars in parking lots, on a road
intersection, or on highways. They may also observe people in public (airport, train
station, mall, etc) or private place (banks, stores, entrance lobby of a company, etc),
control checkpoints or railways. All these environments define a broad range of target
events, which in turns induces lots of variety in the way visual features are selected
and processed to characterize object of interest and to recognize the events associated
to their behaviors [2,34,9,31,17,21,25,5].

State-of-the-art A detailed description of the previous works related to the au-
tomatic detection of video events is provided in Section 2. We observe that, beyond the
way object are represented and described, most previous systems share a very simi-
lar framework. They always start with a segmentation algorithm, allowing subtracting
the background from each frame. They rely on some a priori information to model
the scene or the human body, analyze the objects motions based on tracking and oc-
clusion reasoning, and finally conclude with an event recognition algorithm [7]. As a
consequence, the efficiency of the event recognition system is strongly dependent on
the video processing algorithms implemented up stream. Long-term tracking typically
suffers from a lack of robustness in most realistic video surveillance scenarios, due to
illumination changes, cluttered background, occlusions, appearance changes, etc.

Our proposal To circumvent the problem induced by tracking errors, we exploit
the regular topology of video data, and decide to represent events based on the spatio-
temporal organization of local patterns of motion features. Specifically, we consider a
classifier-based approach to learn and recognize classes of possibly sophisticated spatio-
temporal organizations of moving objects, detected along the time in the scene at hand.
By considering both the absolute and the relative distribution of motion activities,
our system becomes capable to understand both individual behaviors and interactions
between people. As a specific property, our system does not rely on long-term tracking
procedure or intermediate reasoning (e.g. about occlusions). This is interesting, since it
does not make its robustness dependent on the tracking reliability. But this might also
be constraining in the sense that omitting tracking restricts the class of events that
our system can describe and recognize to events for which the matching of objects of
interest along the time is not required. To circumvent this drawback, future research
should consider detailed appearance-based descriptions of the local patterns detected
at each time instant, so as to become able to discriminate events based on the spatio-
temporal organization of patterns that are likely describing a unique (set of) object(s)
along the time. This would be a direct extension of our framework that could take long
term matching of objects into account, without relying on accurate tracking solutions.



In this paper however, we do not consider such extension, and focus on demon-
strating the efficiency of our video analysis framework in cases for which events can be
recognized without the need for long term object matching. At this point, it is worth
mentioning that defining visual events based on supervised learning of a classifier is
not a trivial task since:

— Events are semantically complex, and their interpretation is often subjective. There-
fore, designing a system that support interaction between the expert and the learn-
ing system (e.g. such as expert systems) is recommended.

— Events are often ambiguous, with a large amount of overlap between classes, espe-
cially in increasingly complex environments.

— Dynamic events are typically variable in length, which means that they are non
stationary over the time dimension. Therefore, the model of each event should be
scale invariant.

— One same event can often exhibit a wide range of motion characteristics. One
requirement for the event detection algorithm is thus to be robust to the possible
variations in an event from the structure of motion in the scene.

— Some events of interest occurs rarely. As a result, there is a broad variation in the
occurrence of the events, and using a supervised learning technique can be knotty
because of the few available training samples for one or more classes.

To cope with those issues, we follow a divide-and-conquer strategy, and propose
to pipeline the recognition process in three main stages that are depicted in Figure 1.
First, the foreground objects are extracted from the video sequences, and described
by space-time volumes (STV') of local features. Formally, each STV roughly describes
the motion and the shape of the objects in the scene, at a particular instant and
location. Second, those STV features are aggregated into a limited set of clusters,
defining a set of coarse to fine local feature patterns. Finally, a decision tree classifier
is used to model the (potentially sophisticated) events of interest in terms of causal
and temporal arrangements of feature patterns along the time. In order to reduce the
risk of overfitting inherent to the limited size of the training data, while maintaining
good accuracy, the classification is based on an ensemble of randomized trees.

Outline Prior works related to visual event recognition are first discussed and
compared to our proposed approach in Section 2. Section 3 surveys the general archi-
tecture underlying our recognition framework. Then, the preprocessing steps, used to
extract the foreground objects features, are detailed in Section 4. Our learning strategy
is then presented. It is composed of a clustering and a tree-growing stage. Those two
stages are respectively described in Section 5 and 6. Experimental validation is pro-
vided in Sections 7 and 8. We first analyze our machine learning strategy in a virtual
environment, and then we test the whole framework in a real environment with the
CAVIAR database. Finally we conclude and pave the way for future research.

2 Related work

The number of works related to human event recognition from video sequences has
recently grown at a tremendous rate.

Sequential process definition and recognition Lots of works related to activ-
ity recognition in public space try to model people behavior based on generative models,
like Hidden Markov Models (HMM) [17,21] or Bayesian Network (BN)[25], to capture



the discriminatory nature of object trajectories. [5] reviews these methods. An HMM
is essentially a quantification of a system’s configuration space into a small number of
states, together with probabilities of transitions between the states. Nonetheless, Stan-
dard HMMs are often inappropriate for detecting visual events where a large variation
of the data as well as discontinuities are present. Hence, more complex formulation of
HMMs, such as layered HMMs, mixture HMMs etc., is often used for dynamic activities
understanding. In [21], the authors compare two state-based statistical learning archi-
tectures (HMMs and Coupled-HMMs) for modeling behaviors and interactions. Given
the limited amount of training data available, they propose to train the learner with
a synthetic agent training system that allows creating flexible and interpretable prior
behavior models. Next to HMM, stochastic context free grammar (SCFG) approaches,
first experimented in language modeling and bioinformatics, have also been used for
detecting the visual events [30].

More recently, methods dealing with dynamic bayesian networks have attempted
to identify human interactions [33] without using any tracking process. Instead of
trying to recognize short actions, the framework presented by Xiang proposes to model
more elaborated events from the pixel changes distribution in the video sequences.
He first detects and classifies object-independent actions at each frame. Then he uses
the Bayesian Information Criterion in order to find a specific set of consistent actions.
Finally, Dynamic Probabilistic Networks are formulated to model an activity within a
video sequence, based on the temporal and causal correlations among discrete action.
Our framework shares some characteristics with Xiang’s work, in the sense that we
use short spatio-temporal template instead of trajectory features to model possibly
complex activities in the scene. However, the two approaches differ significantly in the
way they describe the temporal relationships between clusters of activities, respectively
through dynamic inference and pure classification mechanisms.

