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Abstract

This paper describes a novel use of synthetic (simulated)
agents as training system that let us develop flexible prior
models for recognizing human interactions in a pedestrian
visual surveillance task. We demonstrate the ability to in-
corporate these prior models in a Bayesian machine learning
framework to accurately classify real human behaviors and
interactions with no additional tuning or training.

1 Introduction

Agent-based solutions have been developed for many differ-
ent application domains, and field-tested agent systems are
steadily increasing in number. We propose in this paper
a novel use of behavioral, intelligent agents [2, 3, 9, 1, 4]
as prior models and a source of training data for systems
that model humans. More specifically our synthetic agents
mimic various human interactions that typically occur in a
pedestrian plaza. We demonstrate the ability to use these
prior models to accurately classify real human interactions,
with no additional tuning or training. A major emphasis of
our work is on efficient Bayesian integration of both prior
knowledge (by the use of synthetic prior models) with evi-
dence from data (by situation-specific parameter tuning).

2 System Architecture

Figure 1 depicts the processing loop and main functional
units of our ultimate system (for an extended description of
the system we direct the reader to [7, 5]).

2.1 Visual Surveillance Subsystem

The visual surveillance system employs a static camera with
wide field-of-view watching a dynamic outdoor scene. A
real-time computer vision system [7] segments moving ob-
jects (pedestrians in this case) from the learned scene. For
each pedestrian an appearance-based description is gener-
ated, allowing it to be tracked though temporary occlusions
and multi-object meetings. Figure 2 shows the processing a
typical interaction in our pedestrian scenario.
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Figure 1: Top-down and bottom-up processing loop

2.2 Synthetic Behavioral Agent Subsystem

Our synthetic agents mimic human interactions. They can
be assigned various non-scripted individual and interacting
behaviors.

The parameters of this virtual environment are modeled
on the basis of the real pedestrian scene. Each agent makes
its own decisions depending on the type of interaction and
the perceived contextual information, such as its own and
other agents’ speeds, positions and directions of walk, as well
as by its own repertoire of possible behaviors and triggering
events.

The behaviors are hierarchically structured with: (1)
Primitive behaviors performed independently by each agent,
such as 'walk forward’ or ’change direction’. (2) Comples,
interactive behaviors to simulate human interactions. Trig-
gered by certain events detected by the agents’ perceptual
system, they are composed of the temporal succession of
simple behaviors.

The agents can perform five different interactions: (1)
Follow, reach and walk together (interl); (2) approach, meet
and go on separately (inter2); (3) approach, meet and go on
together (inter3); (4) change direction, approach, meet and
continue together (inter4); (5) change direction, approach,
meet and go on separately (inter5).

Proper design of the interactive behaviors also requires
synchronization between the sequence of simple behaviors



of each of the agents, as described in [6, 8].

The interactions can happen at any moment in time and
at any location, provided only that their precondititions are
satisfied. The walking speeds, duration of their meeting
time, changes of direction, and the starting and ending times
of the actions vary highly. This high variance in the quan-
titative aspects of the interactions confers robustness to the
learned models that tend to capture only the invariant parts
of the interactions.

2.3 Behavior Models: HMMs and CHMMs

Our goal is to develop a generic, compositional analysis of
the observed pedestrian behaviors in terms of states and
transitions between states over time such that (1) the states
correspond to our common sense notions of human simple
behaviors, and (2) they are immediately applicable to a wide
range of sites and viewing situations. Hidden Markov mod-
els (HMMs) are a probabilistic framework for modeling in-
dividual processes that have structure in time. However,
many interesting systems are composed of multiple interact-
ing processes, and thus merit a compositional representation
of two or more variables.

In order to model two interactive processes we have de-
veloped a more complex architecture than conventional
HMMs. It consists of two Coupled Hidden Markov Models
(CHMMs) ([7]); it is the coupling of two distinct processes
that models the interaction. In our case each process corre-
sponds to each of the pedestrians.

3 Experimental Results

Using the visual surveillance subsystem we obtained exam-
ples of various types of interactive behaviors, 2D blob fea-
tures for each person at each instant of time in several hours
of video and the corresponding feature vectors. In particu-
lar, examples of following and various types of meeting be-
haviors were detected and processed.

CHMMs were used for modeling three different behav-
iors: meet and continue together (inter3); meet and split
(inter2) and follow (interl).

In addition, an interaction versus no interaction detec-
tion test was also performed. HMMs performed much worse
than CHMMs and therefore we omit reporting their results.

We trained the CHMMs with two types of data: (1)
Prior-only (synthetic data) models: behavior models
learned in our synthetic agent environment and then di-
rectly applied to the real data with no additional traiming
or tuning of the parameters. (2) Posterior (synthetic-
plus-real data) models: new behavior models trained by
using as starting points the synthetic best models. We used
8 examples of each interaction data from the specific site.

Recognition accuracies for both ‘prior’ and ‘posterior’
CHMMs are summarized in table 2. It is noteworthy that
with only 8 training examples, the recognition accuracy on
real data could be raised to 100%. This results demonstrates
the ability to accomplish extremely rapid refinement of our
behavior models from the initial prior models.

One of the most interesting results from these experi-
ments is the high accuracy on testing the a priori models
obtained from synthetic agent simulations. The fact that
a priorl models transfer so well to real data demonstrates
the robustness of the approach. It shows that with our syn-
thetic agent training system we can develop models of many
different types of behavior —avoiding thus the problem of
limited amount of training data— and apply these models to

Testing on real pedestrian data

CHMMs | Prior | Posterior

No-inter | 90.9 100
Inter1 93.7 100
Inter2 100 100
Inter3 100 100

Figure 2: Left table: Accuracy for both untuned, a priori
models and site-specific CHMMs tested on real pedestrian
data. The first entry in each column is the interaction vs
no-interaction accuracy, the remaining entries are classifica-
tion accuracies between the different interacting behaviors.
Right figure: Typical interaction on the pedestrian plaza.

real human behaviors without additional parameter tuning
or training.
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