As a conclusion, though generative sequential models are reliable to describe ac-
curately the events for which a common structure can be easily learned from training
data, we expect that classifier-based inference approaches are more appropriate when
ill-posed learning problems dealing with sophisticated events that are characterized by
a large amount of variability [7]. Also, classifier-based solutions are better in handling
multi-dimensional and multi-class dataset. For instance, in [23], Perez compared a set
of classifiers for human activity recognition. It showed that HMM performs quite well
when the number of features is limited, but that, compared to most of the classifier-
based approaches, its performance degrades when the number of features increases.
Also, some of the interesting activities to detect were often hardly recognizable due to
the ill definition of the labels in the ground truth.

Space-time volumes of features Another category of methods defends the
direct recognition of the motion itself [2,34,31]. These works share the idea that actions
can be analyzed by looking at a moving foreground object as a space-time volume.
Bobick and Davis [2] were one of the pioneer to experiment this new approach. Using
information derived from binary cumulative motion images, they form a motion history
image (MHI) where each pixel intensity is a function of the temporal history of motion
at that point. The resulting MHI are then compared with a matching algorithm. MHI
are also used in Orrite paper [22] and projected into a new subspace by means of the
Kohonen Self Organizing feature Map (SOM). A new SOM is trained for each action
by combining different views and movement belonging to the same action, which allows
the action recognition to be independent from the viewpoint. Yilmaz and Shah propose
in [34] to match neighboring masks into spatio-temporal volumes in order to represent
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Fig. 1 Event recognition framework. The pre-processing stage considers groups of 6 to 12
consecutive frames, and extracts a set of features that characterize the spatio-temporal vol-
umes (STVs) of activity detected in those frames. The STVs features are clustered, mainly to
reduce dimensionality. Events are then represented and defined based on the spatio-temporal
organization of the SVTs that have been detected along the video sequence.

the actions. Then they compute the trajectories of specific points on the silhouette
boundary, use the Weingarten mapping to determine the relevant action patterns,
and finally use those patterns to infer the events. Similar to us, Wang and Suter
exploit in [31] a dimensionality reduction approach in order to obtain low-dimensional
embedding representations of dynamic silhouettes. They further compute similarity
measures between the representations with the median Hausdorff distance and finally
classify the actions using the nearest neighbor method.

Most of these works aims at extracting meaningful features from space-time tem-
plate of the moving objects in the video. Yet, they consider that each template contains
the whole information about the human action and is enough by itself to infer the events
of interest. Therefore, they restrict themselves to applications where short and individ-
ual close up actions are targeted, like human gesture recognition. Instead, we consider
the topological organization of a set of local feature patterns, potentially associated
to distinct objects, so as to describe activities without any constraint on the temporal
and spatial extent of the event to recognize.



3 Overall architecture

Terminology Following Xiang[33] terminology, we adopt the following definitions
in the rest of the paper. At the most primitive level, a primitive event is a particular
motion or combination of motion and shape whose execution is consistent and localized
temporally in the video sequence, thus requiring no contextual or sequence knowledge
to be recognized. It can represent a simple movement, as well as what’s happening
in a whole video frame (e.g. a moving crowd). At the intermediate level, an action
can be referred as a sequence of movements, where the main required knowledge is
the statistic of the sequence. Much of the gesture understanding systems fall within
this category of motion perception. Finally, at the top level are the activities, which
are larger scale events, typically including causal relationship between some actions or
primitive events and the interaction with the environment. It is thus used for larger
scale scene, possibly involving numerous objects co-existing or interacting in a shared
common space.

Scope and approach In this work, a visual surveillance event is seen as a combi-
nation of primitive human events occurring at specific times and places in a monitored
scene. In order to recognize those events, the proposed framework relies on three main
stages (Figure 1).

In a first stage, a set of preprocessing methods is exploited to detect the foreground
objects and extract useful information from them. This step is essential in automated
visual surveillance system, for which the valuable information is generally composed of
the moving objects (people, vehicles...). Once those objects are extracted, the silhou-
ettes of each object are concatenated temporally on a few frames in order to obtain
space-time volumes (STV). The STV, originally used for gesture recognition, are es-
sential to obtain robust shape and motion features of the dynamic objects in the scene.
The events of interest can then be recognized by reasoning about how the objects look
like, where and how they move, and their possible interaction.

In a second stage, we describe the STV with a set of coarse to fine patterns, in
order to reduce the dimensionality of the data and be able to infer the events. An
unsupervised decision tree method is envisioned to cluster the STV according to their
features. In this process, each node of the clustering trees identifies a specific local
pattern characterizing a group of STV. Thus, each node is labeled, and those labels
are associated to the appropriate time-steps in the video sequences, according to the
type of STV existing in each time-step.

In the third stage, the events are classified, based on the temporal and causal
relationships between the patterns in the sequences, for example by asking if there is a
pattern X ’before’ a pattern Y. Those relationships are specified by coarse constraints
on the temporal arrangement of the patterns, and do not involve absolute temporal
location or scale constraints. The ensemble of randomized trees methodology [8] is used
in order to find the discriminatory patterns and their possible relationships.

At the opposite to Xiang work [33], our intermediate features (i.e. the local pat-
terns) are numerous and not especially consistent. But then only a few discriminatory
patterns are used during the classification stage to model the events. Instead, they
learn statistical models of the temporal sequencing of the primitive events. Therefore
they rely completely on the relevance of their primitive events and on the robustness
of their primitive event recognition method.

This machine learning framework is inspired on Geman works in [1]. He suggests
recognizing specific patterns in images also by using a set of decision trees. In his work,



each node of the classification trees chooses a test that describes a spatial arrangement
between local features. Like us, those local features are labels for clusters made at
a previous step. Those clusters are also clustering tree nodes, where each node is
a successive partition of small sub-images. We propose in this paper to extend this
concept for events recognition in video surveillance sequences. In our case, the challenge
lies in identifying key objects and actions that are indicative of events of interest. If
we use each objects feature independently in a decision tree, the risk is to use features
that belong to uninteresting objects or actions and to over-fit the training data. By
using higher-level descriptors possibly representing a primitive event of interest in the
scene, this risk becomes greatly reduced.

4 Events of interest and features extraction

In this section, we explain how features are extracted from the video sequences to feed
the subsequent classification engines. Since we are interested in discriminating the video
sequences based on their moving objects, we first consider the extraction of foreground
object silhouettes, and then characterize (the movement of) those silhouettes based on
a limited set of features.

Foreground object segmentation Prior to features extraction, the silhouette
of the objects of interest are first computed based on any suitable background subtrac-
tion algorithm [20,16,11,6,19]. The approach we have adopted relies on a mixture of
Gaussian to model the luminance of each pixel. It follows the formulation proposed by
Stauffer and Grimson [29], augmented based on the improvements proposed by Dar-
Shyang Lee in [14]. The main advantage is that it automatically supports backgrounds
having multiple states like blinking lights, grass and trees moving in the wind, acquisi-
tion noise etc. Furthermore, the background model update is done in an unsupervised
way when the scene conditions are changing.

From the images derived from background subtraction, each frame is binarized and
the morphological operations are applied to filter the noise. Then, a fast connected-
component operator is used to differentiate each foreground object, spatially and tem-
porally. Small regions are then eliminated, and big regions are considered as the relevant
objects. In this work, a spatio-temporal volume (STV) is thus defined as a group of
local pixels belonging to the foreground, and linked spatially and temporally, where
the temporal window size is set empirically. In section 8, we build the STVs based on 9
frames, with a 4 frames overlap for video sequences recorded at 25 frames per second.

Features The choice of a set of discriminatory features is crucial for any classi-
fication algorithm. This is even worse in our case, since the features are expected to
capture the essence of the foreground mask appearance changes resulting from distinct
behaviors. Typically, different kinds of features are needed to characterize the indepen-
dent activities of individuals, or the interaction of a group of people. The context might
also play an important role. For instance, the absolute position of the moving objects
is critical to detect an intrusion; whilst in other cases the disorganized displacement in
some open public area might be more representative of a particular stress or anxiety.

In our experiments, we have considered three groups of features to describe each
STV. Those features are expected to be sufficient to discriminate the events at hand.

The first group of features is defined directly based on the outputs of the STVs
segmentation process. Let us consider one particular STV extracted at time t, within
a window of size (2k + 1), ranging from (¢t — k) to (¢t + k). Let (z;,v;) and (w;, h;)



respectively denote the position of the centroid and the bounding box dimensions of
the STV slice extracted at time i, with ¢t — k < i < ¢t + k. We then define a set of
features that characterize the average size and position of the spatio-temporal volume,
i.e.
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The second group of features reflects the intrinsic activity of each STVs. Those
features are discriminatory for most of the events considered in our experiments. They
correspond to the average instantaneous speed and to the average velocity of the object
supporting the SVT. Formally, similar to [15], we have
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From the height h; and width w; of each SVT slice, we compute the following
metrics, reflecting the silhouette appearance change on the temporal interval,
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The third and last group of features has been introduced to reflect and quantify
the interaction occurring between the STVs. They envision each pair (n,m) of STVs
extracted from the (2k 4 1) frames of the window of interest. The features measure the
distance and the difference of speed and velocities between the m*" and the n'" STVs.
They also compute the ratio fg’m, between the sum of velocities and the sum of the
norms of velocities of the two STVs. This ratio gives a good description of the relative
direction between the two STVs, since it tends to 1 when they are moving in the same
direction, and is close to 0 when they are moving in opposite directions.
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In final, the computed features are stored in a table that is used as input by our
tree-based clustering and classification algorithms.



5 Clustering the features into local patterns

The previous section computes an ensemble of features for all foreground objects in the
sequences. Individually, each single feature carries little information about any elabo-
rated event. Discriminative power is expected to arise from the combination among the
features, both spatially and temporally. The idea of the following section is to cluster
the STVs according to their features. Those clusters are local patterns characterizing
primitive events at specific instants in the video sequences, and are represented by a
specific location, shape and motion of the STVs. The main purpose of the clustering
stage is to reduce the dimensionality of the subsequent classification problem.

Since the labels associated to the training samples refer to the global event occurring
in the video rather than to the occurrence of a specific local observation, we do not
have explicit information about whether a particular STVs is discriminatory or not
with respect to some particular event of interest. In particular, it is likely that identical
local patterns do appear in video samples corresponding to distinct events. This is the
case when the events differ in the temporal organization of local patterns rather than
in the observation of a specific pattern at some particular instant. For this reason,
our clustering procedure will be unsupervised. It will thus omit the labels assigned to
the video samples from which STVs have been extracted. Moreover, since we do not
have explicit information about the discriminative power of STVs, we can reasonably
assume that any suitable clustering method will perform equally well regarding the final
recognition rate of the system. For this reason, we have chosen to build our clusters
based on decision trees. They offer the advantage (1) to define embedded, coarse to fine,
and redundant STVs patterns, (2) to be flexible and intuitive in the way they define
the clusters, and (3) to rely on similar and efficient software tools than the subsequent
classification stage.

It is worth noting here that the diversity offered by redundant clusters is compat-
ible with the requirements of the subsequent event classifier. The effectiveness of an
ensemble of randomized trees indeed mainly depends on the variety and weak corre-
lation of the trees, which in turns depends on the diversity of the features considered
to define the attributes in the nodes of the trees. Hence, building diverse (and partly
redundant) clusters is well suited to the subsequent classification task envisioned in
our framework.

Formally, we cluster similar STVs by using the classical unpruned decision tree
methodology. Each node of the tree can be seen as a weak classifier that organizes
the STVs of the input sequences into two branches, based on the binary answer of a
question. Given a set of STVs in a tree node, the growing process selects the question in
a vast database so as to maximize the intra-node distance (i.e. the Euclidean distance
between the attribute values of the examples belonging to the same node) compared
to the inter-node distance. Hence, as explained above, we do not use the events classes,
making this stage completely unsupervised. The family of STVs in entire set of the
video sequences is thus recursively partitioned with binary splits. A stop splitting
criteria can be applied in order to prevent small and non-representative clusters. In our
experiment section, we stopped splitting when the number of STVs in a node reached
less than one percent of the total number of STVs in the training video sequences.

The three groups of features are considered separately to cluster the STV's. We
thus build three pools of clustering trees. An example of clustering tree for the first
pool is proposed in Figure 2. It shows the first three levels along with some instances
from the CAVIAR video sequences. Once the trees are built, each node represents a
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Features: size S, position X and Y, speed V

Root Node

Yes No
Pattern 1 Pattern 2

202 STV

Pattern 3
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| 113 STV | 152 STV | 126 STV

Fig. 2 Example of clustering tree built from the CAVIAR dataset. An attribute is assigned
to each node, characterizing the local STVs in the two branches arising from the node. The
classifier presented in the next section further analyzes the temporal and causal relationships
among the STV patterns.

pattern and is tagged with a number (except for the root node), so that each time-
step of the sequences can be labeled with the appropriate patterns. Therefore, those
patterns are a data-driven combination of the STV features which allows us to reduce
the dimensionality of the data while keeping most of the information. The number of
clustering trees is set empirically, knowing that more trees means more diversity for
the local patterns but also more redundancy and confusion for the subsequent event
classifier, as described in the next section.

6 Tree-based events classification

In the previous section, we have explained how to define a limited number of represen-
tative local STV patterns to represent each video by a sequence of aggregated features.
We now rely on those local patterns to describe the events to recognize in the video
sequence. The purpose of the following section is to design a classification system that
is able to infer knowledge about the events of interest, based on the observed sequence
of STVs. We propose to use an ensemble of randomized trees (ERT) to define the
events through temporal and causal relationships observed between the local patterns
in the training samples.
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6.1 Modeling the events based on spatio-temporal organization of local patterns

Decision trees are here considered to classify the video sequences according to the
spatio-temporal relations observed among their STVs. In each node of the tree, a
binary attribute is selected to partition the input training sequences in two branches,
depending on the presence/absence of a specific arrangement of STVs in the video
sequences. To make those arrangements time-scale invariant!, coarse binary relations
like ”before”, ”after” and ”at the same time” are used. An example of arrangement
would then be: pattern X exists ”before” pattern Y which exists ”simultaneously” to
pattern Z.

The example of a tree that has been built to recognize the events in the CAVIAR
sequence is considered in Figure 3. The left part of the figure presents the list of
local STVs that have been defined by the initial clustering stage, based on the three
categories of features presented in Section 5. The right part of the figure presents an
example of tree path that is followed by the sequences corresponding to the event
"fight’. We observe that each node encountered along the tree path raises one question
related either to the presence of a specific local pattern within the sequence, or to the
existence of a temporal relationship between local patterns.

Formally, we adopt the following methodology to build the decision trees in a
supervised and recursive way. At each node, one question -or attribute- is chosen within
a vast database of candidate questions. As explained below, the question is selected to
provide a significant information gain, i.e. so as to reduce the impurity of the output
variable within the local learning subset. Two formulations are considered to define the
set of candidate questions in node N;. The first formulation selects one STV pattern
P; in the set of patterns Py, extracted from the training sequences in node Nj, and
not yet considered by one of the questions encountered along the path linking the root
of the tree to node N;. A number of binary questions are then envisioned with respect
to this pattern. The simplest one just asks whether P, has been extracted from the
video sample at hand or not. In addition to the inclusion of P; in the sample, more
restrictive questions considers binary relationships between pattern P; and one of the
patterns used in the previous nodes of the tree path linking the root to node IV;. Those
patterns belong to P%ﬁed, and are common to all samples in node N; by construction.
The second kind of formulations directly envisions binary relationships between a pair
of patterns P; and P; exploited in at least one previous node of the tree. P; and P;

are thus selected within the set P]%S.ed

, and the binary relationship is selected within
the [before, simultaneous, after] set of relations.

In order to evaluate the entropy gain resulting from the binary partition associated
to a particular attribute, we compute a Score related to the normalized version of the

Shannon information gain, as proposed by Wehenkel [32]

2.14(S)

FA(5) + Ho(S) ®)

Score =
where S is the set of training video samples in the node, Hx(S) is the entropy of each
class, H4(S) is the entropy of the chosen attribute and Ié(S) its mutual information.
The Score metric varies between 0 and 1, 1 meaning that the classes are completely
separated. In practice however, to mitigate potential overfitting problems, we build our
classifier based on an ensemble of diversified trees, and do not systematically select the

1 Scale invariance is required in numerous visual surveillance contexts.
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Labels definition: Questions asked by a decision tree for this sequence:
T;: Two person are approaching -Does T existinthe sequence?

T, Person quickly going up -Isthere  Tbefore T¢?

Ta: Person dowly moving in the middle -Isthere  Tgatthesametimeas Tg? \

T: Blob quite big with great agitation -Isthere  Tgafter Ts?

Ts: Agitated Persons on the center right pl the scene -Isthere  Toathesametimeas Tg?

Te: Two persons very close and quite agitated Conclusion:

T: Person quickly moving to the right There might be afight in this sequence

Tg: Person not moving

Fig. 3 Modeling an event through temporal relationships between STVs. On the left side of
the figure, a set of STVs clusters (T4...T3) is first created based on the STV features introduced
in Section 5. Temporal relationships between STVs clusters are then considered to classify the
events through a decision tree classifier. The right side of the figure presents an example of
tree path associated to the event 'fight’ in the CAVIAR dataset.

question that maximizes the Score value in a node. More details about the pseudo-
random attribute selection are provided in Section 6.2 below.

Before digging into the mechanics of the classification engine, to explain how an
ensemble of trees can effectively deal with the drawbacks of a conventional decision tree
classifier, it is worth making some comments about the advantages and limitations of
our STV-based model, when describing visual events. By considering both individual
and relative STV features (see Section 5), our system becomes capable to understand
both individual behaviors and interactions between people (see the 'fight’ example in
Figure 3). Besides, as a specific property, our system does not rely on long-term tracking
procedure or intermediate reasoning (e.g. about occlusions). This is interesting, since
it does not make its reliability directly dependent on the tracking effectiveness. But
this might also be constraining in the sense that omitting tracking restricts the class of
events that our system can handle. A priori, our system can handle all kind of events
for which the long term matching of moving objects along the time is not required to
discriminate the events of interest. In practice, this is not really true, since long term
matching can be exploited by our system in cases for which few objects are present
in the scene (in this case matching between objects observed at distinct instants is
implicit), or when the size of objects is sufficient to differentiate them. However, our
system cannot deal with cases for which explicit associations have to be defined among
groups of silhouettes observed at distinct instants. To circumvent this drawback, future
research should consider detailed appearance-based descriptions of the STVs, so as to
become able to discriminate events based on the spatio-temporal organization of local
patterns that are likely describing the same (set of) object(s) along the time. Formally,
this could be done by forcing the nodes of the trees to limit the temporal relationships
investigation to STVs with similar appearance. Hopefully, such a direct extension of our
framework could take long term (probabilistic) matching of objects into account, and
should thus allow covering a broad range of event classes without relying on accurate
tracking solutions. A detailed analysis of such extension is however beyond the scope of
this paper, whose primary objective is to demonstrate the relevance of the two stages
video understanding framework depicted in Figure 1.
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6.2 Ensemble of randomized trees

Similar to numerous previous works [1,3,8], randomization methods are considered
to improve the tree decision accuracy. These methods explicitly randomize the tree-
growing algorithm, and perform multiple runs of the growing process, so as to produce
an ensemble of more or less diversified tree models, whose predictions are aggregated
by a simple majority vote. The purpose of multiple trees is to solve the approximation
error and the estimation error problem at the same time.

In our case, we follow the Extra-Tree methodology [8], meaning that we select
the attributes of the questions at each node partially at random, i.e. we choose the
patterns and the binary relation maximizing the information gain among X (set to 10
in our experiments) randomly chosen patterns/relations. This contrasts with bagging
approaches, which introduce randomization based on sub-sampling of the input training
data. In our case, we do not want to grow the tree models based on a subset of the
training samples because we are often dealing with scenarios for which the training
set is already quite small. Further sub-sampling would thus dramatically impact the
model accuracy.

For completeness, it is worth telling that we stop splitting a node when all the
training sequences in the node belong to the same classes. This criterion is the most
appropriate for applications where few training data are available.

7 Experimental evaluation on simulated data

This section simulates a number of events related to the displacement and interaction
of people in a closed environment. Simulating the events allows analyzing the proposed
recognition framework without being restricted by the number of training samples.
Working in a simulated environment also allows controlling the noise, making it possible
to discuss the robustness of our system to typical noises occurring in a real environment.

7.1 Simulated data set generation

A Matlab code has been written to control the displacement of one or several blobs
(representing objects or individuals) in a closed environment, so as to mimic some par-
ticular event of interest [27]. Formally, each blob is represented at each time instant
by a vector whose components define (1) its position in a rectangular room, (2) its
instantaneous velocity, and (3) its width and height (those two latter are equal for
simplicity). The state vector of each blob is updated according to a random process
whose distribution depends on the event scenario to emulate. Typically, the size of
the blob is chosen according to a uniform random distribution, in an interval that de-
pends on the intrinsic nature of the entity described by the blob (individual or object).
Specific targets, e.g. a scene exit point or another individual, which directly depend
on the scenario to emulate, generally guide the trajectories of the blobs. However, the
instantaneous displacement of each blob is chosen randomly, within an interval of di-
rections and magnitudes that are defined according to the target position and to the
scenario to mimic. When two blobs get very close to each other, a larger blob replaces
the two smaller blobs. The output of the code gives a table containing most of the
blobs features proposed in section 4.
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Five events of interest have been considered:

— Meeting. Two individuals slowly move closer, and stop or walk together once they
get close to each other.

— Pocket-picking. An individual catches up another one, touches it, and runs away
while the other one run after him or simply turn around.

— Fighting. One person catches up another one, touches it and makes random trajec-
tories around it. The other individual then start to act similarly, changing speed
and direction pseudo-randomly around the first one.

— Leaving bag. One person walks at a random place in the scene, stops a few seconds
and leaves the scene in a random direction, abandoning a small motionless object
in the scene.

— Forbidden zone. Someone enters a specific forbidden zone, and stays more than 2
second inside it. Both the arrival and departure direction and velocities are random.

In addition, one 'non event’ class has been considered. The class passers-by is
characterized by an individual going slowly and pseudo randomly through the scene
from one random entry to one random exit.

7.2 Parameters settings, and system components assessment

In this section, we analyze how the performance of our system depends on its key
parameters, and how they degrade when some of its components are not implemented.
In final, it allows us to draw important conclusions regarding the importance of the
clustering stage.

In this section, the performance of the system are measured in terms of accuracy,
which is defined to be the quantity of correctly classified test samples over the total
number of test samples. We use 100 randomly generated test samples of each class for
each trial, while the number of training samples is set by default to 20 per class. Each
trial is repeated five times and results are averaged.

Figure 4 analyzes how our system’s performance depends on:

— The number of clustering trees (Nojystr) envisioned to define the local patterns.
— The number of classification trees (NojqssTr) used in the learning process.
— The number of training sequences per class used (NtyqinSeq)-

Without surprise, the system’s performance monotonically increases with the num-
ber of trees and the number of training samples. Nevertheless, we observe a saturation
effect, when Ngjqss7r and Npyginseq Teaches 50 in this particular case. More interest-
ingly, we observe a local maximum on the curve depicting the accuracy as a function
of the number of clustering trees. It reveals that the number of clustering trees should
be chosen carefully between two extreme cases. On the one hand, too few clusters are
unable to capture the main structures observed in the envisioned application. On the
other hand, using too many clusters is equivalent to exploiting the entire unclustered
feature space.

We now analyze the behavior of our system when some of its components are
downgraded or simply by-passed. For this purpose, we use Nojyserr = 10, NotassTr =
30 while N7y4inseq is set to 20 per class. Figure 5 presents the average performance
obtained in six different cases of alteration :

— Case 1 : This is the reference set up of the system. The accuracy reaches 92.7%.
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Fig. 4 Behavior of our system with respect to the three main parameters. By default, those
parameters are set up at Nojasstr = 30, Noiustr = 10 and Nryginseq = 20

— Case 2 : The features related to the interaction between pairs of blobs (cf equations
4) are not used in the clustering process. The accuracy decreases by more than 7%,
which shows that using appropriate features is essential.

— Case 3 : Clusters are not any more defined based on a hierarchy of features,
but rather based on a single independent feature. Thus, the patterns are not a
combination of intervals coming from different features, but represent instead an
interval of one specific feature. Figure 5 shows that accuracy reduces to (86.3%).

— Case 4 : In this case, the nodes of the classification trees are not using the tempo-
ral relation between the tags. Each node simply chooses a pattern that is enough
discriminatory by itself. Accuracy is reduced to 88.1%. Intuitively, the benefit of us-
ing the temporal arrangement between the local patterns should increase when the
events can be described as an ordered sequence of short actions (or instantaneous
observations).

— Case 5 : Here, the clustering trees are not used. It means that the nodes of the
randomized trees choose directly one feature and one threshold, instead of choosing
(relationships among) local patterns. The system accuracy falls to 71%, which is
the lowest result so far. Nevertheless, this case reaches an upper limit of 84% when
adding 50 more training data for each classes, which reveals that clustering -by
reducing the dimensionality of the subsequent classification problem- is especially
relevant to deal with small training samples.

— Case 6 : In this case, the ensemble of randomized trees are built without consid-
ering the event classes. Hence, the questions at each node are chosen completely at
random (as long as it separates one sample from the training samples). The event
classes of the training samples are only used to assign the appropriate classes to
the leaves of the trees. We observe that the system remains relatively accurate with
88% of correct classification, but with a variance 2 times higher than previous case.

From the results presented in Figure 5, we conclude that Case 3, 4 and 5 demon-
strate the importance of running a clustering stage prior to the classification trees.
First, Case 3 and Case 5 shows that using multi-dimensional representative patterns
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Fig. 5 Accuracy when the features construction or the classification process changes. Each
case corresponds to one specific change in our framework.

(as defined by clustering stage) at each node of the classification trees gives better
performance than directly using individual features.

Second, the clustering stage allows the classification stage to use temporal arrange-
ment between the created patterns, and Case 4 shows that these temporal relations
are useful for modeling the events of interest.

7.3 Evaluating the impact of noise

In this section, we investigate how parasite activities or error-prone feature extrac-
tions may affect the recognition system. By parasite activities, we mean real activities
occurring in the scene, but that are not related to the event of interest. This is for ex-
ample the case of people crossing the scene at hand (i.e. the passers-by). By error-prone
feature extraction, we refer to the artifacts affecting the video sequence analysis, typi-
cally the foreground silhouettes extraction. Table 7.3 analyzes the impact of those two
phenomenons on the recognition accuracy. The first column gives the accuracy when
both the learning samples (LS) and the test samples (TS) are disturbed. In the second
column, only the testing sequences are disturbed. This second case is relevant in the
sense that, in a practical deployment scenario, manual assistance might be considered
to correct erroneous features and/or to erase a potential passer-by.

Table 1 Accuracy when the input data are subject to erroneous features or irrelevant passer-
by’s. Column TS and LS presents the accuracy when both the learning sample (LS) and the
test samples (TS) are disturbed. Column TS corresponds to the accuracy when only the test
samples are disturbed.

Overall Accuracy

Input data TSand LS | TS
Only events 92.7 % 92.7 %
1 passer-by added 779 % 87.7 %
2 passers-by added 61.7 % 82.5 %
3 passers-by added 56.8 % 78.7 %
Random noise added 90.8 % 91.4 %
People split in multiple blobs 87 % 90.1 %

The first row of the table gives the accuracy of the system when using a clean
dataset. The next 3 rows show how the accuracy decreases when up to three passers-
by are crossing the scene. Performances are decreasing quickly, especially when the
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algorithm is trained with the passers-by. Finally, the last two rows of Table 1 demon-
strate the robustness of the system towards two conventional kinds of noise. Random
noise is simulated by adding in each frame of the sequence up to 3 blobs having a
random position, size and speed. It reflects false blob detection due for example to
illumination changes or shadows in real environments. The last row of the table out-
lines a very common artifact in the blobs segmentation process. It replaces the blob
characterizing one person by two or three blobs that are very close to each other.

One of the most important challenges our framework wanted to answer concerns its
sensitivity to the input quality of the video. Four common noises generally affect the
segmentation result, which tends to affect subsequent classification stages. The first
one is randomly distributed, and typically due to the low quality of the camera, the
global illumination changes or other contextual elements. The second noise corresponds
to fragmentation of the foreground object. Table 1 shows that our architecture is quite
robust toward these types of noise. A third common source of error appears when the
foreground objects are hardly differentiable from the background, or when it is too
far or hidden from the camera. This kind of noise leads to excessive missed detections
errors. By being able to pick hierarchically the most discriminative patterns only, our
learner is able to skip moment in the sequences where no valuable data are available,
making our approach able to recognize events even in presence of partial observations.
The fourth common error in the event analysis happens when two nearby people tend
to get clustered as a single merged object (for instance the pattern T4 in Figure 3).
We get over this merged detection error thanks to appropriate STV features.

Nonetheless, one could questions the choice of a tree structure for classification
regarding robustness to noise. Although a single decision tree often tends to over-fit
the data and thus lacks of robustness, ensemble methods applied to decision trees
like ERT proved to be efficient and robust in image classification systems [8]. It was
also applied with success on multivariate time series [28,13]. Our main motivation in
experimenting ERT on video event recognition is its computational efficiency which
makes the system usable in real-time, and also its flexibility, which allows us to tend
towards a greater genericity.

8 Experimental evaluation with the CAVIAR Data Set

This section aims at evaluating the performance of our proposed system in real-life
conditions, and to compare them to previous works.

The video clips considered in this section were captured by the CAVIAR project 2
with a wide angle camera lens in the entrance lobby of the INRIA Labs at Grenoble,
France. The resolution is half-resolution PAL standard (384 x 288 pixels, 25 frames
per second) and compressed using MPEG2. The CAVIAR team members acted out six
basic scenarios. A ground truth XML version of the sequences is also available together
with the videos, describing each blob and labeling them with specific events. There are
29 sequences for a total of about 40K frames, with between 300 to 2500 frames each, all
hand-labeled. Like in most real visual surveillance contexts, only a few training samples
of the activities are available, which makes supervised learning especially challenging.

We use our proposed framework to classify both the short-term actions and long-
term activities happening in the video sequences. Since the ground truth data have

2 http://homepages.inf.ed.ac.uk/rbf/ CAVIARDATA1/
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been widely used by researchers to test specific stages of their long-term activity recog-
nition framework [15,26,24], we first use the ground truth data to train and assess the
clustering and classification stages of our framework (Section 8.1). Then, we consider
a real-life scenario, and only use the videos (without the feature extraction ground
truth) as inputs of the entire pipeline depicted in Figure 1, including the STVs feature
extraction tools (Section 8.2).

8.1 Recognition based on the CAVIAR feature extraction ground truth

To compare our system to previous works, independently of the low-level feature ex-
traction module, this section considers that the CAVIAR ground truth features are
provided as inputs to our clustering and classification tools.

The ground truth data are XML sequences labeled by humans, frame-by-frame.
Individuals and groups are tracked along the sequences, and have a unique identifier
in each sequence. For each of them, a bounding box is given, with its position and
orientation. They all have a context label, a situation label, a role label and a movement
label. The context involves the people in a sequence of situations, where it plays a role.
In the rest of the section, our proposed framework is named Pattern Trees, because the
patterns that are created by the clustering process are used as input to the classification
trees.

8.1.1 Recognizing short-term actions

The first experiment below tries to recognize the instantaneous movements of the people
in the scene, with the categories inactive, active, walking and running. Our goal is to
analyze our system performance on cases for which the events can be recognized on
short time intervals. In particular, we want to check if the clustering stage does not
act as a burden for the subsequent classifier, when events are simple and temporally
localized.

STV features are based on 12 consecutive frames belonging to the same class.
STV features are extracted every 6 frames, so that there is an overlap of six frames
between consecutive STVs. At each time-step, the sample is classified in one of the
four categories. It gives us a data set with very imbalanced classes (Table 8.2.1).

Table 2 Number of samples per classes

Inactive | Active | Walking | Running
893 1342 4438 134

From those samples, we run a 10-fold cross validation, where one tenth of each
class is kept for the validation. Results are given on table 3, where IN, A, WK and
R are the classes inactive, active, walking, running. We use the subscript 4 for the
actual classes and the subscript p for the predicted classes. In case (a), the Pattern
Trees method runs with all the features proposed in section 4, while in case (b) only
the features related to the change of position and the change of size (i.e. equation 2
and 3) are used. In case (c) and (d), we use an ensemble of randomized trees (ERT),
without any clustering stage.
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Table 3 Confusion matrix for the 4 classes inactive, active, walking, running

% [ INp | AP | WKp | Rp % [ INp | AP | WKp | Rp
INy 84.2 6 9.8 0 INy 85.7 9.2 9.1 0
Aa 4.3 82.1 12.5 1.1 Aa 4.3 82.4 13.3 0

WK 2.8 4.1 93.1 0 WK,y 1.2 4.8 92.6 1.4
Ry 2.2 13.3 38 46.5 Ry 4.3 8.7 36.8 50.2
(a) Pattern Trees, all features (b) Pattern Trees, selected
features

% | INp | AP | WKp | Rp % | INp | AP | WKp | Rp
IN4 84.2 5.5 10.3 0 IN, 86.9 4.8 8.3 0
Aap 2.7 84.6 12.7 0 Aa 2 86 12 0

WK 4 3 3.2 93.3 0.5 WK 4 1.1 3.1 95.8 0
Ra 6.4 9 53.3 32.3 R 2.6 5.7 39.6 52.1
(c) ERT, all features (d) ERT, selected features

Results from the ERT with selected features (case (d)) slightly outperform the re-
sult of the Pattern Trees with the same features. Indeed, the proposed classes can be
recognized on one single frame, without taking into account any temporal information.
Therefore, one of the advantages of using the pattern trees, which is the possibility to
benefit from the temporal arrangement between the patterns, does not help. Nonethe-
less, when using all the features, the benefit of the ERT method falls down, showing
that the Pattern Trees efficiently reduces the dimensionality of the classification prob-
lem.

Besides, we also observe that the results are quite poor on the classes having few
training data (i.e. mainly the class running), which is normal as the unbalanced data
issue is not taken into account during training. In Table 4, a balanced training set is
used, with 100 training instances from each classes. In contrast to previous results, the
class running gets the highest recognition rate.

Table 4 Confusion matrix, with a balanced training set and all features.

% INp Ap WKp Rp
IN4y 77.4 8.1 14.5 0
Aa 8.5 85.9 4.1 1.5

WK 10.2 3.6 7 9.2
Rp 2.4 0 5.3 92.3

The results presented in Tables 3 and 4 can be compared with the ones proposed by
Perez et al [24]. In their paper, they compare the recognition rate of 7 state of the arts
classifiers for the four frame-based activities inactive, active, walking, running. Like us,
they only use motion features based on the 2D centroid coordinates and the height and
width of each person’s blob. Table 5 presents the results that Perez et al. obtain with
4 selected features, on a small subset of the CAVIAR dataset. They use half of their
samples for training and half for validating, which leads to a very unbalanced training
set, similar to our case in table 3(b). Yet, they are using 4 video clips, and compute the
blobs features at each frame, while we are using 28 video clips and our STV features are
computed every 6 frames (which leads to less redundancy between the STV). As the
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preprocessing conditions are somewhat different, the comparison between the results
is not totally fair. Nevertheless, they reach a very poor (null) accuracy for the classes
with few training instances, which is not our case.

Table 5 Confusion matrices from the two best methods obtained with similar conditions in
Perez et al.’s paper [24]. It is not a percentage anymore but it shows the number of samples in
each classes. (a) They used here an HMM with a genetic algorithm to adjust the parameter of
the mixture of gaussian that define each state of the HMM. Four selected features were used
from 40 motion features.(b) Naives Bayes were used here, also with four selected features.

INp | WKp | Ap | Rp INp | WKp | ACp | Rp
TN, | 600 99 0 0 TN | 576 57 0 0
WK, | 190 | 1497 | 12 | 8 WK, | 202 | 1377 0 128
A4 0 170 0 0 AC, | 15 155 0 0
Ra 0 168 0 0 Ra 2 160 0 0
(a) (b)

8.1.2 Recognizing long term behaviors

In this section, we complete the above experiments by considering long-term behavior
recognition. The envisioned categories are Fighter (F'), Leaving Group (LG), Browser
(BR) and Left Object (LO), along with the category Walker (WK). Those are the
categories defined for each individual in the Role field of the CAVIAR ground truth
data. Our goal is to check the behavior of our system when the events tend to be more
complex and less localized temporally. The number of samples for those events are
given in Table 8.1.2.

Table 6 Number of samples per classes

WK | F | LG | BR | LO
Frame level 5723 | 77 28 607 | 227
Activity clip 58 10 10 23 11

In the first row, the numbers of STVs are given for each class. The unbalanced
issue is even stronger than in the previous experiments, with a huge part of the data
being in the class Walker. In the second row, the number of Activity clips belonging to
one of the categories is given, knowing that an Activity clip of activity A, is defined
by a time interval [t1,t2] with the following rules [15]:

Lgrd(tl) 75 Lgrd(tl - 1)7
Lgrq(t) = Ay, Vt € [t1, 2], (6)

Lgrd(tQ) 7é Lgrd(tQ + 1)

where Lg,.q(t) is the ground-truth activity label of frame t.

The classification performances are given in Table 7, for each class. The figures
provided in Table Table 7 correspond to the number of correctly classified samples from
one class over the total number of samples from this same class. The four columns of
the table correspond to four different experiments. In frame level I, each individual is
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classified at each time-step. Like in Section 8.1.1, no temporal arrangement between the
patterns are possible, since we are only considering one STV at a time. In frame level
1I, people are also classified at each time-step, but their STV features one second before
and one second after are taken into account. In this case, a sequence of 9 time-steps
corresponding to a 2 seconds interval is thus used for the training and the validation
of the Pattern Trees approach.

Eventually, the Pattern Trees are tested at the activity level, meaning that we make
a decision for a complete Activity clip. Specifically, in Activity level I, the decisions
made at each time-step in one Activity clip are used to infer a decision over the whole
clip. Because we are using an ensemble of trees, the classification at each time-step
defines an histogram over the classes, which is simply obtained by aggregating the class
decisions of the trees. Since one histogram is created at each time step, the method
Activity level I further aggregates them within an Activity clip to define the majority
class at the clip level. In Activity level II, finally, we don’t take the labels of each
frame into account anymore. Instead, each Activity clip constitutes one single sample
that is used for training and validating the Pattern Trees. Therefore, the number of
instances dramatically decreases (cfr. Table 8.1.2). Like in Table 4, we use a balanced
training set, which gives a better idea about the performance of our system. For all
those experiments, 10 independent trials are done with about 8 Activity clips chosen
at random for training, while the remaining clips are used for validation.

Table 7 Accuracy related to the 5 activities Walker, Fighter, Leaving Group, Browser and
Left Object, and four different procedures. See the text for detailed definitions of procedures.

% Frame level I | Frame level IT | Activity level I | Activity level II
WK 64.1 65.6 95 84.3
Fa 4.7 79.4 100 90.4
My 68.6 75.5 100 87
BRA 53.6 61.7 90.1 76.2
LB, 59.2 64.2 85.8 75.1

When analyzing the figures provided in Table 7, we first observe an increase of
the performance when switching from Frame level I to Frame level II, which tends
to confirm that exploiting temporal relationships with the Pattern Trees is beneficial.
Then, we note that the accuracy significantly increases when switching to Activity level
1. This is not surprising, but it provides a useful reference to compare our method with
the one of Lin et al.’s in [15] (see the next paragraph). Finally, results on the Activity
level II are especially promising. They show that very few training samples are needed
for the Pattern Trees to be efficient. Moreover, the scenario considered in this last case
is closer to a real life automatic visual surveillance system, where the expert might
only approximately label the video sequences to be used for as training instances.

Our results can be compared to Lin et al.’s work in [15]. There, the authors propose
to represent an activity by a combination of category components based on gaussian
mixture model. In order to recognize the activities, an algorithm to find the ”confi-
dent” frames in an activity clip is also developed. Like us, they test their framework
on the CAVIAR activities, both at the frame level and at the activity level. If their
recognition performances are especially good for simpler events like Inactive, Active
and Walking, they have a harder time recognizing activities Fighting and Leaving bag.
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The unbalanced data issue can explain part of these difficulties. However, the classes
Running and Fighting have almost the same number of instances, while the Fighting
class error rate is twice as much as the Running class error rate. This difference might
be due to the complexity of the Fighting class that needs a longer period to be rec-
ognized. Hence, we conclude that using a framework that is able to take into account
the temporal information between the STV seems to be valuable for more complex
activities.

8.2 Recognition of events from the CAVIAR video sequences
8.2.1 Performance on real life video clips

This section processes the CAVIAR video sequences, and not the ground truth dataset.
The objective is to assess the performance of our system in real-life conditions, for
which STVs features have to be extracted automatically. The events to be recognized
are listed in Table 8. They correspond to the 5 scenarios proposed by the CAVIAR
project. We added the event Sign which corresponds to the person showing in body sign
language the scene number in each original video clip. Those clips include several events.
We removed some parts of the data where none of those events was happening, and
we annotated the other parts with the appropriate classes. More detailed information
about this experimental procedure is available in [27].

Table 8 Events information

[ Events [| Number of clips [ Length |

Walk 10 5s
Browse 10 Ts to 15s
Left Bags 6 5s to 15s
Meet 6 5s to 10s
Fight 4 5s to 8s

Sign 15 8s

Each video clip is primarily segmented and filtered according to the proposed meth-
ods in section 4. Like previously, STV features are computed over 12 frames with a 6
frames overlap, which gives us approximately 4 time-steps per second to represent each
sequence. Only STV larger than 50 pixels are considered. The perspective given by the
camera field of view influences size, appearance and speed of the people in the scene.
However, we keep the initial image measurements, without trying to achieve viewpoint
invariance.

We used a 10-fold cross validation to validate our results. We have 6 classes, and
thus classifying them at random would give for each sequence 16.7 % probability to
obtain the right class. The performance of the system are presented in Figure 6, when
the number of training samples are increasing. It shows that our framework works
reasonably well with a great variety of events, and the performance tends to increase
rapidly with the number of training samples. Moreover, the proposed system appears
particularly robust to the input quality of the video. Indeed, despite our great attention
to reduce the noise, a lot of artifacts could not be taken out by an automatic process.
Nonetheless, it doesn’t seem to dramatically affect the recognition process.



23

Accuracy (%)

100 . T .
[ 13 LS perclass
90— 5 LS perclass | —
S LS per class
80— =
70— =
60— a
50— =
40— =
30

I
Sign Walk Browse Bags Meet Fight
Classes

Fig. 6 Accuracy of the system for each class, when the number of learning samples increases.

The sequences we are using to train the system are often more than 10 seconds
long, which lead to a great number of features, but still very few training samples.
Reducing the dimensionality of the data is therefore a very challenging problem in our
case, in order to avoid overfitting. From the huge set of available features in each data
sample (i.e. a video sequence), it becomes barely impossible to find the appropriate
combinations of specific features that can model each event. In order to reduce this
input data, most of the recognition systems use a priori information that makes strong
assumptions to support the detection of the foreground objects and their trajectories.
When using a Markov process, they also make strong assumptions while choosing
their states definition. At the opposite, our system makes no assumption prior to the
classification stage.

8.2.2 Note on computational efficiency

The proposed framework is designed for an automated visual surveillance system, thus
making it especially useful for real time application. This work has been implemented
in Matlab, and thus obtaining a real time system was not realistic. Nevertheless, one
could question about the computational efficiency of our framework.

Regarding the extraction of STVs features, we note that we are using a background
subtraction algorithm that has been implemented in real-time in [14], whilst the rest
of the feature extraction process simply computes the size and position of each blob.
Therefore, our approach should compare favorably to methods relying on optical flows
or on tracking algorithms.

Our machine learning algorithm is composed of two stages, during which ensembles
of trees have to be trained.

In the first stage a small set of randomized clustering trees are built. Accord-
ing to Moosmann et al.’s work [18], the worst case complexity for building a tree is
O(Tmaxz Nk), where Timaz is the number of trials at each node, N is the size of the
training set and k is the resulting number of clusters. However, in our framework we
are forcing the clustering trees to be reasonably well-balanced , which gives a practical
complexity of about O(Tmaz N log k). Moreover the value of Tmaz ~ O(\/E), with D
being the dimension of the data, as been suggested in [8], and is used in this work. It
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leads to a total complexity of O(\/EN log k) per trees, which can be compared with
K-means complexity, equal to O(DNk).

We obtain a similar complexity for the classification trees, meaning that the com-
plexity of our machine learning framework is about
O(nbejyst VDN log k + nbgjgss VDN log k), where nbejys: and nbegss are the number
of clustering trees and classification trees. The complexity of this process is therefore
close to the one of the ERT algorithm [8], whose computing time is comparable to the
Single CART Tree [4].

9 Conclusion and perspectives

This paper proposes a system that is able to recognize possibly sophisticated visual
surveillance events. From the recorded video sequences, our system first extracts spatio-
temporally local patterns of features, describing moving objects in the scene. It then
maps those patterns to a set of clusters that have been learned during the training
phase. Finally, an ensemble of randomized trees is used to learn and model the events as
a discriminative hierarchical combination of those patterns. This architecture allows in
a simple and generic way to deal with most of the challenges of visual event recognition.

Our experimental section 7 on simulated data proves the effectiveness of our frame-
work. Nonetheless, one of the main drawbacks is given on table 1. It shows that the
performance of the system decreases quite rapidly in crowded scenes. A solution was
proposed by training the system with clean data, which means asking the user to in-
dicate the objects actually taking part to the events. Further improvement could also
analyze how to use histograms of similarity between STV to enrich our model, along
with more appropriate features characterizing each STV or each frame more globally.

Finally, one important issue related to surveillance event recognition is the tedious
and expensive work of labeling the stored video sequences. By using a limited training
set, there is a danger of over-fitting the model, thus resulting in poor generalization to
unlabeled data. Semi-supervised learning is an approach that has been used recently
in event detection [30,35] for refining the models with both labeled and unlabeled
data. In our case, our primary strategy is to use an unsupervised clustering method for
dimensionality reduction purpose, prior to classify the data. We showed in section 8 that
our system is especially well suited to deal with few training samples and embarrassing
features. Future work will also look at using an active learning procedure in order to
add new training data online.
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